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Relative Pose Regression using non-square CNN kernels
Estimation of translation, rotation and scaling between image pairs with custom
layers
JONAS KARSTRÖM
ÖRJAN LANDGREN
Department Mechanics and Maritime Sciences
Chalmers University of Technology

Abstract
Localisation is a research field where handcrafted and complex engineering methods
have so far given the best results. However, a general trend in computer science
is that data-driven approaches often outperform classical methods. These data-
driven approaches have been enabled by better high-resolution range sensors and
vast amounts of data. End-to-end deep neural network approaches have much better
scalability, but the state of the art localisation networks still use designs originally
developed for image classification. These are necessarily not the best-suited design,
as they aim to achieve a different task than relative pose regression.

We show that custom input layers designed to predict translation, rotation or scaling
between images are a possible solution. The networks tested in this thesis give good
results, but do not outperform a baseline neural network with the same design as a
neural network initially made for image classification.

Keywords: Convolutional Neural Network, Kernel, Layer, Localisation, Machine
Learning, Relative Pose Regression, Visual Odometry.
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1
Introduction

Since the turn of the century, the market for automated commercial vehicles (ACVs)
has grown at an increasing rate. There is still a large potential for expansion in the
ACV market. New and smarter ACVs are on the horizon, from small automated
cars to automated hauling trucks for mining operations.
To enable this kind of expansion, robust, reliable, and accurate navigation is nec-
essary for safe deployment in complex environments. Navigation consists of many
sub-problems, one of them is localisation, which will be the focus of this thesis.
Examples of ways to measure movement, that can be used to do localisation are:

• Wheel-odometry uses motion sensors that measure the rotation of the vehi-
cle’s wheels. From these sensor readings, the vehicle’s movement over time is
estimated.

• Inertial measurement units (IMUs) consists of accelerometers, gyroscopes and
sometimes magnetometers. IMUs are commonly used to estimate acceleration,
angular velocity and angle.

• Light detection and ranging (LiDAR) uses lasers to measure the distance to
objects in the environment, this can be used to estimate the change in position.

• Visual odometry (VO) is a method to estimate the ego-motion of a camera,
which is the change in position and rotation of where two consecutive photos
were taken.

Dead reckoning (DR) is the process of calculating the current position given knowl-
edge of the movement from an initial position. DR is a relative localisation method
and it suffers from accumulative error. Wheel odometry, IMU and VO are used to
estimate a relative change in pose and can be used for DR.
To be able to synchronise the movement methods such as simultaneous localisation
and mapping (SLAM) can be used. SLAM both localise and simultaneously map
a previously unknown environment. The map is continuously updated to make the
localisation globally consistent.
To update the map the SLAM algorithms often perform loop closing and bundle
adjustment (BA) which, if successful, gives a globally consistent map. This enables
global localisation with sensors that are made for relative localisation.
Another strategy for doing localisation is the global navigation satellite systems
(GNSS), which uses satellites to triangulate the position of a GNSS receiver. GNSS
is an absolute localisation method with a geocentric frame of reference and does not
suffer from accumulative errors.

1



1. Introduction

1.1 Related work
The area of mobile robotics has interested and engaged researchers all over the world
for decades [1]. To grasp a rapidly changing research field can be a difficult task.
Reading an overview such as [1] or [2] is recommended for the uninitiated.

1.1.1 Visual odometry
Visual odometry, or VO, as previously stated, is the task of estimating the relative
pose of two cameras. VO is a part of the bigger field called “Structure from motion”,
which purpose is to estimate a relative pose and the surrounding environment. The
most common approach to do VO includes the following steps [3]:

1. From an image sequence extract features
2. Match and track the features across cameras and between consecutive frames
3. Do motion estimation

There are many ways to extract features, using detectors to find them and descriptors
to describe them. Some well-known combined feature detectors and descriptors are
SIFT [4], SURF [5] and ORB [6]. ORB combines the BRIEF [7] descriptor and
FAST [8] feature detector. The matched features are triangulated to estimate the
ego-motion and are optimised using a robust fitting algorithm such as RANSAC
[9]. BA [10] is often used to further optimise the camera trajectory and the map
representation if a SLAM system is used.

1.1.2 Visual simultaneous localisation and mapping
Visual simultaneous localisation and mapping (V-SLAM) is SLAM using images
to do VO and reconstruct the map. An example of a V-SLAM system is parallel
tracking and mapping (PTAM) by Klein and Murray [11]. This work was ground-
breaking, but still had limitations, one of them was that it only worked on a small
scale. A significant improvement to PTAM was made in the feature-based SLAM
system ORB-SLAM [12]. As the name suggests, it is based on the ORB features. An
updated version ORB-SLAM2 [13] was presented 2017 and at the time of release, it
was the best performing open-source V-SLAM system. ORB-SLAM2 can work with
either monocular, stereo or RGB-D input. Currently, the top tier V-SLAM methods
are feature-based, although there are some exceptions such as BAD-SLAM, bundle
adjusted direct RGB-D SLAM [14]. In the BAD-SLAM article, they state that
direct-SLAM, as a contrary to feature-based SLAM, is sensitive to rolling shutter
effect and synchronisation error of the RGB and depth input. To be able to fairly
compare different SLAM methods, a new benchmark was created where these prob-
lems were solved in the hardware. A global shutter was used and the RGB and
depth input synchronised. When BAD-SLAM was tested on this new benchmark
and compared with the previous state of the art, such as ORB-SLAM2, BAD-SLAM
outperformed its feature-based counterparts.

2



1. Introduction

1.1.3 Image retrieval
Image retrieval (IR) is, in a very broad sense, a system for searching, browsing and
retrieving images from a large image database. In the context of neural networks
(NN), explained in section 2.2, IR is primarily used to do place recognition [15, 16,
17, 18]. IR can also be used in the localisation task. IR is used to roughly estimate
the pose by using the pose of the most similar image or by weighing together a
number of the best matches.

1.1.4 Handcrafted or data-driven approach
Localisation is, as previously mentioned, a research field that has been very active for
quite some time. Handcrafted, complex engineering methods are what still perform
best by far. However, it is impossible to know if it always will be like this. A
general trend in computer science is that data-driven approaches are growing and in
multiple fields outperforms classical methods. With new and better high-resolution
range sensors, vast amounts of data are made available. This could, of course,
change the field since classical approaches such as iterative closest point (ICP) does
not scale well with increased frame rates and data flows. ICP also has a risk of
divergence if the initially estimated pose is far from the true pose. Therefore, new
ways of doing localisation and mapping are explored.

1.1.5 Pose regression
The first end-to-end deep neural network (DNN) that did absolute pose regression
(APR) is called PoseNet [19]. PoseNet is based upon GoogLeNet [20], a deep convo-
lutional neural network (DCNN) that was designed for image classification. Transfer
learning (on image classification) is used, to drastically decrease the amount of train-
ing data needed, the last few layers are exchanged to let the net train on the 6 degrees
of freedom (DoF) pose for images taken in central Cambridge. An online demon-
stration is presented at their project webpage [21]. PoseNet takes as input an image
and gives as output a 6 DoF pose. Given this approach, the network naturally needs
to be trained on image input that is from the same area as the test input.

Since PoseNet, many new neural net approaches have been published which improve
upon PoseNet. VLocNet++ [22] has a similar approach but is a bit more advanced.
Instead of one single network, it combines four networks. The four networks share
weights and information. Two networks are trained to give a relative pose estimation
between the current and the previous image. One network is trained for the global
pose and one network is trained to do image segmentation. The idea behind this
multitask learning for: (1) odometry estimation, (2) 6 DoF visual localisation and
(3) semantic segmentation, is to exploit interdependence’s in these tasks for mutual
benefit.

One more NN approach that should be presented due to its interesting design is
attention-based global pose estimation network [23]. Attention was first a method
to deal with some of the shortcomings of recurrent neural networks (RNN) [24] but

3



1. Introduction

was then shown to work on its own in the paper “Attention is all you need” [25]. The
method presented in this article [23] used a straight forward DCNN to do relative
pose regression (RPR) between two consecutive images and then used an attention
network to estimate the global pose from the relative poses. The pose was however
only estimated in 3 DoF, two for translation and one for rotation.

Two master theses were presented at Chalmers 2019. One by Brenick and Bastås
[26], which built upon PoseNet, with added depth information and one by Linderoth
and Lundqvist [27] which aimed at doing relative pose regression between LiDAR
scans and a known map. A big part of their work consisted of letting CNNs train
on 2D LiDAR intensity images, one from the LiDAR sweep and one cut-out from
the prebuilt map.

Current limitations

Convolutional neural networks (CNNs) have proven successful in many fields. The
usage of CNNs will probably increase in the future, also in the localisation field.
However, in the article “Understanding the Limitations of CNN-based Absolute
Camera Pose Regression” [28] by Sattler et al., it is shown both through theoretical
explanation and experimental tests that CNN-based approaches do not generalise
beyond the training data. The authors claim that:

“A key result is that current approaches do not consistently outperform a handcrafted
image retrieval baseline. This clearly shows that additional research is needed before
pose regression algorithms are ready to compete with structure-based methods.”

This article and another one, by the same authors on the same topic; “To Learn
or not to learn: Visual Localisation from Essential Matrices” [29] pinpointed the
need for more basic research for learning-based methods to be able to compete with
structure-based methods in the future.

1.2 Problem formulation
As stated above, using various types of CNNs to solve the localisation task has thus
far proven unsuccessful compared to structure-based methods. The performance is
closely related to IR. There is a wide variety in how the networks are put together,
but all CNN methods we have come across heavily depend on networks designed
for image classification. These methods have the same key building block: the
convolutional layers, that interpret the input images. It is also common to use
transfer learning from image classification data. With this in mind, it is not at all
surprising that the methods perform similar to IR. We might then ask ourselves if
designs developed for image classification is the best approach for pose regression? Is
it possible that localisation differs too much from classification and that there could
be other, still undiscovered, ways to use CNNs when it comes to image localisation?
Could we design a new kind of dedicated layer for CNNs that will enhance the
performance?

4



1. Introduction

In most CNN networks [30, 31, 32, 33], the kernel has the shape of a square, with
common sizes of 1x1 3x3, 5x5, see the explanation of CNNs and kernels in the
following theory chapter in Figure 2.2.3. This type of layer has proven to give
good performance in image classification tasks [31, 32, 33], but would it not be
more efficient to have a convolution layer that has the shape and stride that fit the
localisation problem better? Therefore we will make specific layers that are designed
to analyse the image along the axis of change, to efficiently find rotation, translation,
and scaling of objects in images.

1.2.1 Purpose
The purpose of this thesis is to find out if custom shapes for kernels, and stride along
the axis of interest, in CNNs can give better result than “classical” CNN in the RPR
task. More specifically, the task is to develop three different types of layers to be
used for scaling, translation, and rotation regression respectively, and compare these
to a CNN with regular square kernels, as used in a normal classification network
[30]. The work is in some ways similar to that of Linderoth and Lundqvist [27], in
the way that both aim at doing NN regression to estimate the rigid transformation,
translation, rotation, and (in our case) also scaling. The rigid transformation is to
be estimated from two images. In the RPR case, these two images are the current
and the previous image, in the APR case, it is the current image and a map cut-out.
Our work is different since instead of using various kinds of “standard” CNN designs,
we build new network layers that, as far as we know, have never been tried before.

1.2.2 Scope
The scope of the thesis is to design new layers for use in CNNs and to validate the
concept. This will hopefully inspire further research in the same direction, to make
pose regression that is faster, computationally lighter and at the same time more
accurate.

Due to the limited time frame, the following limitations have been made:
• Only RGB images will be used, and the resolution before pre-processing will

be limited to 96x96 pixels
• Localisation will be relative between two RGB images of the same size, not

necessarily gathered from a localisation situation
• The relative position of the two images will be calculated by addressing scaling,

translation and rotation of the images separately

1.3 Report outline
This thesis consists of six chapters, the first one being this introduction. In the next
chapter, the theory is presented. The third chapter describes the methods we have
used and developed, and thereafter the results are presented in the fourth chapter.
The results are discussed in the fifth chapter before the final chapter where the
conclusions are drawn.
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2
Theory

In the following section, a collection of theory, necessary to understand the work of
this thesis is explained.

2.1 Digital images

The two primary methods to describe images in a digital format as vector images
and as bitmap images. A vector image is an image that consists of lines and curves
that form different geometric shapes. A bitmap image consists of one or multiple
finite-sized matrices where the matrices together represent an image. Two very
common methods to encode images in the bitmap format is as an RGB image in
Figure 2.1, with the red channel in Figure 2.2, green channel in Figure 2.3 and the
blue channel in Figure 2.4 colour channel or as a grayscale image in Figure 2.5.

Figure 2.1:
RGB image

Figure 2.2:
R-channel

Figure 2.3:
G-channel

Figure 2.4:
B-channel

Figure 2.5:
Grayscale
image

2.2 Neural networks

A neural network (NN), in the context of machine learning (ML), can be described
as a function approximator, for a given input gives a specific output, zi

j = f i
j(a). The

name neural network comes from neurobiology. Inspired by, the understanding of,
how neuron are connected in the human nervous system a whole area of research has
erupted. A NN is made by stacking neurons together in layers, and stacking multiple
layers after each other builds a NN, see Figure 2.9. NNs with many layers after each
other are referred to as deep neural networks (DNN) which have demonstrated to be
very powerful in several fields. Examples of areas were DNN has proven to perform
well are image recognition, scene understanding and language processing.
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2. Theory

2.2.1 Neurons

The most crucial building block of a NN is the neuron. A neuron consists of weights,
a bias and a summation. All inputs to the neuron are changed in correspondence
with the weights. The weighted inputs are summed together with the bias to form
the output of the neuron. Neurons are often stacked together to form layers as
described in subsection 2.2.3, neurons can also perform non-linear approximations
if paired together with activation functions which are explained in subsection 2.2.2.
Mathematically a neuron can be described as a weighted sum, see Equation 2.1,
where a is the input vector which contains all neurons or inputs in its receptive
field, b is a scalar bias and z is the scalar output of the neuron. Different outputs
can be given by changing the input, bias or weights.

z =
N∑

k=1
wkak + b (2.1)

2.2.2 Activation functions

An activation function is a nonlinear function that is used between layers in a
NN. Activation functions enable a NN to give non-linear outputs a from linear
inputs z. The usage of activation functions in NNs enable approximations of non-
linear systems. Commonly used activation functions are the rectified linear unit
(ReLU), sigmoid and log sigmoid [34]. The equations for these are Equation 2.2,
Equation 2.3, and Equation 2.4 where z is the input to the activation function
and a is the output. Descriptive plots can be found in Figure 2.6, Figure 2.7, and
Figure 2.8. The activation function that is used in the networks, in this thesis, is
the log sigmoid function.

a = max(0, z) = |z|+ z

2 (2.2)

a = 1
1 + e−z

(2.3)

a = ln
( 1

1 + e−z

)
(2.4)

The log sigmoid function takes an input and maps it to values between −∞ and
0. The mathematical expression for the log sigmoid function is presented in Equa-
tion 2.4. A figure of the output can be seen Figure 2.8. One strength with the log
sigmoid is that the derivative is continuous.
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2. Theory

Figure 2.6: ReLU. Figure 2.7: Sigmoid. Figure 2.8: Log Sig-
moid.

2.2.3 Layers
In the field of supervised learning, a layer maps an input vector to an output vector.
A layer that is neither the input nor the output of the system is often referred to as
a hidden layer. This mapping can include using a function that has pre-determined
output or use trainable weights. Two common layers that use trainable weights are
the fully connected layer and the convolution layer, while the pooling layers and
activation layers have generally no trainable weights.

Fully Connected Layer

A fully connected layer (FCL) is a layer that maps each input neuron with a train-
able weight for each output neuron. In Equation 2.5 described how the output is
composed of the sum of the weighted inputs and biases in the i:th FCL. An FCL
takes a 1D vector of size N and gives an output vector of M with N ·M number of
weights and M biases.

zi
j =

N∑
k=1

wi
j,ka

i−1
j,k + bj (2.5)

j ∈[1,M ] (2.6)

A network with only fully connected layers is called a fully connected network or
sometimes, a multilayer perceptron, a trivial example of this is presented in Fig-
ure 2.9.

Figure 2.9: Example of a fully connected network. This fully connected network
has two inputs, one output and three hidden layers in between.
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2. Theory

2D Convolution Layer

The 2D convolution layer is the most central part of any CNN. A 2D convolution
layer takes a 3D input of shape (C,X,Y ) and produces an output of size (C̃,X̃,Ỹ ).
A kernel is a 3D array of weights with the shape of (C, X̄, Ȳ ). The kernel convolves
over the second and third dimension of the input array which produces the given
output size. Figure 2.10 illustrates how an input of shape (1,5,5) can be processed
by a convolution layer with a kernel of shape (1,3,3). This gives an output of
shape (1,3,3), the operation between the kernel and the area of convolution is a dot
product. By adding more kernels, one can increase the number of output channels
C̃.


0 2 0-x1 1x1 0-x1
0 1 0-x1 0x1 0-x1
0 2 0-x1 1x1 0-x1
0 3 0 1 0
0 1 0 1 0

 ∗
 -1 1 -1
-1 1 -1
-1 1 -1

→
 5 -7 2

6 -8 2
6 -9 3



Figure 2.10: Example of a 2D Convolution operation with a stride of 1 with no
bias
A network which contains at least one convolutional layer is called a convolutional
neural network (CNN), an example of a CNN is presented in Figure 2.9.

Figure 2.11: Example of a CNN. The input to this network is an RGB image with
100x100 pixels. The network contains convolutional layers, pooling layers as well as
FCL.

Pool Layer

A pooling layer has a lot in common with the convolution layer. It operates on 3-
dimensional matrices and has a set size of (C,X̄,Ȳ ). Generally, pooling layers have
no trainable weights. It takes the values of the current receptive field, performs
an operation, and gives an output of dimension (C,1,1) for every step. Pooling
layers are often used to reduce dimensionality in-between convolution layers. The
operation is often performed separately for each channel. A commonly used pooling
technique is to output the maximum values from each input channel, often referred
to as max-pooling. An example of max-pooling is in Figure 2.12.
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
1 2 3 4
5 6 7 8
9 10 11 12
13 14 15 16

→
[

6 8
14 16

]

Figure 2.12: Example of a Max-Pool operation with a size (1,2,2) and stride of 2.

2.2.4 Kernels

A kernel is a collection of weights that are cross-correlated with parts of the input
to a NN layer, to extract relevant information and forward it to the next layer.
There are different ways to design and use kernels. In the 1D convolution case, the
kernel is a vector, this can be used for example in networks that analyse time-series.
1D convolutions can also be used to reduce the number of parameters in the 2D
convolution case, using something called separable convolution. In spatial separable
convolution 1D kernels are used first along one dimension and then along the other
dimension over the output from the first 1D convolution. An example of convolution
with a 2D kernel was shown in Figure 2.2.3. There are also 3D convolutions where
the input is 4D and the kernel strides along 3 dimensions, but it is not as common.
The most common kernel is the 2D square sized kernel, however custom kernels can
be designed into arbitrary shape and size.
A visual explanation of an image with padding of size one can be found in Fig-
ure 2.13. Here the grey boxes around the image represent a pixel in each direction.
This gives the image a resolution of (x+2, y+2), and also increases the output size
of the CNN in Figure 2.14 by two in each direction, compared with if the same
operation would have been performed without padding.

Figure 2.13:
Figure 2.1
with padding
size one.

Figure 2.14: Input image from Figure 2.13 through
a square kernel CNN.

An example of a kernel with a special shape is the dilated kernel shape which takes
the form of a square but with empty spaces in-between itself, this is visualised in
Figure 2.15.
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Figure 2.15: An example of how an unusual kernel shape can look. This figure
depicts a dialated kernel that strides over an image.

In both Figure 2.14 and Figure 2.15 the stride is one. The term stride, in the ML
context, comes from data structures where the expression “to stride” along an array
is used. In the same way, here the kernel stride along the horizontal and vertical
axis of the input space. In the examples mentioned the output shape would be cut
in half in both directions if the stride would change to two, by a third if the stride
would be three and so forth.

2.3 Training a neural network

The meaning of “training” a NN is to improve the NNs ability to make better
predictions given a set of data. A network is trained by tuning the weights and bias.
In theory, a NN could be tuned manually, see Figure 2.16. In practice, this task can
escalate quickly, since a “small” NN often have a couple of thousand to millions of
weights and biases. To tune a NN, better methods are needed. This section will
explain some methods that are used to make tuning more efficient. In Table 2.1 a
summary of how to train a neural network is displayed.

Figure 2.16: Explanation of manual tuning of a NN by xkcd.com.
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Step Action Section
1 Choose or make a dataset 2.1, 3.2
2 Choose or design a NN 2.2
3 Restrucure the dataset in smaller batches 2.3.5
4 Calculate loss from NN and training set 2.3.2, 2.3.4
5 Do backpropagation to change weights 2.3.3
6 Calculate loss from NN and validation set without dropout 2.3.5
7 If validation loss has decreased, return to 3

If validation loss has increased, stop training 2.3.5
8 Calculate loss on test set to assess performance

Table 2.1: A simplified step by step description of how to train a NN.

2.3.1 Dataset
Problem-solving using NNs is a data-driven approach. In supervised learning, the
dataset contains a source (X) and target (y) which come in pairs. In an image
classification dataset, the source could contain an RGB image of a dog and the
corresponding target would be the string “dog”. A dataset is usually divided into a
training, a validation and, a test set. As described in Table 2.1, both the training set
and validation set are used during training. The training set is used to update the
weights and biases, the validation set is used to make sure that the network makes
better predictions over the epochs and does not overfit. When a NN has finished
the training, the performance is tested on the previously unseen test set.

2.3.2 Loss function
A loss function or cost function is used to measure how successful or unsuccessful
an estimation is concerning the desired outcome. In the context of a NN, the loss
function is used to compare the desired output yi to the NNs predicted output ŷi. In
regression networks, the mean squared error (MSE) loss is often used. As described
in Equation 2.8 and as the name suggests, the MSE takes the mean of the squared
error of the true value y and the predicted value ŷ. A strength with MSE loss is
that large errors give a much larger loss compared to small errors.

errori = (yi − ŷi) (2.7)

Loss = 1
n

n∑
i=1

error2
i (2.8)

2.3.3 Backpropagation
Backward propagation of errors or backpropagation is an algorithm that calculates
how the weights and biases respectively affect the loss of a specific input-output
pair. To exemplify this, in a NN with L number of layers, a specific layer is denoted
as the i:th layer. In each layer, the respective outputs are associated with weights
and bias. In the i:th layer, the j:th output is denoted as zi

j. The associated weights

13
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are wi
j and the bias is bi

j. A specific weight, for example the k:th weight is denoted
as wi

j,k. Between the layers there is always an activation function which is specified
as σ. The activation function maps the outputs from the (i− 1):th layer to the i:th
layer as in Equation 2.11.

ai
j = σ

(
zi

j

)
(2.9)

zi
j = wi

ja
i−1
j + bi

j (2.10)
ai

j = σ
(
wi

ja
i−1
j + bi

j

)
(2.11)

To calculate how the k:th weight affect the j:th output in the i:th layer, the chain
rule can be applied as in Equation 2.12.

∂ai
j

∂wi
j,k

=
∂ai

j

∂zi
j

∂zi
j

∂wi
j,k

(2.12)

It is trivial to continue to expand the way of writing equations as in Equation 2.11,
where the weights in the i−1:th layer affect the output in the i:th layer as described
in Equation 2.13-2.18

ai
j = σ

(
zi

j

)
(2.13)

ai−1
j = σ

(
zi−1

j

)
(2.14)

zi
j = wi

ja
i−1
j + bi

j (2.15)
zi−1

j = wi−1
j ai−2

j + bi−1
j (2.16)

ai
j = σ

(
wi

ja
i−1
j + bi

j

)
(2.17)

ai−1
j = σ

(
wi−1

j ai−2
j + bi−1

j

)
(2.18)

With the chain rule, it is easy to apply the same method to calculate how one weight
in the i− 1:th layer affect the output in the i:th layer in Equation 2.19.

∂ai
j

∂wi−1
j,k

=
∂ai

j

∂zi
j

∂zi
j

∂ai−1
j

∂ai−1
j

∂zi−1
j

∂zi−1
j

∂wi−1
j,k

(2.19)

As the reader can observe this can be applied to see how one weight in the first layer
can affect the output of the last layer as in Equation 2.20.

∂aL
j

∂w1
j,k

=
∂aL

j

∂zL
j

∂zL
j

∂aL−1
j

· · ·
∂a1

j

∂z1
j

∂z1
j

∂w1
j,k

(2.20)

As described in subsection 2.3.2, a loss function can be applied to the output of a
network to get the loss of a prediction. In order to assess how the loss is affected by
a weight, one can apply Equation 2.21.
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∂Lossj

∂wi
j,k

= ∂Lossj

∂aL
j

∂aL
j

∂zL
j

∂zL
j

∂aL−1
j

· · ·
∂ai

j

∂zi
j

∂zi
j

∂wi
j,k

(2.21)

The goal of doing backpropagation is to calculate how the weights and biases affect
the loss function. The same method can be applied to calculate how one bias affects
the loss as in Equation 2.22.

∂Lossj

∂bi
j

= ∂Lossj

∂aL
j

∂aL
j

∂zL
j

∂zL
j

∂aL−1
j

· · ·
∂ai

j

∂zi
j

∂zi
j

∂bi
j

(2.22)

It is important to explain how partial derivatives can be calculated using vectors
and matrices. By calculating how the first layer “A” affects the last layer “D” is
described in Figure 2.17.

∇AD can be calculated by using Equation 2.23, Equation 2.24, and Equation 2.25.
One can easily observe that ∇AC = ∂B

∂A
∇BC. Furthermore, ∇AD can be calculated

with ∂B
∂A

∂C
∂B
∇CD, and this can trivially be calculated with a computer.

A =

A1
A2
A3

 B =

B1
B2
B3

 C =

C1
C2
C3

 D =
[
D1
]

(2.23)

∇AB =


∂B
∂A1
∂B
∂A2
∂B
∂A3

 ∇BC =


∂C
∂B1
∂C
∂B2
∂C
∂B3

 ∇CD =


∂D
∂C1
∂D
∂C2
∂D
∂C3

 (2.24)

∂B

∂A
=


∂B1
∂A1

∂B2
∂A1

∂B3
∂A1

∂B1
∂A2

∂B2
∂A2

∂B3
∂A2

∂B1
∂A3

∂B2
∂A3

∂B3
∂A3

 ∂C

∂B
=


∂C1
∂B1

∂C2
∂B1

∂C3
∂B1

∂C1
∂B2

∂C2
∂B2

∂C3
∂B2

∂C1
∂B3

∂C2
∂B3

∂C3
∂B3

 ∂D

∂C
=


∂D1
∂C1
∂D1
∂C2
∂D1
∂C3

 (2.25)

Figure 2.17: Example of a NN, one can see how the first layer A affects the last
layer D.
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With all this knowledge it is easy to compute how each weight and bias affects a
given loss function. This is used by the optimiser to perform improvements in our
model as described in subsection 2.3.4.

2.3.4 Optimiser
An optimiser is a bridge between the backpropagation and tuning of the parameters
in the NN. The optimiser tweaks the weights and biases in the most optimal way for
the network to make better predictions. The most basic optimiser is the gradient
descent method as described in Equation 2.26. Some advantages of gradient descent
are that it is easy to implement and is easy to understand. Some major disadvantages
are that it may get trapped at a local minimum and it requires a lot of memory to
calculate the gradient for a whole dataset.

θk+1 = θk − α∇J (θk) (2.26)

In the ML community the “go-to” optimisers, which also happens to be the most
efficient optimisers, is the Adam [35] and AdamW optimiser. AdamW is a variant
of the original Adam optimiser with added L2 regularisation and weight decay [36].

2.3.5 Overfitting
Overfitting is the phenomenon when the NN model stops generalising and starts
to adapt solely to decrease the loss over the training set. There are several ways
to reduce the effects of overfitting such as batch normalisation, dropout and early
stopping which is explained in this section.

Batch Normalisation

Batch normalisation [37] sets the mean and variance of the input in each layer. As
the name batch normalisation suggests the normalisation is done batch by batch.
The mean is calculated as in Equation 2.27, the variance as in Equation 2.28, and
the final output from the batch normalisation is described in Equation 2.29 for the
i:th output in the k:th dimension, which would be 3 in the RGB image case.

µB = 1
m

m∑
i=1

xi (2.27)

σ2
B = 1

m

m∑
i=1

(xi − µB)2 (2.28)

x̂
(k)
i = x

(k)
i − µ

(k)
B√

σ
(k)2

B + ε
(2.29)

Dropout

Dropout is a stochastic method used during training by disregarding the output
of some neurons in a specific layer. It means that during a forward pass (running
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data through the network) and when doing backpropagation, the neurons that are
affected by the dropout are ignored. This reduces the effects of overfitting and
dropout layers are often placed in-between FCLs [38].

Early stopping

Early stopping is a method which chooses the version of a NN that performed the
best during a training session, and when overfitting occurs to stop the training
process. This is vital in getting a more successful NN, as overfitting often occurs
eventually when training a NN. In Figure 2.18 the validation loss has the lowest
value after the sixth epoch, the NN is overfitting during the seventh and eighth
epoch. In most cases, the performance of the network will not improve, and early
stopping is the best course of action.

Figure 2.18: Example of early stopping.
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3
Method

In this chapter, the method used in this thesis is described. In the first section of the
method the development environment, both hardware and software are presented.
The second section describes the dataset that has been used and how they have
been processed. The third and fourth section of this chapter describes the custom
kernels and the networks created for translation, rotation and scaling separately,
also a baseline CNN will be presented. Thereafter the methods and choices related
to training are explained.

3.1 Development environment

The computer which has been used for the training was equipped with a GeForce
RTX 2080 Ti, with 4352 CUDA cores and 11 GB of GDDR6 memory, an Intel
i7-6950X at a base frequency of 3.0 GHz and 128GB of DDR4 CL16 memory at
2.4 GHz. The code has been written in Python using the PyCharm editor. The
PyTorch [39] machine learning library was used for developing and training the NN.

3.2 Dataset

This thesis aims to try alternative ways to detect rotation, translation and scaling
between images. There is no apparent reason to perform tests on data related to
the localisation. Instead, the data needed was images, with enough detail, that were
pairwise, rotated, translated or scaled to each other. Two well-known data sets have
been used that were then processed to create data sets for each of the regression
tasks. MNIST [40] was the first dataset that was used, it consists of 60′000 training
and 10′000 testing images that depict handwritten digits, the images are grayscale
and have a size of 28x28 pixels. This dataset enabled fast testing, however, due to
the low resolution, it was quickly concluded that we needed new data with higher
resolution. Throughout the rest of the work, efficient testing of new ideas was
preferred. The dataset STL-10 [41] [42] was chosen, it has higher resolution, but still
low enough to make testing efficient. The STL-10 dataset was originally designed
for image classification, it contains 100′000 unlabelled images, 5000 labelled training
images, 8000 testing images. All images are RGB images and contain vehicles and
animals with a resolution of 96x96. The unlabelled images were used for training,
the labelled training images for validation and the labelled testing images for testing.
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Figure 3.1: Example images from the MNIST dataset. Consisting of images with
resolution 28x28, depicting handwritten digits in grayscale.

Figure 3.2: Examples of images from the STL-10 dataset. Consisting of colour
images with resolution 96x96.

To fit the images for the translation task, each image is copied and translated. To
not always draw one picture from the centre of the image, the first image centre
is first drawn at a random position, but not too close to the borders. Then the
next image is uniformly translated ±10 pixels along the horizontal and vertical axis,
from the first image. The target vector is the number of translated pixels in each
direction. The reference image and the translated image are stacked on top of each
other. To remove any black border from the translated image, both images are
cropped to a size of 48x48 pixels, this gives an input of shape [6, 48, 48] for the
STL10 dataset. Some examples from the dataset created for translation are shown
in Figure 3.3.
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Figure 3.3: 10 example image pairs from the constructed translation dataset.

To fit the images for the rotation task, each image is copied and rotated. The first
image is rotated uniformly from 0◦ to 360◦. Then the rotation of the second image
is drawn uniformly from a distribution of ±40◦ to the first image. All rotations are
around the centre of the image, an affine transformation with bicubic resampling,
and the target vector is the number of degrees between the two images. The reference
image and the rotated image are later stacked on top of each other. Examples from
the dataset with rotated images are shown in Figure 3.4. To remove any black
border from the rotated image, both images are cropped to a size of 48x48 pixels,
this gives an input of shape [6, 48, 48] for the STL10 dataset.

Figure 3.4: 10 example image pairs from the constructed rotation dataset (before
being cropped to 48x48).

To fit the images for the scaling task the first image is scaled down to 0.5 of the
original size and then centre-cropped to 48x48 pixels. The second image is a copy
of the same original image scaled uniformly between 0.5 and 1 and then centre-
cropped the same way as the first image. Then the first image depicts the whole
original image but is half the size, the second image is also half the size but is a
zoomed-in version that does not depict the whole original image. The target vector
is the scaling factor from 1 to 2 between the two new images, meaning the scale of
the second image relative to the first image. The reference image and the scaled
image are later stacked on top of each other. The input shape is the same as in the
translation and rotation datasets, [6, 48, 48] for the STL10 dataset. Examples from
the dataset with scaled images are shown in Figure 3.5.
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Figure 3.5: 10 example image pairs from the constructed scaling dataset.

3.3 Kernel shapes
This section explains how the input kernel shape and stride are designed to optimise
for predicting translation, rotation and scaling. The example input image can be
found in Figure 2.1, and an example of how a square kernel would process the image
is depicted in Figure 3.6. The difficulty in backpropagation does not change with
the kernel shape, as it only changes the receptive field of the kernel.

Figure 3.6: Example of how a 3x3 square kernel stride over an input image. Note
that the actual pixel size of the image is much smaller than the white example pixels.

3.3.1 Translation
When trying to detect the amount of translation in an image, is there a better
way to do this than using a normal square kernel CNN? A hypothesis is that a
rectangular kernel that is very thin in one direction but covers the whole image in
the other direction, could be better at detecting translations along one dimension.
A network with this kind of layer will be referred to as a translating-convolutional
neural network (T-CNN). A T-CNN can be used twice (with shared weights), for
example, if the network is trained to detect translation along the horizontal axis,
the image can be rotated 90◦, which can vastly reduce the training time and size of
the network. This example can be found in Figure 3.7.

Implementation

The implementation of rectangular kernels was done with the built-in Conv2D func-
tion in PyTorch. The input batches were permuted such that the width of the image
instead was considered the channel depth. The kernel size was set to (3,1) and the
stride to (3,1). The two input images were run through the network twice, first
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Figure 3.7: Example of how the first layer of the T-CNN processes the input image.
Note that the actual pixel size of the image is much smaller than the white example
pixels.

with the original images and then with the images rotated 90◦. With this setup,
the network predicts a vertical translation with the original images and a horizon-
tal translation with the rotated images. See Figure 3.8 and Figure 3.9 for a visual
explanation.

Figure 3.8: Input for regres-
sion along the vertical axis.

Figure 3.9: Input for regres-
sion along the horizontal axis.

3.3.2 Rotation
Our hypothesis of how a kernel can improve detecting rotation is by the shape of
a circle sector. The kernel strides around the centre of the image and not along
the horizontal and vertical axes. In this way, the NN can detect the same features
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in the image even though the target image is rotated. Thus the feature will only
be shifted in the output. A network with this kind of layer will be referred to as
a rotating-convolutional neural network (R-CNN). The parameters that need to be
set for this layer are the output size, the number of pixels in each circle sector and,
how many steps the filter takes around the image. An example of this kind of kernel
can be found in Figure 3.10.

Figure 3.10: Example of how the first layer of the R-CNN processes the input
image. Note that the actual width of the kernel is smaller than in the example.

Implementation

While the visualisation of the circular convolution layer is straight forward the task
itself is more difficult in practice. The shape and size of the kernel need to be
conserved when striding around the image. The image consists of a bitmap structure
(as described in section 2.1 and a circle sector can be approximated to a bitmap.
However, a problem arises when the circle sector is rotated an arbitrary amount and
needs to find the corresponding one to one matches in the new area. The output
of a kernel needs to be interpreted the same way regardless of the current angle of
the filter. The implementation for the circular convolution is based upon nearest
neighbour resampling when rotating bitmap images. The implementation conserves
size and shape, however, it suffers from some sparsity, as can be seen in Figure 3.11.

Figure 3.11: Example of how a kernel strides over an image. Image size (28x28),
with a kernel of 48 pixels, rotated around the image in 16 steps.
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3.3.3 Scaling
As previously stated, a question was asked whether there is a better way to detect
scaling than using a normal CNN. An idea of using “frame-shaped” kernels with a
variety of sizes are used to analyse the images. An example of this kind of kernel
can be found in Figure 3.12. A network with this kind of layer will be referred to as
a scaling-convolutional neural network (S-CNN).

Figure 3.12: Example of how the S-CNNs first layer process the input image. Note
that the actual pixel size of the image is much smaller than the white example pixels
(as for all following examples).

Implementation

The implementation of the scaling layer has much in common with the FCL, as the
kernel does not stride their fixed position. Instead of having, for example, eight
filters that stride over the image, there would be eight filters for every frame size,
currently each frame has a width of one pixel. The total number of outputs from
the scaling layer would then be eight times the number of frames. An image as in
Figure 3.12 with 8x8 pixels would yield four different frame sizes (if the frame width
is one and “stride” one).

3.4 Networks

The baseline CNN in Figure 3.13 has the same structure as a “classic” classification
network. It was trained with two outputs for the translation test and one output for
the rotation and scaling test respectively. The structure for the translation, rotation
and scaling networks with the custom input layer can be found in Figure 3.14,
Figure 3.15 and Figure 3.16. To be able to compare the networks with custom input
layer to the baseline CNNs in a fair way all networks were designed with the same
number of layers. Each network has six convolution and three fully connected layers.
The networks are designed such that the number of neurons in each layer is similar.

3.4.1 Baseline CNN
The baseline CNN is visualised in Figure 3.13.
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Figure 3.13: Visualisation of the baseline CNN network.

3.4.2 Translation network (T-CNN)
The T-CNN is presented in Figure 3.14. The first layer has the wide custom kernel,
then follow five convolution layers and then three fully connected layers.

Figure 3.14: Visualisation of the T-CNN network.

3.4.3 Rotation network (R-CNN)
The R-CNN is visualised in Figure 3.15. The first layer in this network is the circular
convolution layer. The filter size was chosen to 128 pixels. The filters were rotated
around the image in 50 steps and 512 filters were used, followed by five convolution
layers with a kernel of 3x1. This means that the results from three circle sectors
were grouped together and that the two images were treated separately. In the last
three fully connected layers the data from both images processed by the previous
layers are finally processed together.
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Figure 3.15: Visualisation of the R-CNN network.

3.4.4 Scaling network (S-CNN)
The S-CNN is visualised in Figure 3.16 and consists of the scaling layer, five convo-
lution layers and three fully connected layers. In the first convolution layer, neurons
from three different frame sizes are weighed together.

Figure 3.16: Visualisation of the S-CNN network.

3.4.5 Training
For the training of the NNs, the AdamW optimiser from section 2.3.4 was used with
β1 = 0.9 and β2 = 0.999, ε = 10−8 and weight decay to 10−2. The chosen loss
function was the MSE loss as described in subsection 2.3.2. The hyperparameters
were manually tuned for each network. The batch size and learning rate gave the
best results at the same values for all NNs. The batch size was set to 210. The initial
learning rate was set to 0.005. If the validation loss increased from one epoch to
another, the learning rate was decreased by multiplying the current learning rate by
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0.7. In this way, the learning rate was able to decrease to 10−8. The NN is trained
until the validation loss of the epoch had not improved since ten epochs.

3.4.6 General design
The goal of this thesis is to see whether a CNN with a new input layer can be more
successful in regression tasks than a classification CNN. To be able to answer this
question we need to constrain the complexity of the layers to be able to make fair
comparisons. This meant that we chose the total number of trainable parameters in
the network to roughly be the same. The numbers of hidden layers with trainable
parameters should also be the same in both networks. As described in subsec-
tion 2.3.2 the weights and biases were tuned during training to minimise the MSE
loss. However, comparing the loss does not give any accessible information of the
NNs performance except that a lower loss is generally better. In the result section,
we present histograms of the errors in the network’s predictions. With interesting
values such as bounds on the distribution, mean, median and max error.
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The NNs performance was evaluated using 8000 image pairs were translation, rota-
tion or scaling were estimated separately. To assess how good a specific estimation
was, the error was chosen to be the difference between the true value and the es-
timated value. The goal was to get an error distribution with as many errors as
possible to be close to zero. The metrics that were chosen to focus on, when eval-
uating the NN, were the mean, median and max absolute value of the errors over
the whole test set. Histograms of the estimation errors are provided in Figure 4.1
to 4.6 and can be used to get a visual representation of the network’s performance.
It is important to note that the vertical axis is set to a logarithmic scale. To make
readouts of the distribution easier, the histograms are marked with 80%, 90% and
95% bounds, in a similar fashion as Gaussian distributions are often marked with
68%, 95% and 99.7%. The initial distribution is shown in red, which can also be
interpreted as the error if a network would always guess the mean of the true val-
ues of the dataset. For example, if the translation is between ±10, the red error
distribution always corresponds to estimating that the translation between the two
images is zero.

4.1 Translation
As stated in section 3.2, the translation dataset consists of discrete uniform distri-
bution with bounds of ±10 pixels translated. The copied image is translated along
both the horizontal and vertical axis. The T-CNN was trained for 40 epochs and
the baseline CNN was trained for 51 epochs, due to early stopping. The figure of
the estimated translation is in Figure 4.1 and Figure 4.2. Additional results can be
found in Table 4.1. The results are discussed further in subsection 5.2.1.

T-CNN Baseline CNN
mean |error| 0.75 0.26

median |error| 0.49 0.19
max |error| 15.23 8.39

validation loss 0.01293 0.00215
95% bound [−2.66, 2.46] [−0.78, 0.7]
90% bound [−1.81, 1.71] [−0.58, 0.53]
80% bound [−1.21, 1.12] [−0.42, 0.37]

Table 4.1: Results from the translation tests. The values in the table is for trans-
lations along both directions.
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Figure 4.1: Translation Baseline CNN histograms. One histogram for each trans-
lation direction.

Figure 4.2: Translation T-CNN histograms. One histogram for each translation
direction.
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4.2 Rotation

As described in section 3.2 the images are uniformly rotated using an affine transform
with bicubic resampling and the same datasets was used for both networks. The
images were rotated so that the relative rotation of the image pairs was uniformly
distributed between ±40◦. The R-CNN was trained for 37 epochs and the baseline
CNN was trained for 57 epochs, due to early stopping. Histograms of the rotation
results can be found in Figure 4.3 and Figure 4.4. Some interesting values can be
found in Table 4.2. Overall the baseline CNN performed better than the R-CNN,
the results are further discussed in subsection 5.2.2.

R-CNN Baseline CNN
mean |error| 0.62 0.39

median |error| 0.47 0.27
max |error| 7.24 24.64

validation loss 0.00042 0.00022
95% bound [−1.66, 1.90] [−1.11, 1.14]
90% bound [−1.20, 1.31] [−0.81, 0.87]
80% bound [−0.86, 0.95] [−0.52, 0.61]

Table 4.2: Results from the rotation tests

Figure 4.3: Rotation CNN histogram.
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Figure 4.4: Rotation R-CNN histogram.

4.3 Scaling

The scaling was done by resizing and cropping the image to the correct size of 48x48
pixels. Histograms of the scaling results can be found in Figure 4.5 and Figure 4.6.
The horizontal axis is from −0.5 to 0.5 and the error is the difference between the
estimated scaling factor and the true scaling factor. Additional results can be found
in Table 4.3. The S-CNN was trained for 45 and the baseline CNN was trained for
59 epochs, due to early stopping. The results are discussed in subsection 5.2.3.

S-CNN Baseline CNN
mean |error| 0.02 0.01

median |error| 0.02 0.01
max |error| 0.44 0.12

validation loss 0.00297 0.00087
95% bound [−0.07, 0.05] [−0.04, 0.03]
90% bound [−0.05, 0.04] [−0.03, 0.02]
80% bound [−0.04, 0.03] [−0.02, 0.01]

Table 4.3: Results from the scaling tests
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Figure 4.5: Scaling CNN histogram.

Figure 4.6: Scaling S-CNN histogram.
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Discussion

In this chapter, the results from the previous section, and general thoughts of what
worked well and what could have been made differently are discussed.

5.1 All networks converge
When training a NN, the convergence of the validation loss is vital. We can con-
clude that all networks with the custom layers succeeded in the convergence aspect.
Convergence during training was obtained in all cases. This is a success and proves
that the networks designed can be used for the task at hand. The convergence of the
training loss does not, however, give any guarantee that the performance is compa-
rable to other methods or sufficient for actual use. In the histograms in Figure 4.1
- 4.6 the initial distribution shows how the test set is distributed. We can see that
all networks have a smaller spread than the initial distribution. Therefore we can
conclude that the designed networks perform at a much higher level than what a
network that always guesses the mean of the true values of the dataset would.

5.2 Comments on results
The results for each task will be discussed separately in the sections below.

5.2.1 Translation
We can observe that the T-CNN does not outperform the baseline CNN. A reason
behind this could be that the custom layer is more sensitive to translation along two
dimensions at the same time. The baseline CNN is estimating the translation along
both the x and y dimensions at the same time, and can therefore also learn to use
the knowledge of both estimations to decrease the effect of the “noise” caused by
translation along the other dimension. The T-CNN makes two separate predictions,
first along the horizontal axis and then along the vertical axis. We can understand
that the T-CNN is more sensitive to translation along with two directions by test-
ing the performance of the networks when the image is only translated along one
dimension. In section A.3 results from tests along only one dimension is presented.
One can conclude that the difference in performance between the baseline CNN
and the T-CNN is almost none when the translation was only along one dimension.
It would have been interesting to test a network structure were two convolution
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parts of the network worked separately but with shared weights and then were con-
nected together in the last three fully connected layers, see Figure 5.1 for a visual
explanation.

Figure 5.1: Example of an alternative, siamese T-CNN network.

5.2.2 Rotation
With the rotation estimation, we conclude that both networks perform very well
on the test set. Both networks get a mean of the absolute error below 1◦ and a
median of the absolute error below 0.5◦. One can see that the performance of the
baseline CNN is slightly better than the R-CNN in all but one aspect. The baseline
CNN has more outliers and the outlier errors are worse. This is perhaps not as
surprising when it comes to the intuition behind the two layers. The baseline CNN
draws out features from the images, it uses these features to determine the degree
of rotation between the images, when this then fails the error is quite large. In
the R-CNN the intuition of the rotational layer was to stride along the rotational
axis, one could argue that the precision of this method seems weaker, but with
greater robustness when it comes to outliers. The robustness of the R-CNN gives
hope that the intuition behind this layer-design is correct. Therefore, we think that
concept of a rotation layer should be researched more. It is probable that a better
implementation could outperform the baseline CNN and at the same time be more
robust by having fewer outliers.

5.2.3 Scaling
The S-CNN network did not perform better than the baseline CNN, it converged
but did not get as good accuracy. The intuition behind this scaling solution was
not as strong as the R-CNN or T-CNN. There might be better ways to adapt a
NN to estimate scaling between images. The biggest drawback with the S-CNN
solution is that the weights are not well utilised. The notion of convolution in the
scaling layer was not implemented, instead, the filters were fixed and only used on
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a predefined area, i.e. several filters for each frame size. This led to a very large
number of weights and inefficient usage of these weights in the NN. The current S-
CNN implementation does not scale well with bigger inputs contrary to the baseline
CNN. The reason that the filter was fixed was that we did not find a reasonable way
to stride the filters since the frames change in size.

5.3 Image resolution
The initial testing was performed on the MNIST dataset. We noticed that the
image resolution was constraining the NNs ability to make accurate predictions.
Tests showed that rotations up to even ±5◦ had a very small impact on the images.
This resulted in a decision to change to the STL-10 dataset with higher resolution
images. In the STL-10 dataset, small differences in rotation yielded bigger differences
between the image pairs. Since the networks performed differently after the change
of dataset, it was concluded that the resolution was no longer the main bottleneck for
the performance. However, the resolution of the 48x48 images is still low compared
to the images which would be useful in a real-world scenario. Therefore, it would
be interesting to make these custom layers and their networks designed for bigger
input images, possibly a suitable area for a future thesis.

5.4 Implementation
It requires a lot of thought when implementing a new layer. There are many design
choices that need to be taken into account such as kernel shapes, size and how to
stride over the input. The implementations also have to be efficient enough to be
able to be used in thorough testing. It is clear that we have not been able to test
everything. We still have new ideas and new variants that would be interesting to
test, but there was no time for more work within this thesis. We will instead try to
cover as much of this here in the discussion and the following chapter.

It could be that these new network layers we have designed, will not be able to
outperform a CNN but that should not be concluded yet. There are much more
that can be tested, changed, and tuned. We think that at least the rotational layer
shows a great deal of potential. The translation layer could also be promising, but
the difference between the T-CNN and the baseline CNN is not more than the width
of the kernel, so even if this would be developed further we think that the T-CNN
and the baseline CNN will perform in a similar manner. The S-CNN, in its current
version, does not show much of potential and also, as previously mentioned, it is not
scalable to bigger image inputs. Since we see the most potential in the rotational
layer, it will be discussed further in the following section.

5.4.1 Rotation layer
As we commented on earlier in the discussion the R-CNN and the baseline CNN
have similar performance. Even though the baseline CNN has a lower absolute
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mean error and absolute median error, we can see that the baseline CNN has far
more outliers and some quite large errors. The method for the rotation layer that
was used to get the result is described in Figure 3.3.2 but earlier in the project, we
considered a different implementation.

The disregarded implementation had a fixed shaped kernel and, instead of having
the filter stride around the image, the input image was rotated with an affine trans-
formation with a bicubic resampling filter. This implementation did not suffer from
the sparsity circle sector problem. In section A.2, the disregarded implementation
is briefly described and an example of early test results for the R-CNN on the 28x28
MNIST dataset is presented. Note that those results are not directly comparable
with the other results in the report since both the networks were different and it was
trained and tested on a different dataset. Examples from these 28x28 MNIST data
sets are presented in section A.1. However, the first implementation of the R-CNN
gave great results, which made us think that this kind of implementation would
have worked better. A huge drawback was that it required all circle sectors from the
images to be extracted before training. The pre-processing time took hours on the
images MNIST dataset and therefore this method was discarded when we moved to
the STL-10 dataset. We, therefore, think that it would be interesting to develop a
new implementation, that does not need to pre-process the images but still manages
to implement the filters in a better way. Exactly how this should be done is not
clear. Why this is a challenge can be shown with an example; see Figure 5.2. The
task to implementing these filters in such a way that the same amount of pixels is
always withdrawn, at the correct positions, and with a consistent interpretation can
be very difficult, but maybe a better solution can be found.

Figure 5.2: Images showing that the interpretation of the inputs to a circle sector
filter at two different angles is not trivial.
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5.4.2 Network layout
A potential drawback with the layers we have built is that the layers cannot be
stacked upon each other. We have one custom layer and then the rest of the network
has a normal CNN structure. We have also not been able to figure out a good way
of pooling the data. It has been hard to know how to design the networks since they
do not have any standard layout. The focus of our work has been to design the new
layers, something that would need to be considered further in future research would
be to put more effort in how the networks around these layers should be designed.

5.4.3 Network comparison
As described in subsection 3.4.6 the network design was constrained due to a couple
of factors. One of the more difficult tasks in this thesis was to do fair comparisons of
the networks. Maybe the fairest way would have been to not balancing the number of
layers in the networks, number of neurons, or number of parameters. The balancing
of the networks was done to make the comparison and tuning easier but it might
have made the comparison more unfair instead of fair.
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We have created three kinds of custom NN layers. It can be considered a success
because the NNs with the custom layers converge and show potential. Even though
the NNs with custom layers did not outperform the baseline CNNs. It was difficult
to make comparisons because of the different network structures. Manual tuning of
parameters makes it hard to know if an optimal or close to optimal tuning has been
reached. We conclude that the idea of custom kernels and layers is an interesting
research field.

Application towards localisation

As mentioned in the problem formulation in section 1.2. the motivation behind
designing new layers is to do pose regression. The aim was to utilise it in the field of
localisation and evaluate if the custom shapes for kernels and stride along the axis of
interest could increase performance and robustness. The aim to see if a new NN can
yield better results compared to “classical” CNN in the RPR task. We can conclude
that we have been able to design these three new types of layers. Even though none
of them currently seems better suited to solve the RPR task, when comparing to
a baseline CNN with only square kernels. The area should be researched further
before data-driven approaches such as CNNs can be able to surpass the performance
of IR and compete with classical VO and V-SLAM methods.

6.1 Future work
In the T-CNN, we think that it might not be the best way to perform estimation
of translation along the two dimensions separately. Instead, we think it would be
more promising to let the T-CNN make both predictions in conjunction. In future
work for the translation task, we suggest a new NN design were the estimation of
translation is estimated along both dimensions at the same time or at least in a
more cooperative way.

In the R-CNN we suggest a different implementation of the rotation layer to avoid
pixel sparsity but still preserving shape and size. A new layer implementation must
be considered thoroughly such that the filter weights are interpreted in the same
way no matter from which angle the filter reads.

If the S-CNN should be used in future work, we believe that the filters must be
treated differently. One could consider changing the frame shape to something more
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suitable such that the filter can stride over the image. How this would work is
currently not clear to us. Another direction would be to reconsider the problem of
scaling estimation and see if a new intuitive understanding of the problem can be
used to design a different kind of layer.

What would be a bigger step and even more interesting would be to find ways to
combine all these three methods such that a network can make regression of sim-
ilarity transformed images. Instead of using image inputs which are synthetically
translated, rotated or scaled, it would be interested to use images from a simula-
tor or from real scenarios, to estimate translation, rotation and scaling, from two
consecutive images.

6.1.1 Relative pose regression
Custom networks designed to detect translation, rotation and scaling can be used
in RPR scenarios. RPR is possible given an ACV with a camera pointed upward
and forward in the direction of travel as in Figure 6.1. The upward-facing camera
can use a rotation network to approximate if the ACV has turned and a translation
network can perform estimation of general movement. The forward-facing camera
can use a scaling network to estimate movement forward going and a translation
network can estimate turns and if the car moves up or down on a hill. This could be
done with both real-world data, but also tested with simulated data, such as from
the open-source simulator Carla.

Figure 6.1: Example of a car with an upward and a forward facing camera.

6.1.2 Absolute pose regression
Although somewhat farfetched, this research could be used to perform APR. Instead
of making estimations between two equal but translated, rotated, and scaled images
one could use an image and a map cut-out. This was done in the Linderoth and
Lundqvist thesis [27], were a 2D LiDAR scan was remade to an image and then
compared to a cut-out from a top view 2D LiDAR map. The goal could then be to
develop the ideas further such that the images can be compared to bigger map parts
and finally to a full map and then what we have would be APR, finding where in
the map the image fits in.
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A
Appendix

A.1 Examples from the first datasets
Below are some example image pairs from the first datasets created from the MNIST
dataset. The initial images had a 28x28 pixel resolution.

Figure A.1: 10 example image pairs from the constructed rotation dataset.

Figure A.2: 10 example image pairs from the constructed translation dataset.

Figure A.3: 10 example image pairs from the constructed scaling dataset.
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A.2 First testing of R-CNN and baseline CNN on
28x28 images

The results below from a baseline CNN and our R-CNN but with a different im-
plementation of the circle sector filter. Instead of letting the filter rotate around
the image and read from different angles. All images were preprocessed: the images
were rotated with a bicubic resampling filter. At every rotation step, a fixed circle
sector filter stacked the input of the current pixel into a vector. The collection of
vectors was then fed as input to a normal convolutional layer. The results presented
below are not directly comparable with the other results in the report since the
networks did not have the final design and were trained on a different dataset. This
section in the appendix is included to strengthen the argument that the intuition
of the specially designed R-CNN is a viable method but that the implementation
could be reworked to enhance the performance.

Figure A.4: Results on the rotation test set with one of the first models of the
R-CNN using a preprocessing implementation for the specially designed rotational
layer.
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Figure A.5: A first baseline CNN performance on the rotational test set (con-
structed from the MNIST dataset).
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A.3 Translation along only Y-dimension

Below result from translation tests along only the Y-dimension. The images in the
dataset were only translated along the Y-dimension and the networks where trained
for estimation on only the Y-dimension. In all other ways, these tests were designed
in the same way as the other translation tests see section 4.1. One can see that the
difference in performance between the two networks is small.

T-CNN Baseline CNN
mean |error| 0.21 0.08

median |error| 0.17 0.06
max |error| 3.13 5.52

validation loss 0.00063 0.00013
95% bound [-0.51, 0.53] [-0.18, 0.27]
90% bound [-0.4, 0.43] [-0.13, 0.21]
80% bound [-0.31, 0.33] [-0.08, 0.16]

Table A.1: Results from the translation test (only along Y-dim).

Figure A.6: Resulting histogram for the baseline CNN, translation along only
Y-dim.
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Figure A.7: Resulting histogram for the T-CNN, translation along only Y-dim.
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