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Reducing blur in SAR images using Deep Learning
Victor Christoffersson
Jacob Lundberg
Department of Electrical Engineering
Chalmers University of Technology

Abstract
Saab develops a system called CARABAS that is a Synthetic Aperture Radar (SAR).
SAR relies on GPS equipment to correctly estimate the flight path during collection
of SAR-data. If the flight path estimation is faulty, the processed SAR-image will
contain blur and distorted targets. In order to remove the need for precise GPS
technology, or to reduce errors, this thesis has investigated deep learning methods
using convolutional neural networks to deblur processed SAR-images. Different ar-
chitectures have been investigated along with different loss functions. Pixel-wise loss
functions were tested against more complex losses like perceptual loss and adver-
sarial models. The perceptual loss and adversarial models used in the thesis shows
promising results on SAR-images created in a simulator, however when training on
real SAR-images they perform worse. Real images contain patterns that are hard to
classify as blurry or clear. The models were trained on crops where many of them
contained a lot of these patterns that the networks struggled to learn. When using a
sequential input to a recurrent network it was possible to improve the results, since
this provided the network with higher-level information. The results suggests that
deblurring SAR-images with deep learning is possible, however, further research is
required for real images.

Keywords: SAR, deep learning, CNN, neural network, deblurring, adversarial model,
perceptual loss, autoencoder, FCN.
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1
Introduction

This chapter provides a brief background to SAR and the problems that can occur
when creating a SAR-image. This is followed by how the thesis aims to solve them
and as well as a description of its delimitations.

1.1 Background
A SAR is mounted on a moving platform such as an aircraft to create high resolu-
tion images of the ground. The SAR-system collects data while flying over an area
for a certain distance and then processes the data as if it came from a physically
long antenna. In this way a long antenna aperture is synthetically created, and
a high resolution image can be obtained. Saab AB develops a SAR system called
CARABAS. The system, which operates in the VHF band, can be mounted on var-
ious aircrafts, from drones to airplanes.

The applications of SAR-images ranges from mapping surfaces of different plan-
ets to geology and oceanography on Earth. SAR can also be used to inspect forest
biomass, deforestation, monitoring volcanoes and earthquakes, environmental mon-
itoring such as oil spills, flooding and military surveillance. Many of these applica-
tions requires sharp images and blurry SAR-images can thus reduce the usability
and leave out important details.

During SAR-image formation, the flight path is saved while collecting data from
the ground. Since it is impossible to fly in a straight line, the flight path has to
be estimated using GPS-technology. The algorithm is sensitive to errors in the
flight path, therefore precise GPS-technology has to be used, making the equipment
expensive. If the flight path supplied to the algorithm is not correctly estimated
according to the actual flight path, positional or velocity errors can occur. Elimi-
nating the need for an expensive GPS therefore reduces both the cost of the system
and the need to rely on estimated information.

1.2 Problem description
Errors and uncertainties in the compensation for a non-linear flight path result in
blurry SAR-images. Reducing the blur in the image increases the amount of visible
details that an observer can distinguish. With the help of deep learning, the de-
pendency on expensive GPS-technology could be reduced. Deep learning has shown
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1. Introduction

great promise blur reduction on normal images [2], [3]. This thesis aims to investi-
gate if this is possible with SAR-images and to find a suitable architecture for the
task.

The number of SAR-images captured with the CARABAS hardware is limited and
considering the large amount of data required for supervised deep learning have to
be addressed. The methods in this thesis will therefore first be evaluated on sim-
ulated SAR-images. These will be created with a simulator trying that resembles
the CARABAS hardware. If the models are able to restore simulated images, they
models will then be further developed to work with actual SAR-images provided by
CARABAS.

1.3 Delimitations
This thesis will not evaluate methods for performing auto-focus during the cre-
ation of a SAR-image, but rather work on SAR-images that have been created with
errors. Algorithms for SAR-image creation exists and work whenever the correct
input is provided. The investigation aims to only improve SAR-images created with
CARABAS hardware, hence other hardware will not be considered. This is due to
the varying transmitting frequencies for different SAR systems.

SAR-images are represented by complex valued numbers. Although there is some
research on how to handle this, it is not common input for neural networks [4].
Therefore, this will not be investigated in the thesis. Another approach is to split
the complex numbers into two channels, one real and one imaginary [5]. This method
will instead be used to handle all complex numbers as input.

1.4 Thesis outline
The thesis is divided into 6 chapters. In chapter 2, necessary theory is explained
to understand the methods used in the report. The chapter also present previous
research and anchors the thesis relevance and foundation.

Chapter 3 explains the methods used and motivates their choice. The different
network architectures, loss functions as well as evaluation metrics are based on the
theory in chapter 2.

The results are presented in chapter 4. The different models are evaluated ac-
cording to different metrics. Examples predictions are also shown to visually be
able to judge the quality of the methods.

In chapter 5 the strengths and weaknesses of the different method choices are anal-
ysed. The discussions are based on comparison of the results. The chapter also
proposes what more can be done on the subject in the future. Finally, the conclu-
sions of the results and discussions are presented in chapter 6.

2



1. Introduction

1.5 Scientific contribution
This thesis introduces a new method to reduce blur in SAR-images. Currently
there exists few algorithms that are able to successfully reduce blur in SAR-images.
Processing SAR-data is usually time-intensive, however, a trained neural network
can process the input in seconds. The thesis provides a fundamental baseline to
continue further research within the SAR and deep learning field.

3
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2
Theory

The first part of this chapter, section 2.1, consists of basic radar and SAR theory.
The second and third part, section 2.2 and 2.3, serves as an introduction to artificial
neural networks, deep learning, and other fundamental concepts to understand the
methods used in the thesis.

2.1 Radar
Radar is an abbreviation that stands for Radio Detection and Ranging. Radar
use electromagnetic waves to detect and determine distance from objects. The
reflected signal from the source can be used to detect an object. The distance can
be calculated with the time between transmission and reception from the signal.
The received energy from the reflected signal is defined by the fundamental radar
equation:

E = PmGσAetot

(4π)2R4D
(2.1)

where E is the energy of the received signal, Pm is transmitted average power, G
antenna gain, the targets radar cross section σ, effective antenna area Ae and time
on target tot. In the denominator, the range to the target R and losses D. It can
be noted from the equation that the received energy decrease by a large factor with
the distance [6].

2.1.1 Frequencies
For radar systems, transmitted frequencies determine its purpose. Most airborne
radars transmit frequencies between 1-100 GHz. Laser radars normally transmits
frequencies around 100 THz. CARABAS transmits electromagnetic waves in the low
Very High Frequency (VHF) band, frequencies in the range 20-90 MHz, unlike most
Synthetic Aparture Radar (SAR) systems that transmits in higher frequencies [7].
This is lower than the Ultra High Frequency (UHF) band and higher than the High
Frequency band (HF). Lower frequency radars require large and heavy hardware
and the opposite is true for high frequency radars [6].

2.1.2 Synthetic Aperture Radar
Since SAR transmits signals in the low VHF band this enables penetration through
foliage and biomass. In order to obtain a high resolution, an unrealistically long

5



2. Theory

antenna is required. This is solved by synthetically creating the required aperture
length. The antenna will then act as if it was physically longer. The synthetic
antenna can be created by flying in a certain pattern along a selected area, where
stripmap mode is common practice. Figure 2.1 shows an illustration of the stripmap
pattern. During the flight, radar data is collected from different time intervals by
sending pulses towards the ground. A complex valued SAR-image can then be pro-
cessed from the collected radar bins in either the time or frequency domain. The
frequency domain assumes a linear flight track, hence the time domain is the appro-
priate choice for SAR since a linear flight path is physically impossible [7].

In order to create a focused image, the distance from the source to the reflection point
at each pulse has to be calculated with precision. The position can be estimated
with GPS that tracks the position of the aircraft when the signal was transmitted.
The precision of the distance will affect resulting image quality [8]. The distance
between the source and the reflection has a small error margin. The maximum
margin value is determined by the azimuth resolution. The azimuth resolution is
the smallest distance between two points that can be distinguished on the ground.
This resolution is approximately equal to half the length of the physical antenna. A
longer antenna allows for a larger distance error. In conclusion, the distance error
margin depends upon the equation:

∆L = δa

4 (2.2)

where δa is the azimuth resolution. The azimuth resolution can be calculated with
the equation:

δa = λc
2(v2 − v1) ∗

c

2B (2.3)

where λc is the wavelength, B is the bandwidth and (v2 − v1) is the angle between
start and end as seen from the ground to the aircraft, also known as the integration
angle.

Once the radar data has been collected along the flight path, it is gathered in
an NxM matrix. The complex valued SAR-image can then be calculated with
the backprojection algorithm from the radar data. Finally, the SAR-image can be
calculated with the 10-logarithm of the magnitude to display for the human eye [7].

6



2. Theory

Figure 2.1: SAR in stripmap mode.

2.2 Artificial Neural Networks

Artificial Neural Networks (ANN) are inspired by the functions of the human brain.
The human brain has several million networks consisting of interconnected neurons.
The brain sends electrical signals to learn and process information. ANNs are struc-
tured in a similar way, an input is passed trough neurons to be processed and output
a result. An ANN can be trained to solve complex problems since it can contain a
large amount of neurons and connections to estimate functions [9].

2.2.1 Feedforward Neural Networks
A feedforward neural network, or multilayer perceptron (MLP), is a subclass of
ANNs that consists of at least three layers, an input layer which does not modify
the input, a hidden layer that performs some operation on the input, and lastly an
output layer. The name feedforward comes from that information only flows in one
direction. The amount of hidden layers can be changed to an arbitrary number to
fit the intended purpose. The layers in turn can consists of an arbitrary amount
of neurons. Each neuron has a connection to all neurons in the previous layer and
takes the output of those neurons as input. These inputs are multiplied with the
neurons weights to calculate the activation:

zi,j = σ(wi,jzi−1 + bi,j) (2.4)

where zi,j is the output of neuron j in layer li and zi−1 are the outputs from layer
li−1. wi,j is the weight vector and bi,j the bias vector, both unique to each neuron. σ
is called an activation function, which can introduce non-linearities to the network
depending on the function. Examples of these are introduced in section 2.2.5 The
calculation can be written for each layer as:

zi = σ(W T
i zi−1 + bi) (2.5)

Where zi contains zi,j for all neurons, W T
i is a matrix containing all weighs vectors

wi,j , and bi contains all biases bi,j, for layer li [10].

7



2. Theory

Figure 2.2: A fully connected Neural Network with one hidden layer.

2.2.2 Training a network
The weights and biases in the network are adjusted during the training process. To
train the network, input x is first propagated forward through the entire network.
The network produces output ŷ = zN that can be one or several scalar values. The
aim of the network is to produce a prediction that minimises an error. The error is
usually referred to as a cost or loss function, which outputs a scalar value and is a
function chosen for the task.

The network does this with the help of the backpropagation algorithm [11]. Af-
ter the forward pass through the network, the gradient of the loss L with respect
to all weights and biases are calculated. When this is calculated the weights and
biases can be updated in steps, according to gradient descent:

wi,j(t+ 1)←− wi,j(t)− λ
∂L(t)
∂wi,j

(2.6)

where t is the current state and t + 1 the next state. λ is the learning rate that
determines the step size. This is often not enough to guarantee an optimal solution.
Other variations of gradient descent introduces a stochastic element to help getting
to a minimum. One of them is the Adam optimiser [12]. Adam replaces the standard
gradient descent update with the following calculations:

mt = β1mt−1 + (1− β1)∇θL(t)
vt = β2vt−1 + (1− β2) (∇θL(t))2

m̂t = mt / (1− βt1)
v̂t = vt / (1− βt2)

W t = W t−1 − λm̂t /
(√

v̂t + ε
) (2.7)

where mt is an estimate of the mean and vt an uncentered estimate of the variance
for the gradients over time. β1 and β2 controls their decay rates respectively. m̂t

8



2. Theory

and v̂t are the bias corrected versions of mt and vt because of initialisation to 0.
ε is a small term to avoid division by 0. When m̂t /

√
v̂t is small the stepsize will

be close to 0, this is works well since the ratio is usually small when the gradient
is close to an optimum. The parameters are calculated elementwise and thus allows
Adam to have an adaptive learning rate for each parameter of the network [12].

2.2.3 Supervised learning
Supervised learning is a category in machine learning where the dataset is paired
with some target. The desired output of the network is thus specified and the
networks learns a mapping from the input space to the target space. The cost
function can thus be based upon some distance between the networks prediction
and the target. This leads to a well defined cost function to minimise [9].

2.2.4 Dropout
During training of a model, there is a risk that the model will be overfitting. This
occurs when a model fits too well to a particular set of data. In neural networks it
usually means that the accuracy of the network is better on seen than unseen data
from the same dataset. To prevent this problem it is possible to use regularisation
techniques like dropout. A dropout layer allows for a more dynamic network ar-
chitecture by adding a probability that some nodes are excluded from the network
during training. The optimal probability value for most networks and datasets is
usually 0.5, thus a 50% chance that a node will be excluded [13].

2.2.5 Activation Functions
Activation functions are essential for neural networks. It enables complex non-linear
mappings between input and output. The output from the activation function is
then passed on to the next layer.

2.2.5.1 Sigmoid functions

The sigmoid function is a non-linear function that is derivable and defined for all real
values which makes it well suited for neural networks. The name sigmoid usually
refers to the logistic function that is calculated according to:

f(x) = 1
1 + e−x (2.8)

where large negative values are mapped close to 0 and large positive values are
mapped close to 1. Sigmoid is often used to calculate probabilities like for binary
classification where it is predicted whether the input belongs to class 0 or 1 [14].

The hyperbolic tangent (tanh) is a shifted and rescaled version of the sigmoid acti-
vation function. Unlike sigmoid it instead maps the input to the range -1 to 1 and
thus allows for a negative output. It is defined by:
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f(x) = 2
1 + e−2x − 1 (2.9)

where large negative values are mapped close to -1 and large positive values close
to 1 [9].

2.2.5.2 Rectified Linear Units

Rectified Linear Units (ReLU) is a common activation function for hidden layers and
has been shown to outperform sigmoid and tanh in deep networks. The function
sets a negative input to zero and can be written as:

f(x) = max(0, x) (2.10)

ReLU efficiently accounts for non-linear effects, where non-linear effects are outputs
that depend upon previous outputs [15].

A variation of ReLU is the leaky ReLU (LReLU). LReLU is calculated according
to:

f(x) =
{
x : if x > 0
αx : otherwise

(2.11)

where α usually is a small number between 0 and 1. It allows for a small gradient
when the value is lower than zero [16].

2.2.6 Convolutional Neural Networks
Convolutional Neural Networks (CNNs) are feedforward neural networks containing
convolutional layers. These layers differs from standard fully connected layers since
they use convolutions instead of standard matrix multiplications [9]. A convolution
is a mathematical operation that takes a weighted average over an arbitrary input.
In terms of images, the input is an image in the form of a tensor, where every pixel
is one element. The weights are in the form of a tensor typically referred to as
kernel. The kernel enables the network to catch spatial and temporal dependencies
in the input, something fully connected layers can not. The convolution is calculated
according to:

CONV (i, j) = (K ∗ I)(i.j) =
∑
m

∑
n

I(m,n)K(i−m, j − n) (2.12)

with kernel K and image I. Like in standard neural networks, a kernel with the
same size as the image could quickly cause the number of parameters in a network
to explode. For instance, an 100x100 image would need 10000 weights for each
neuron. This is solved by choosing a smaller kernel and traversing the image, thus
reusing weights more than once and reducing the load. How much the kernel moves
for every step is called stride, which also determines the output size along with the
kernel size. The kernel size also defines the receptive field for each neuron, an n×m
area in contrast to every input element in fully connected layers. The output for each
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convolution is often referred to as a filter. It is possible to use several convolutions
with different kernels in each layer and thus construct a feature map consisting of
several filters. Different features can thus be detected in the input at every layer [9].

2.2.6.1 Pooling layers

Pooling layers are a common occurrence in CNNs. Pooling layers modifies the output
of a layer which in turn enables the network be more invariant to translation [17].
This means that if features in an input image is for example rotated or moved,
the pooling layer can still output the same values unchanged by the movement or
rotation. Pooling layers outputs a summary of neighbouring values and can therefore
be used with a stride to downsample the output while still preserving dominant
features. This has the benefit of reducing the amount of parameters in succeeding
layers. One common pooling layer is max pooling, which outputs only the maximum
value for each n×m region [9].

2.2.6.2 Upsampling layers

Much like pooling layers reduce the size of data, upsampling layers increases the
size. The pooling operations are replaced by either interpolation or transposed
convolutions.

Bilinear Interpolation Bilinear interpolation takes a weighted average of the
nearest neighbours with known values to find the value of an unknown function at
a point (x, y). Using the four neighbours (i1, j1), (i2, j2), (i3, j3), (i4, j4), the problem
can be written as f(x, y) ≈ a0 + a1x + a2y + a3xy. The solution is then found by
calculating the coefficients by solving the linear equation system:


a0
a1
a2
a3

 =


1 i1 j1 i1j1
1 i1 j1 i1j1
1 i1 j1 i1j1
1 i1 j1 i1j1


−1 

f(i1, j1)
f(i2, j2)
f(i3, j3)
f(i4, j4)

 (2.13)

It is then possible to increase the resolution of an image by calculating pixels from
the lower resolution image [18].

Transposed Convolutions In interpolation, the weights are predefined but it
is also possible to upsample with learnable parameters. This is called transposed
convolutions, deconvolutions or fractionally strided convolutions. Transposed con-
volution is the inverse of a standard convolution but instead of being a many-to-one
operation it is instead one-to-many. The kernel traverses the image but by adding
a zero padding it is possible to upsample the image [19].

2.2.6.3 Fully Convolutional Network

Fully Convolutional Network (FCN) is a type of architecture used in image-to-image
translation tasks. FCN was originally developed for image segmentation [20], but
has also proven useful for other tasks such as object tracking [21] and deblurring
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of images [2], [3]. An FCN contains no fully connected layers and work with pixel-
wise predictions and thus the output is an image rather than a label, making an
FCN a regression network. An FCN uses the basic components of convolutional
networks, convolutional, activation, pooling, and upsampling layers. All layers have
spatial output of some size, height×width× channels. The target for an FCN loss
function is then usually a reference image.

2.2.7 Residual connections

Residual connections or skip connections is often used in deeper networks. The
concept, first introduced by [22], were to reduce the training error experienced by
adding more layers to a model already suitable for a problem. The idea of residual
connections is to make the deeper network perform at least as well as the more
shallow network in learning a mapping. If the desired mapping is denoted as H(x),
and the layers are fit to another mapping F (x) = H(x) − x, the original mapping
becomes H(x) = F (x) + x. With residual connections x should at least become an
identity mapping from the input of a block to its output. Then if F (x) = 0 the
network will at least preserve the input x and should theoretically do no worse than
without the residual connections. In networks with deeper architectures they have
proven to work well [2], [3], [22], [23].

2.2.8 Autoencoders

Autoencoders, or encoder-decoders are networks trained to learn a representation
of a dataset. The input is first run through the encoder and then passed on to
the decoder. The encoder receives the input and encodes it by changing its repre-
sentation, images are scaled to a lower resolution, however the output can contain
multiple feature maps. The output of the encoder is then passed on to the decoder
that attempts to recover the information to its original format, thus performing
some form of upsampling [9].

Figure 2.3: A simple autoencoder where the input is downsampled once and then
upsampled.
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2.2.9 Recurrent neural networks
Recurrent neural networks (RNNs) are used for processing sequential data. In an
RNN parameters can be shared between different parts of the model and this allows
for the usage of past information for future predictions. An RNN can be seen a
sequence of hidden states starting with the initial state h(0). The following states
are then calculated by updating the following equations for each time step t:

h(t) = σh(W hx
(t) + Uh(t−1) + bh)

o(t) = σo(W oh
(t) + bo)

(2.14)

U ,V , and W are shared weights matrices, b, and c shared bias vectors and σh,
and σo activation functions. o(t) is the output at time step t. The hidden state ht

is passed to the next unit in the RNN, thus propagating information through time.
The total loss of the network is the sum of the loss for each output according to
L = ∑

t L(t) [9]. The gradients can then be calculated with the backpropagation
through time (BPTT) algorithm, a generalisation of the standard backprogation
algorithm, and the parameters are updated accordingly [24].

A problem with RNN is exploding and vanishing gradients which makes it hard
to train [25]. Exploding gradients are when the magnitude of long term gradients
grow exponentially compared to short term ones and can arise during training when
weights are repeatedly multiplied with values larger than 1. Vanishing gradients
are in turn when the magnitude of long term gradients goes to zero resulting from
weights being repeatedly multiplied with values lower than 1 [26].

2.2.9.1 Long Short-Term Memory

To resolve the problems with exploding and vanishing gradients it is possible to use
a variation of RNN called Long Short-Term Memory (LSTM) [27]. LSTM is an
RNN with gates which makes it possible to control how to use input and memory
to update the next state. The gates themselves are learnable parameters and the
network can thus control how much of the previous information it should use in
the next state. The standard RNN units are replaced by LSTM units that contains
a cell, an input gate, an output gate, and a forget gate [28]. The cell part is the
memory unit of the network and has a self-loop. The input gate decides the flow if
information in to the cell, the output gate decides the flow of information out from
the cell, and the forget gate decides how much information that remains in the cell.
The states of the LSTM are calculated according to:

f (t) = σg(W fx
(t) + U fh

(t−1) + bf )
i(t) = σg(W ix

(t) + U ih
(t−1) + bi)

o(t) = σg(W ox
(t) + U oh

(t−1) + bo)
c(t) = f (t) ◦ c(t−1) + i(t) ◦ σc(W cx

(t) + U ch
(t−1) + bc)

h(t) = o(t) ◦ σh(ct)

(2.15)

where f (t) is the forget gate, i(t) the input gate, o(t) the input gate, c(t) the cell state,
h(t) the hidden state. σg, σc and σh are activation functions and ◦ is the hadamard
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product [9]. The control of information flow leads to a network that is able to have
a longer memory without exploding and vanishing gradients [27].

2.3 Loss Functions
Loss functions are necessary to measure the error of a network. This measure can
then be used to optimise the network parameters and thus reduce the error.

2.3.1 Pixel-wise Loss
Mean Square Error A commonly used loss function in deep learning is the Mean
Square Error (MSE). It is calculated as:

LMSE = 1
n

n∑
i=1

(ŷi − yi)2 (2.16)

The difference between the true values yi ∈ Y and the predicted values ŷi ∈ Ŷ are
squared and then averaged over the whole set n to compute the final loss [9].

Huber Another regression loss is Huber. It is defined as:

LH =


1
2(ŷ − y)2 if |ŷ − y| ≤ δ

δ|ŷ − y| − 1
2δ

2 otherwise
(2.17)

which makes it linear for large values of |ŷ − y| and quadratic for small values of
|ŷ− y|. By combining properties from MSE loss with absolute error Huber becomes
less sensitive to outliers than MSE [29].

2.3.2 Binary cross-entropy
The binary cross-entropy loss is used for measuring the error of predictions, usually
used for binary classification. It is calculated according to:

LBCE = − 1
n

n∑
i=1

(yi(log(ŷi) + (1− yi) log(1− ŷi)) (2.18)

Where yi is the true label and ŷi the predicted label [30].

2.3.3 Perceptual Loss
Perceptual loss is similar to MSE but instead of calculating the loss for each pixel
directly between output and target, perceptual loss instead calculates the loss by
measuring the differences of feature maps. These feature maps are generated from
a layer in a pre-trained convolutional network in order to catch semantic differences
between images. This yields a loss with the aim to create an image with similar
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features to the the original image. Using a feature map from an early layer makes
the loss look at low-level features, while later layers catches more high-level features.
The equation for the loss is as follows:

LP = 1
N ∗M

N∑
n=1

M∑
m=1

(f(y)n,m − f(ŷ)n,m)2 (2.19)

Where N ∗M is the dimension of the feature map f obtained from convolution of
the input image. The feature map is applied to both the sharp image y as well as
the predicted image ŷ [31].

2.3.4 Adversarial loss
Networks with adversarial loss has shown good results for deblurring images [2], [3],
[32]. The idea of the discriminator is to evaluate the results of the regressor. This
ends up as a system of two networks, a regressor and a discriminator with different
objectives. The regressor’s objective is to take samples from an input space and
produce samples in some output space. The discriminator’s objective however is to
distinguish the output of the regressor from real samples. This creates an adversarial
loss with the objective in the form of a min-max function:

min
R

max
D

Ey py(x)[logD(y)] + Ex px(x)[log(1−D(R(x)))] (2.20)

The regressor R is fed samples from some distribution Px. It then tries to create a
mapping from Px as close as possible to the real samples in the distribution Py. The
discriminator D is fed samples both from the real samples as well as the fake samples
generated by R. The aim of D is to distinguish real samples from fake samples and
providing feedback to R. In turn R attempts to get better at generating realistic
samples, and is thus trying to maximise the error of D. Training is done by applying
backpropagation to both networks in turns by first training D to apply the correct
labels to samples and then R is trained to minimise log(1−D(R(x)). This is then
repeated iteratively until a desired state is achieved. In theory D should be trained
to optimality for each iteration, but this is not always feasible and D can be trained
for some chosen amount of steps. R is optimal when it has created a mapping that
transforms xi into yi. This is equivalent to D predicting 0.5 for all inputs [33].

15



2. Theory

16



3
Methods

The content of the real and generated data and how to process it is explained in this
chapter. The different methods, network architectures, loss functions, evaluation
metrics and the training procedure is also featured below. Implementation specific
details can be seen in appendix B

3.1 Data

Two different datasets were used during the thesis, a simulated and a set with real
images. Detailed properties of the different datasets are specified below.

3.1.1 Artificial SAR-images
Artificial SAR-data was generated with the open source SAR-simulator RITSAR [1].
The final simulated dataset contained 8800 256x256 pairs of complex valued SAR-
images. The software was modified to scatter points across the field by randomising
x and y coordinates. These points were also created with randomised amplitudes
between 0 and 1. The amount of points varied randomly between 200 and 500. All
parameters were randomised in order to increase the variation within the dataset.
The simulator generates data by emulating a physical SAR platform. The simulator
offers two default platforms where both are modifiable. For the thesis, a default
platform that transmits within the UHF band was used. This platform transmits
frequencies similar to SAAB’s CARABAS system and hence produce similar data.
This platform can then used to generate a SAR-image that captures the scattered
points. The resulting SAR-image is calculated with a signal processing chain (global
backprojection) from the collected radar data. The resulting SAR-image is a com-
plex valued matrix with dimensions 256x256. A logarithmic magnitude image can
finally be calculated from the SAR-image with the equation:

I = 10 ∗ log10 |p|
max(|p|) (3.1)

where I is the resulting image and p is the complex valued SAR-image.

The collected radar data was generated by simulating movement along the y-axis
with a velocity of 25m/s. The same radar data could then be used together with
a modified UHF-platform that moved along the y-axis with a random speed in the
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interval 20-30m/s selected uniformly. Two different SAR-images could then be pro-
duced for each platform from the same radar data, one blurry and one focused image.
As a consequence, the platform with a random velocity results in a blurry SAR-image
since it is out of sync with the generated radar data. Figure 3.1 shows examples of
the resulting logarithmic magnitude images calculated from the SAR-image where
3.1a had incorrect velocity and 3.1b had the correct velocity.

(a) Blurry logarithmic SAR-
image

(b) Focused logarithmic SAR-
image

Figure 3.1: Examples from the simulated dataset where every sample have a
focused and a blurry version. The logarithmic magnitude for the images were cal-
culated with equation 3.1.

3.1.2 Real SAR-images

The real dataset captured with CARABAS contains 11 different terrains. Each ter-
rain consists of one image without a velocity error and 40 images with increasingly
large velocity errors. All errors were added during the signal processing and not
captured during the actual flight. A software available at Saab added errors to the
recorded positions according to a specified velocity before the images were processed.

The images originally have dimensions 4001x4001. After inspecting all 11 terrains,
the space where the aircraft was located during the pass was cropped out, resulting
in a new dimension ranging between 2401-2601x4001 pixels. This was necessary
since this area can not be properly calculated and was therefore excluded in the
training set. Despite the reduced dimensions, the resulting images was too memory
intensive for the available hardware and had to be cropped. The crops were taken
randomly over the image of size 256x256 or 1024x1024 depending on the network.
Additionally to prevent overload of the GPU memory, it also increased the variation
in the dataset.
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(a) SAR-image captured with CRABAS,
processed with a velocity error

(b) Focused SAR-image captured with
CARABAS

Figure 3.2: Example images from the training set captured with CARABAS. The
blurry image was artificially blurred by adding a velocity error during the signal
processing. The images can be seen in a higher resolution in appendix A.

3.2 Network architectures

Since the application of SAR-images for deep learning is a fairly unexplored area,
several architectures had to be investigated. The regression models are all FCNs
and autoencoders. The U-Net architecture is intended to work with smaller datasets
and was therefore considered a suitable candidate for the real dataset. The other
selected architectures combines some of the most successful techniques for blind
image deblurring and other image-to-image translation tasks.

3.2.1 U-Net

The U-Net architecture was evaluated to deblur SAR-images. U-Net is an FCN
originally used for image segmentation [23]. The architecture is inspired by the
FCN in [20]. Due to data limitations in the biomedical field it was intended to
work with smaller datasets which could make it suitable for the limited dataset of
CARABAS SAR-images. The first half of the network consists of four blocks with
two 3x3 convolutional layers with 64∗2n filters, where n is the block number starting
from 0, and ReLU activation functions. For this thesis however, a filter size of 32∗2n
was selected due to limited hardware. Each block is followed by a 2x2 max pooling
layer that downsamples the output, halving the width and height. The second half
of the U-Net is symmetrical to the first half but replaces the max pooling layers
with upsampling layers symmetrical in size, thus doubling the width and height
each time. Output from the high resolution filters from the early layers are copied
and concatenated with the upsampled filters of the same size in the later layers. This
is done by residual connections and allows propagation of high resolution context
information. The last layer of the U-Net has a softmax activation function that
outputs an image with the same size as the input. The loss function used in the
original U-Net is a cross entropy pixel-wise loss. For this thesis the final output
layer is changed to a linear output since it is not a probability.
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Figure 3.3: Architecture of the U-Net used in this thesis. The filter size is reduced
and the output layer is changed to linear, aside from the original paper.

3.2.2 Deblur regressor
The deblur regressor is derived from the DeblurGAN generator, created with the
purpose to perform blind image deblurring [2]. The first part of the regressor consists
of a convolutional layer with 64 filters followed by two convolutional downsampling
layers with 128 and 256 filters respectively. After the downsampling layers follows
residual blocks, with two convolutional layers with 256 filters each. These blocks
combine their input with their output with residual connections. The amount of
residual blocks can be specified since they do not change the shape of their input.
Seven blocks were used for all training, a smaller model than proposed in the original
paper, since adding more residual blocks did not improve the performance. The first
and the last convolutional layers use a kernel size of 7x7, the other convolutional
layers have the kernel size 3x3. All convolutional layers are followed by ReLU
activation functions, except the second layers in the residual blocks, and batch
normalisation. Sigmoid was used as activation function in the final output layer.

Figure 3.4: Architecture of the deblur regressor.

3.2.3 Effnet
Effnet is a convolutional neural network structure intended to be lightweight and
efficient yet accurate [34]. Effnet consists of so called Effnet blocks. Each block
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consists of a 1x3 depth-wise convolutional layer followed by 1x2 max pooling and a
3x1 depth-wise convolutional layer. The two convolutional layers replaces one 3x3
convolutional layer, with the benefit of being able to have a max pooling layer in
between to reduce the amount of parameters. At the end of each block is a 2x1
convolutional layer. Each block doubles the amount of channels starting with 32
channels in the first convolution. On top of the Effnet is a 10 node fully connected
layer. All hidden layers use LeakyReLU as activation function. This is followed by
an output layer with sigmoid as activation function, suitable for binary classification.

3.2.4 Discriminator network

The discriminator network consists of 4x4 convolutional layers with stride 1, followed
by LeakyReLU activation functions. On top of the convolutional layers is a fully
connected layer with 1024 nodes with a tanh activation function, followed by a an
output layer with a single neuron. The discriminator is a binary classifier with a
sigmoid output activation function, evaluating whether the image was generated by
the regressor or if looks similar to the distribution of the clear SAR-images.

3.2.5 U-Net with LSTM layers

The thesis proposes a modified version of U-Net that contains convolutional LSTM
layers. The kernel size is 3x3 and the filter size is 32, for each LSTM block. The
input to the network is a 1024x1024 image which is split into 16 256x256 segments,
that is, 4 rows with 4 images each. These segments are fed to all 4 convolutional
LSTM layers, where each layer takes one row as input. The output from the layers
are concatenated into a 1024x1024x32 tensor that is then provided as input to the
U-Net. U-Net produces a 1024x1024 linear output that is the restored image. The U-
Net in this case used transposed convolutional layers instead of bilinear upsampling.

Figure 3.5: Architecture of the U-Net with convolutional LSTM layers.
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3.3 Perceptual loss
Perceptual loss requires a network trained on relevant features for the dataset. To
achieve this, part of the artificial dataset, 500 blurry and 500 clear images, was
reserved for this task. The network was trained as a binary classifier between clear
and blurry images. The architecture used for this task was the Effnet described
in 3.2.3. The weights of the model that performed best on the validation set, a
10 percent subset from the full set, were selected. Feature maps from the first
convolutional layer in the second convolutional block were extracted and used to
calculate the perceptual loss.

3.4 Training
All training was done on a single GeForce RTX 2070 8GB GPU. The provided in-
puts were complex valued SAR-images supplied with logarithmic magnitude, derived
from the complex values. It was possible to train on the logarithmic magnitude alone
but when inspecting the images it was evident that information about target centers
appeared outside the image. Early testing revealed that the networks struggled to
capture these targets. When the complex values were supplied, the networks could
capture these targets better and therefore the complex values were chosen as input.
The complex values required processing since normally, a neural network is not able
to handle imaginary numbers. This was solved by splitting the complex numbers in
one real and one imaginary part, represented with real numbers of the same mag-
nitude, and placing them in different input channels. The logarithmic magnitude
was also supplied as a third channel to help the network in the initial phase of the
training. The output of the network was a one channel logarithmic magnitude image.

All networks were first trained on the artificial dataset before being trained on the
real dataset. This was necessary to ensure that the methods could successfully be
evaluated independently of the limitation of the amount of SAR-images in the real
dataset. U-Net and the deblur regressor were trained on simulated images with Hu-
ber, MSE and perceptual loss. Since the deblur regressor architecture was initially
intended be used together with a discriminator, it was selected to investigate adver-
sarial loss. Additionally, U-Net with LSTM layers were trained on real SAR-images
to be able to draw further conclusions about the architectures.

3.4.1 Normalisation
The SAR-images were normalised before being fed to the network with the equation:

pn = p

max(|p|) (3.2)

where pn is the resulting normalised SAR-image. The magnitude is calculated by:

m = |pn|
max(|pn|)

(3.3)
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where m is the resulting magnitude matrix. The combined results from the input
can be seen as a three channel tensor. The output from the network is the restored
magnitude mr, normalised.

3.5 Evaluation metrics
The models were evaluated with a few different evaluation metrics. The two metrics
PSNR and SSIM are both full-reference methods, and compares an image to a
baseline image, which in this case is the clear image. These metrics are often used to
evaluate the performance of reconstruction algorithms and other deblurring methods
[35], [36]. In addition to these metrics, differences between targets in the SAR-images
has also been used.

3.5.1 PSNR
Peak Signal-to-Noise Ratio (PSNR) measures the ratio between the maximum pos-
sible value and the value of the noise that affects the quality. The signal is then the
original image and the noise is the error of a test image compared to a reference
image. The metric is calculated according to:

MPSNR(y, x) = 10 ∗ log10

(
MAX2

p

MSE(x, y)

)
(3.4)

where x is the image to measure and y the reference image. MAXp is the maximum
possible value of a pixel in the image. In the case of 8bit images this is 255. MSE(x)
is the pixel-wise mean square error of image x calculated according to equation 2.16
[35].

3.5.2 SSIM
The Structural Similarity Index (SSIM) is intended to better measure visual quality
according to the human visual system. It measures perceived change in structural
information as opposed to absolute errors like MSE or PSNR. It bases its calculations
on luminance, contrast and structure and is calculated according to:

MSSIM(y, x) = (2µxµy + c1)(2σxy + c2)
(µ2

x + µ2
y + c1)(σ2

x + σ2
y + c2) (3.5)

Where x is the image to measure and y the reference image. µx and µy is the mean
value for x and y respectively. σ2

x and σ2
y is the variance and σxy the covariance.

c1 = (k1 ∗ MAXp)2 and c2 = (k1 ∗ MAXp)2, with k1 = 0.01 and k2 = 0.03 set
accordingly to the original paper [37].

3.5.3 Target differences
SSIM and PSNR are two metrics that are usually used for normal images. To further
investigate the quality features typical to SAR other metrics have been used. Since
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the SAR-image consists of many targets the quality of the restored targets have
been measured against targets in the reference images. The distance between the
brightest pixel of targets in the restored images were measured against the brightest
pixel of the corresponding reference targets. This aims to measure how well the
network keeps positions in the image. The distance was calculated according to
euclidean distance. To measure how well the networks pertains the strength of the
different targets, the difference between amplitudes were also measured according
to the same selection of pixels as the distance metric.
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4
Results

The results for the different methods are featured in this chapter. Plots for the losses
are presented along with example images from the test set for visual inspection. The
sections are divided in simulated and real images.

4.1 Simulated images

U-Net and the deblur regressor were trained on the simulated training dataset con-
sisting of 8000 blurry and 8000 clear SAR-images. Different loss functions were
evaluated for each architecture. The deblur regressor architecture was trained both
with and without adversarial loss. Quantitative evaluation is presented as a sum-
mary for all models. All example plots are based on predictions of two different
blurry images that were excluded from the training set.

4.1.1 U-Net

U-Net was trained with Huber, MSE and perceptual as loss functions. Adam was
used for optimisation with a learning rate of 10−4. The model was trained for
200 epochs with a batch size of 1, for each loss function. All losses had a steady
downwards trend without any vanishing or exploding gradients during the training.
The training took approximately two days to complete per loss function. The loss
still decreased after 200 epochs for the different losses but due to time limitations it
was enough to get a satisfactory result.

(a) U-Net Huber (b) U-Net MSE (c) U-Net Percept

Figure 4.1: Loss plot during training of the three different loss functions with
U-Net.
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4.1.1.1 Huber

U-Net with huber achieves a PSNR score of 21.44 and an SSIM score of 0.67. The
predictions catches the overall structure of the targets and successfully predicts
position and gets a target distance mean of 1 and amplitude mean of 5.67. As can
be seen in the examples predictions, the targets appears to be smoother that in the
clear images. Almost all targets at the edge of the images are captured.

Figure 4.2: Two example plots of test data restored with U-Net architecture using
Huber as loss function.

4.1.1.2 MSE

U-Net with MSE achieves a PSNR score of 21.52 and an SSIM score of 0.67. The
model is able to restore the general structure of the targets and is able to successfully
restore target amplitudes. The model receives a target distance mean of 1.75 and
amplitude mean of 1.67. The target predictions seems to be overly smooth. Most
targets at the edge of the images are captured.
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Figure 4.3: Two example plots of test data restored with U-Net architecture trained
with MSE as loss function.

4.1.1.3 Perceptual

U-Net with Perceptual receives a PSNR score of 20.98 and SSIM score of 0.66. The
predictions show that perceptual loss is able to capture the targets well and is able
to restore them in an not overly smooth manner. The target distance mean is 1
and the amplitude mean is 3. The model is able catches most edge targets, however
some are missed.
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Figure 4.4: Two example plots of test data restored with U-Net architecture trained
using perceptual loss.

4.1.2 Deblur regressor

The results for the deblur regressor explained in section 3.2.2 are presented below.
The network was trained using Huber, MSE and perceptual loss. It was trained on
200 epochs with batch size 1. Adam was used for optimisation with a learning rate
of 10−4. The training took approximately 2 days to complete for each loss function.

(a) Deblur regressor Huber (b) Deblur regressor MSE (c) Deblur regressor Percept

Figure 4.5: Loss plot during training of the three different loss functions with the
deblur regressor.

4.1.2.1 Huber

Huber gets a PSNR socre of 18.5 and SSIM of 0.48. Target distance mean is 9.03
and amplitude difference mean is 31.33. Huber is able to restore most of the targets
but the edges look smooth as can be seen in the predicted examples.
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Figure 4.6: Two example plots of test data restored with the deblur regressor
architecture, trained with Huber as loss function.

4.1.2.2 MSE

MSE receives a PSNR score of 18.67 and SSIM score of 0.48. It is possible to see
from the predictions that MSE restores the targets but results in smoother targets
in comparison to the clear images, and some of the targets in the edges are missing.
Target distance mean is 8.36 and amplitude mean is 33.

Figure 4.7: Two example plots of test data restored with the deblur regressor
trained with MSE as loss function.
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4.1.2.3 Perceptual loss

Perceptual loss receives a PSNR score of 19.14 and SSIM score of 0.57. It is possible
to see from the predictions that perceptual loss restores the targets but fails to
replicate their side lobes. The images also looks overly clear, compared to the clear
reference images Target distance mean is 4.05 and amplitude mean is 8.67.

Figure 4.8: Two example plots of test data restored with the deblur regressor
architecture, trained with perceptual loss.

4.1.2.4 Adversarial loss

The regressor was combined with the adversarial network explained in section 3.2.4
to create the adversarial loss training. Perceptual loss was used for the regressor
along with the adversarial loss. The training took approximately 2 days to complete.
Adam was used for optimisation with a learning rate of 10−4. The batch size used
was 8. The loss weights ratio was set to 1:1 between perceptual and adversarial
loss. The training was stopped after 140 epochs, the generator collapsed and this
resulted in increasingly worse predictions. The generator weights that are used for
predictions in images 4.10 was achieved at epoch 65. The model receives a PSNR
score of 14.32 and SSIM of 0.18. Target distance is 13.35 and amplitude mean 3.67.
It is possible to observe from the example predictions that they look very similar to
the clear images in style but fails to capture the targets well.
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Figure 4.9: Loss plot of adversarial deblur regressor with a binary discriminator.

Figure 4.10: Two example plots of test data restored with the deblur architecture
using a binary critic.

4.1.3 Evaluation

The different models were measured with the score metrics explained in section 3.5.
U-Net with Huber loss performs the best for PSNR and SSIM while perceptual U-
Net loss performs the best for target differences. The scores for PSNR and SSIM
is the mean for predictions on 800 simulated SAR-images that were not included in
the training set.
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Method PSNR SSIM
No deblur 14.71 0.26

U-Net Huber 21.44 0.67
U-Net MSE 21.52 0.67

U-Net Percept 20.98 0.66
Reg Huber 18.5 0.48
Reg MSE 18.67 0.48

Reg Percept 19.14 0.57
Reg Disc 14.32 0.18

Table 4.1: Image quality scores for restored images with different methods mea-
sured against the clear image as reference. Higher PSNR and SSIM score is better.

Method Mean Median Max
No deblur 17.37 26.02 26.08

U-Net Huber 1 1 2
U-Net MSE 1.75 2 2.24

U-Net Percept 1 1 2
Reg Huber 9.03 12.04 12.04
Reg MSE 8.36 11.05 13.04

Reg Percept 4.05 3.16 8.0
Reg Disc 13.35 18.03 21.02

Table 4.2: Distance from the brightest pixel of the restored targets to the clear
reference targets.

Method Mean Median Max
No deblur 25.33 37 38

U-Net Huber 5.67 8 9
U-Net MSE 1.67 1 4

U-Net Percept 3 1 8
Reg Huber 31.33 40 54
Reg MSE 33 36 63

Reg Percept 8.67 9 15
Reg Disc 3.67 4 7

Table 4.3: Difference in amplitude between the brightest pixel of the restored
targets to the clear reference targets.
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4.1.4 Dense image evaluation
100 additional simulated SAR-images were created to compare network performance
based on the amount of targets in an image. 10 images were created with 500 targets,
10 for 1000, and so on until 4500 targets is reached. The plot in figure 4.11 displays
the average of the mean absolute error between the restored images and the focused
reference images, based on logarithmic magnitude difference. All images had the
same velocity error 20m/s, when the actual velocity was 25m/s. For U-Net the
perceptual loss performs better than Huber and MSE. For the deblur regressor,
adversarial performs the best, while the other loss functions performs slightly worse
in comparison to any loss for U-Net.

(a) U-Net (b) Deblur regressor

Figure 4.11: Average of mean absolute error from predictions on simulated data
based on the different models.

4.2 Real SAR-images
The performance of the two networks evaluated on the simulated dataset was sig-
nificantly worse on the real dataset. Because of this an additional network was
evaluated to be able to conclude the performance on real data. When perceptual
loss was trained to find important features for the real images it was not possible
to get good results, even with more complex network architectures than Effnet.
Because of this, perceptual loss has not been evaluated for real SAR-images.

4.2.1 U-Net
The U-Net architecture was trained twice for 200 epochs on the real SAR-image
dataset. The first model was trained with transfer learning with predefined weights
from 4.1.1.1. In the transfer learning scenario, the learning rate was set to 10−6

in order to slightly adjust the weights. The other training scenario initialised the
weights with Glorot uniform [38] and instead used learning rate 10−5. Adam was
used as optimiser in both scenarios together with batch size 1. Weights were selected
when the loss was minimal in both scenarios. It is observable that the transfer
learned model had a more stable training loss and converged faster. Both models

33



4. Results

result in a blurry and smooth results that did not resemble the focused image. The
two examples images were not included in the training set.

(a) U-Net with transfer learning (b) U-Net with random weight initialisation

Figure 4.12: Two example plots of real SAR-images restored with a U-Net archi-
tecture that initially had the weights from 4.1.1.1.
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Figure 4.13: Two example plots of real SAR-images restored with a U-Net archi-
tecture that had random weight initialisation.

4.2.2 U-Net with LSTM layers

U-Net with LSTM layers was trained on real images captured by CARABAS. The
network was trained for 600 epochs with batch size 1. The input dimensions
1024x1024 was the maximum size for the GPU memory on the available hardware
therefore batch size 1 was the only option. The input dimensions from previous
models were also increased to provide the network with more information. Adam
was used for optimisation with the learning rate 10−4. Huber was used as loss func-
tion. The example images are taken from the last epoch. The output manage to
restore important targets but change the style of the dense terrain from the focused
image. The two example images was not included in the training set.

Figure 4.14: Training loss for real SAR-image input to U-Net with LSTM layers.
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Figure 4.15: Two example plots of real SAR-images restored by U-Net with LSTM
layers. The output is the magnitude and the input is a 3 channel tensor, complex
and magnitude.

4.2.3 Evaluation

The models trained on the real dataset were evaluated based on a test set consisting
of 100 real SAR-images with random velocity errors. The images were cropped
randomly from 9 different full size images that were not included in the training
set. Similar terrain could however have occurred in the training set. The box plot
in figure 4.16 displays the mean absolute error between the restored images and the
focused reference images. U-Net with and without transfer learning show only a
small error and low variance. U-Net with LSTM has a much larger error, where the
smallest value is higher than the other models.

Figure 4.16: Box plot for the three models trained on CARABAS images, evalu-
ated on the test set.
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4.2.4 Satellite comparison
U-Net with LSTM layers was able to restore prominent features in the blurry SAR-
image. It was the only model that was able to do this and was therefore selected
for this comparison. An image of resolution 3072x2048 was restored by splitting the
input in different segments of size 1024x1024. The restored image was then compared
to a satellite image to observe how well it resembles the terrain. The blurred image
is the most distinct from the satellite terrain and thus have the least practical
use. When the focused and restored image is compared it is arguable that the
restored image provide useful information. The restored image resembles the terrain
more similar to the satellite image and it is also easier to pinpoint distinct trees
in comparison to the focused image. Random parts of the terrain are potentially
included in the training set, however, the specific error visible in the image are not.

(a) A blurry sample image from the test set
that was given as input to the network

(b) The same image from the test set with
original focus

(c) The corresponding field from the test
set taken with satellite view from Google
maps

(d) The same view restored with the U-Net
LSTM network

Figure 4.17: SAR-image comparison to satellite image.
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5
Discussion

The results show that it is possible to restore features from blurry SAR-images, both
simulated and real (to a certain extent). This chapter will discuss the results for the
different methods as well as compare their performance on the real images.

5.1 Simulated images
The models show that it is possible to restore simulated blurry SAR-images. The
models successfully corrects the appearance of the targets and are able to position
them correctly. The models also performed well with a large amount of targets in
the image.

5.1.1 Model comparison
All non adversarial models were able to increase the PSNR as well as SSIM score
of the images. In this regard, all U-Net models performed better than the deblur
regressor models when comparing the same metrics to each other. The first main
difference between the two architectures is the usage of max pooling layers in U-Net,
rather than the deblur regressor’s convolutional strides to downsample the input.
Max pooling only keeps the most prominent features in each neighbourhood and
this suggests that it better propagates important features rather than convolutional
strides. The second main difference of the models is how residual connections are
used. In the deblur model, add connections were used, rather than U-Net’s concate-
nation connections. With add connections the information is iteratively propagated
and refined through the network. The concatenation layers instead retains more of
the original information deeper in the network. Both of these differences results in
a network that keeps information rather than manipulating it. This also makes the
network easier to train since it does not need to tweak parameters in order to do
this.

5.1.2 Loss function comparison
When comparing the loss functions, results varied between the models. For U-Net
the loss functions performed similarly between the pixel-wise losses Huber and MSE
as well as perceptual. Huber performed better for PSNR and SSIM than perceptual
loss, they performed equal on target distances, however, perceptual achieved a bet-
ter score when amplitudes were compared. The results shows that all loss functions
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are able to reduce the blur in the images. This also suggests that U-Net is robust
for different loss functions. The deblur regressor had a higher variation between loss
functions compared to U-Net. Even though the PSNR and SSIM was improved for
the traditional loss functions. MSE achieved a worse score than perceptual in all
regards, significantly so at restoring target positions. Perceptual was on par with
the U-Net models for PSNR and SSIM but slightly worse at restoring target charac-
teristics. This further suggests that the deblur regressor architecture is less robust
than the U-Net architecture.

The adversarial loss models showed to be unstable to train which has also been
suggested by earlier papers [33], [39]. This made it hard to get the model to con-
verge. Looking at the loss plot for the model, the loss seemingly increases. The
model resulted in worse evaluation scores, compared to the other loss functions,
except for target amplitudes where it outperforms perceptual loss. Looking at the
example predictions, the images look the most similar in style to the focused images
in comparison to the other models, however, the model fails to correctly restore
target positions. It is possible to weigh perceptual loss higher during training, but
whether style or correct positions is most important has to be taken into consider-
ation.

5.2 Real images
The models performed worse on real images. The U-Net model trained with and
without transfer learning got a similar result where both models produced smoothed
versions of the blurry images and fails to restore the targets, even more prominent
ones. Both models got similar evaluation scores which is seemingly low. The transfer
learned model was more stable to train but did not result in any better predictions.
None of the models that were successful on simulated models were thus able to per-
form well on real images.

The U-Net with LSTM layers is the only model that resulted in improved pre-
dictions. The training of the model using the real dataset was more stable than
the other models. When visually inspecting the results and comparing the most
prominent reflectors, a majority of blurry features are restored, and closely resem-
bles the focused reflectors. The image also appear to contain less blur around edged
to darker areas. This suggests that the network is able to extract additional in-
formation by using sequences of images as input to LSTM layers. The model does
however get a high evaluation score, which is contradictory since in comparison to
the other models, the LSTM model is the one that looks visually the best.

When comparing the simulated images to the real images it is possible to explain
why the results were worse. Simulated images have separate distinct targets between
focused and blurry images. This made it easy for the network to find features and
predict corrections. The real SAR-images lacked the distinctness between features
and only larger points could be distinguished as focused targets like the simulated
images. Most of the terrain looked similar in structure between focused and blurry
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images. This can be explained by the fact that when collecting SAR-data there are
a lot of reflectors.

In the simulated images it is only possible to create one target per pixel, while
in the real images, it is possible to get more that one reflector per pixel, resulting
in denser images. Terrains such as dense forests visible in figure 3.2 have a high
target density and thus targets are merged and creates structures that are hard to
identify as distinctly focused or blurry. As can be seen in 4.1.4 the networks also
have a slight problem with simulated images when the targets are densely packed.
The more dense the points are in an image, up to a certain point, the worse is the
restoration. This suggests that it is hard to restore real images, since they primarily
consists of these structures. During the training process of perceptual images the
networks were unable to consistently classify images as blurry or focused, further
suggesting that there is a problem with finding distinct features. A network using
recurrent layers was not tried to binary classify between focused or blurry images.

Inspecting the full SAR-images it is possible to identify the images as blurry when
looking at a reference image. When focusing on smaller parts without bright in-
dependent reflectors it is however not possible to distinguish the structure in the
images. This suggest that it could be possible for a network to produce better re-
sults when training on full images, thus getting a better view of the larger structure.
This however would require better hardware. Another problem with the real images
were the information that the terrains provided, primarily forested areas, proved
to be challenging. SAR-images taken over cities often contain more distinguishable
features such as buildings and roads. Another way to get around the problem of
non-distinguishable features could be to only use parts of the images with distin-
guishable features. This would however require a larger dataset to train a model
that is able to generalise well.

5.3 Future work
The methods show great promise for blur reduction in both simulated and real
images. Application on real images requires further investigation however. One po-
tential solution is to collect more real SAR-image data which could lead to better
training and generalisation. Another approach is to test the models with better
hardware to provide full image input. This could lead to a model that can handle
dense terrain since the differences are more apparent in the full images.

Another area without that require further investigation is how to handle complex
numbers as input to neural networks. This thesis demonstrated that it is possible
to split the real and imaginary parts of complex numbers and feed them as separate
channels and get good results. Further research could therefore focus on neural net-
works that can handle complex numbers without imaginary and real separation in
order to compare these results.

Further work could also include correcting flight paths rather than images. Since
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the faulty flight path is available along with the blurry images, a model could take
these as input and then output a correct flight path, or a correction to the faulty
path. From this new flight path the image could then be processed from the raw
SAR data into a focused image.
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6
Conclusion

The purpose of this thesis has been to evaluate deep learning methods for deblur-
ring SAR-images. The results showed that is was possible to get good performance
on simulated images for several methods. It was evident that both pixel-wise loss
functions and perceptual loss could reduce blur for the proposed models. Blurry
targets could be restored to look like clear targets, while keeping the positions fairly
intact. The adversarial model showed worse results for restoring targets, but can be
useful for preserving the style of the images.

For real images the results were significantly worse. None of the models that per-
formed well on simulated images could restore real images to a satisfactory level.
The images contained a lot of features that were not distinctly blurry. Many of the
cropped images contained a pattern that were caused by dense trees which made it
hard for the networks to learn. Because of hardware limitations it was not possible
to use full-sized images as input. It is believed that this could potentially reveal
more information for the network and thus yield better results on the real images.
The model with LSTM layers provides the network with more information of the full
image since it receives a sequence of cropped images. This was the only model that
was able to restore some of the more prominent targets in the images. This suggests
that models with recurrent layers are a promising candidates for further investiga-
tion. However further tests are needed using better hardware to make use of the full
images along with more data to be able to draw more conclusions about real images.

The thesis also found that when working with complex numbers it is possible to
divide the real and imaginary parts into different channels and get a good result
when using convolutional layers. Using convolutional networks that can take com-
plex numbers is another approach that has not been investigated in this thesis, but
could possibly improve the results.
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A
Real SAR-images

Examples of SAR-images from the real dataset in higher resolution.
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A. Real SAR-images

(a) Blurry SAR-image captured with CARABAS

(b) Focused SAR-image captured with CARABAS

(c) SAR-image restored with U-Net with LSTM layers

Figure A.1: Blurry and focused SAR-image of the same motive as well as a restored
version.
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B
Frameworks

All development was done in python. The following frameworks were used for the
neural network training process and data pre-processing:

• Tensorflow
• Keras
• Numpy
• Pandas
• Pillow
• Scipy
• Matplotlib
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