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Abstract

With a growing global demand for improved surveillance and security, the thermal
camera has seen its use cases and market share expand. Unlike the visual camera,
the thermal camera does not require external illumination. Instead, it relies on the
fact that all matter with a temperature above absolute zero emits thermal radiation.
The thermal camera measures intensity, but another characteristic of electromagnetic
radiation is its polarization state. The polarization state can provide additional in-
formation about the scene, such as the orientation and shape of objects and their
material composition. By utilizing the features of the polarized domain, polarimetry
has been used to solve a wide range of problems in a number of different fields. This
project has revealed another application of polarimetric imaging in the area of license
plate recognition. A full system, including a polarized thermal camera and required
software solutions, has been constructed for this purpose. The limitations and restric-
tions of polarimetric imaging and how it specifically relates to the problem of license
plate recognition have also been investigated. The observed polarization effect in the
long-wave infrared domain is mainly influenced by the temperature difference between
the object and its optical background, the incidence angle of the radiation, and the
refraction index of the object. These three factors are, in turn, influenced by other,
more or less controllable aspects. Through visual evaluation, it is clear that the po-
larimetric images provide additional and relevant information that is not present in a
pure thermal image. Further evaluation of the implemented system, given that proper
conditions are met, confirms an empirical advantage. The implemented system serves
as a proof of concept and requires more development before any real-world implemen-
tations can be considered.

Keywords: LWIR polarimetry, Stokes parameters, license plate recognition, com-
puter vision, machine learning, U-Net, OCR
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1 Introduction

Unlike the visual camera, the thermal camera does not require external illumination.
Instead, it relies on the fact that all matter, with a temperature above absolute zero,
emits thermal radiation. The emitted radiation, at reasonable temperatures, is focused
in the long-wave infrared spectrum, which in turn has beneficial transmission proper-
ties in atmospheric environments [1]. This contributes to improved vision and longer
detection ranges compared to the visual camera, which makes thermal cameras useful
in surveillance and security applications. While the thermal camera can distinguish
temperatures effectively, it is considerably worse at capturing fine details, which are
easily obtained with a visual camera. This makes object recognition with the thermal
camera, in general, more difficult than with the visual camera.

The thermal camera measures the intensity of the incoming thermal radiation. Be-
sides its intensity, another characteristic of electromagnetic radiation is its polarization
state. The feature space of the polarized domain contains information about shape,
orientation, and material composition [2][3]. By measuring the polarization signature
of the radiation, more information can be extracted from the scene. This gives rise to
new possibilities for thermal imaging in a variety of applications.

One potential application of thermal imaging is license plate recognition. In most
cases, monitoring of cars is done using a visual camera. When external illumination is
poor or undesirable, this approach may not be sufficient. In such situations, alternative
approaches are necessary, and thermal polarimetry may be a plausible solution.

1.1  Problem Description

The goal of this project is, besides investigating the potential benefits of polarimetric
imaging, to construct a polarized thermal camera system for the purpose of license
plate recognition. The aim is to investigate if there is an advantage to using polari-
metric imaging over pure thermal imaging for the given problem. Additionally, the
limitations of polarimetric imaging and how it specifically relates to the problem of
license plate recognition are also investigated.

As of this time, thermal cameras are not used for license plate recognition. In
most cases, thermal imaging lacks the contrast to distinguish the characters from the
background of the license plate. This is due to the fact that the temperature and
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emmisitivity properties are, in general, consistent across the plate. The additional
information from the polarized domain may enhance the differences between the char-
acters and the background and hence make the thermal camera a viable option for
license plate recognition.

1.2  Related Work

Long-wave infrared polarimetry is a topic that has been active since the early 1990s
and has been proposed as a solution to a number of different problems. Material classi-
fication is an important application. It has been shown that the polarization signature
of radiation reflected off an object can give an insight into its material composition
and can help distinguish between dielectric materials and metals [3]. In the field of
astronomy, polarimetric imaging is used in the analysis of terrestrial objects, where it
can provide information about structure and composition [4]. In both applications, the
concept of polarization due to reflection is used. This is a widely known phenomenon
that has been studied in depth [5]. Reflections can, in some cases, be a nuisance on
the topic of object tracking and detection. It has therefore been proposed that the
polarization signature of incoming radiation can be used in an image processing sys-
tem to eliminate reflections [6]. Polarimetric imaging has also shown improvements
in the application of facial recognition compared to standard thermal imaging. The
main reason is the added information from the polarimetric domain about the texture
and shape of the face [7]. Autonomous driving is also an area where this concept has
shown promise. It has, for example, been suggested as a solution to the problem of
road detection, where the polarization signature of the radiation reflected by the road
is used to draw conclusions about the scene [8].



2 Background

In this section, the relevant physics concerning electromagnetic radiation and polar-
ization is presented. An overview of artificial neural networks and projective transfor-
mations is also included.

2.1 Electromagnetic Radiation

Electromagnetic radiation consists of electromagnetic waves. Electromagnetic waves
are, in turn, composed of two transverse components: an electric field and a magnetic
field. The electric field and the magnetic field oscillate orthogonally both to each
other and to the direction of propagation. Electromagnetic radiation interacting with
a medium can either be reflected, transmitted, or absorbed. The outcome depends on
the wavelength and the material that the wave is interacting with [9].

A black body absorbs radiation of all wavelengths and from all incident angles. If
the black body is in thermal equilibrium with its surroundings, then the amount of
emitted energy from the object equals the amount of absorbed energy. Ideal black
bodies do not exist in nature. Instead, naturally occurring matter also reflects and
transmits part of the inclined radiation [10]. The amount of energy that is emitted
is measured by the emissivity of the matter. Similarly, absorptivity measures how
much energy is absorbed [9]. The amount of emitted energy is directly proportional
to the amount of absorbed energy. This can be explained by Kirchoft’s law of thermal
radiation, which states that if the matter is in thermal equilibrium, then the emissivity
equals the absorptivity [11]. This is a direct result of the law of conservation of energy.

All matter with a temperature above OK radiates electromagnetic radiation. The
spectral density of the electromagnetic radiation emitted by a black body in thermal
equilibrium is described by Planck’s radiation law

2whc? 1

E\(T) = N5 ehe/ksTx _ |

(2.1)

where X is the wavelength, T' the temperature, h Plank’s constant, ¢ the speed of light
in vacuum, and kp Boltzmann’s constant [10]. Figure 2.1 shows spectral densities of
emitted radiation as a function of wavelength for different temperatures. For the given
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temperatures, it is clear that the majority of the emitted power is concentrated in the
long-wave infrared spectrum.
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Figure 2.1: Spectral densities of emitted radiation for different temperatures.

2.1.1  Long-Wave Infrared Radiation

The LWIR (Long-wave infrared) spectrum is a subset of the infrared band of the
electromagnetic spectrum. It covers the wavelengths of 8um to 14pum. The transmit-
tance, i.e., the ratio of the transmitted radiation to the total radiation incident upon
the medium, of air as a function of the wavelength can be seen in Figure 2.2. This par-
ticular spectrum is measured at sea level over a distance of one nautical mile (1852m).
Note that the transmission is dependent on the length and characteristics of the path
that the radiation travels [1]. This spectrum indicates that LWIR radiation has better
transmission properties in atmospheric environments compared to other wavelengths.
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Figure 2.2: Transmittance of atmosphere [1].

This characteristic, together with the fact that the emitted energy at reasonable tem-
peratures mainly consists of wavelengths from the LWIR spectrum, makes the LWIR
spectrum valuable to observe.

2.2 Polarization

In general, electromagnetic radiation is unpolarized. This means that the direction of
the electric field, and therefore also the magnetic field, does not follow any particular

4
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pattern. For polarized radiation, the electric field component instead oscillates in
a non-random pattern. The polarization state of the radiation can be modeled in
different ways. One way is with the polarization ellipse.

2.2.1  The Polarization Ellipse

For a monochromatic wave, i.e., a wave with only one wavelength, propagating in the
z-direction, the x- and y-components of the electric field can be described by
E.(z,t) = Eo, cos(wt — kz + ;) (2.2)
E,(z,t) = Ey, cos(wt — kz +6,) '

where Ey, and FEj, are the maximal amplitudes, w the angular frequency, k = %’T the
wavenumber, and §, and ¢, the phases. By eliminating wt from (2.2), it can be shown
that

E2(z,t)  E}(zt)  2E,(z,t)E,(z1)
A - 4 - 0 = sin 20 2.3
B2 + Egy FouFo, cos sin (2.3)

where § = d, — d, [12]. Equation (2.3) is the equation of an ellipse and is called the
polarization ellipse. This means that as a polarized electromagnetic wave propagates
through space, the electric field traces out an ellipse, or some special case of an ellipse,
such as a circle or straight line, in the plane orthogonal to the propagation direction.
The polarization ellipse is depicted in Figure 2.3. With the polarization ellipse, the
complete polarization signature of the electromagnetic wave can be described.

oV

Figure 2.3: The polarization ellipse.

The angle of rotation ¢ and ellipticity angle x in Figure 2.3 are described by

2Fo, Eo, cos
tan2y = ——F _—— 0<¢y <7 (2.4)
EOQx_Egy
and 2Ey, By sin 6
in?2 _ 250z Loy SINO _E< <Z. 2.5
X TR B 1N (2:5)

These angles measure the orientation of the polarization and how linear or circular
the polarization is, respectively [12].
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2.2.2  Stokes Polarization Parameters

One limitation with the polarization ellipse is that it can only describe completely
polarized radiation and not unpolarized nor partially polarized. To overcome this
issue, the Stokes polarization parameters, which are four measurable quantities that
can completely describe any state of polarized radiation, can be considered [12].

By letting z = 0 without losing generality, the polarization ellipse in (2.3) can be
written as

B(0) , B0 2E(0E,(0)

cosd =sin 20 . 2.6
B T EL BBy (2:6)

In order to represent (2.6) to measurements of the radiation, an average over the time
of observation has to be considered. Let the time average of E;(t)E;(t) be defined
according to

(E()E;(1) = lim — /0 EOE; () dt, i) =,y 2.7)

T—o0

where 7' is the time of observation. It can be shown that applying (2.7) to (2.6) gives
that

Sg =S+ S5 + 53 (2.8)

where

So = ng + Egy
Sl = ng - Egy (29)
Sy = 2Fy, o, cos d

Sg = QEO:L‘EOy sin 0

and these parameters are called the Stokes polarization parameters. The first parame-
ter, Sy, describes the total intensity, S; the amount of horizontal or vertical polarized
radiation, S, the amount of +45° or —45° polarized radiation, and S3 the amount of
right or left circular polarized radiation [12].

Stokes parameters are also related to 1 and y in the polarization ellipse according
to

S

tan 21 = 5 (2.10)
and g
sin 2y = S% . (2.11)

The relation in (2.8) is only valid for completely polarized radiation. Hence, any
state of polarization, including unpolarized and partially polarized radiation, fulfills
the inequality

Sg > ST+ 55+55 . (2.12)

A measurement that follows from the inequality in (2.12) is the degree of polarization,
which is defined according to
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D= ]polarized _ V S% + 522 + Sg (2 13)
Ipolarized + Iunpolarized SO

where Ipoarized a0d Lynpolarized T€Present the intensities of the polarized and unpolarized
part of the radiation, respectively [12].

2.2.3  Stokes Polarization Parameters in Practice

Stokes polarization parameters can be measured in several ways. Let Iy represent the
intensity of the radiation oriented 6 degrees from the horizontal level. Given the four
intensities Iy, 145, oo, and I35, a reduced and only linear version of Stokes parameters
can be derived according to

So = %(—70 + Iys + Igo + I135)
Sy = 1o — Igo (2.14)
So = Iy5 — I35

where S3, which measures circular polarization, is excluded. The orientation angle
given in (2.10) and the degree of polarization given in (2.13) are defined in a linear
fashion as the Angle of Linear Polarization (AoLP) and the Degree of Linear Polar-
ization (DoLP). These are denoted A and D, respectively, and are defined according
to

1 SQ s
A= §arctans—1+k§, kel (2.15)
and
2 Q2
Do VSit+S (2.16)
So

where the value of A is chosen in the range [0, 7) for which

sign(cos2A) = sign(S;) (2.17)
is satisfied [8][13].

2.2.4  Polarization due to Reflection

Unpolarized radiation can become polarized as a result of a number of different physical
processes. In general, the polarization of radiation occurs due to an interaction between
the electromagnetic wave and a medium. One example of this is polarization due to
reflection off a surface.

Radiation reflected off a surface can be separated into two distinct components: a
diffuse component and a specular component. The diffuse component is created by
radiation penetrating the surface of the material and undergoing multiple reflections
and refractions before emerging from the material. In general, the diffuse component
is unpolarized. The specular component is created on the surface of the material and
has the same angle relative to the normal of the surface as the inclined radiation. The
specular component can be polarized [14].

Assume that all inbound radiation upon an object is either reflected or absorbed
and that the absorptivity is equal to the emissivity in each polarization state. This
gives that
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{es<9> +7.(0) =1 2.18)

ep(0) +7p(0) = 1

is satisfied [5]. Here, ¢ is the emissivity of the object, r is the reflectance of the object,
0 is the incident angle, and s and p represent the radiation perpendicular and parallel
to the plane of incidence as depicted in Figure 2.4. The optical background refers to
the source of the inbound radiation.
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Optical Background
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1
1
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|
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Figure 2.4: Polarization due to reflection.

If the temperature of the object and its optical background are denoted T, and 75,
respectively, the total s- and p-polarized spectral radiance leaving the object, LE\S) and

Lg\p ) are given by

) gy — ¢ \ r A Lb
{LA (8) = £,(0) EX(T,) + 1(0) EA(T) (2.19)

LP(8) = £,(0) EA(T,) + 1,(0) Ex(T3)

where FE\(T) is Plank’s black body radiation curve at temperature 7. It is here
assumed that the emissivity and reflectivity are constant over the wavelengths, which
is a reasonable assumption in the LWIR spectrum [5]. Using (2.18), (2.19) can be
rewritten as

(s) — r AdLp) — Lx(Lo
{LA (8) = EX(T,) + r4(0)(EX(T}) — EA(T3)) (2.20)

LY(0) = Ex(T,) + r,(0)(Ex(T}) — EA(T,))

which implies that if T, = T; then L’(8) = L{”(6) and the radiation is unpolarized.
If instead T, # T}, and r(0) # r,(0), then the radiation leaving the object is polarized.
It T, < T, the polarization is mostly due to the reflection, and if T, > Tj, it is mostly
due to emission. The values of r4(f) and r,(6) for a given angle § are given by the
Fresnel equations

n1cos@—na, /1—(~L sin §)2
— no
rs(6) =

n1 cos f+no \/1—(% sin 0)2

(2.21)

n1 1—(% sin 6)2—ng cos @
p(0) =

ni \/1—(% sin 0)2+ng cos 0
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where n; and ny are refracting indices for the first and second mediums, respectively
[5]. Figure 2.5 shows the difference between ry and r, for the angles 6 € [0°,90°] and
different values of ny. The value of ng is set to 1.

2.0
051 — 18

— 1.6

|rs(8) — rp()]
o °
w »

I
N

0.19

0.0

Figure 2.5: Difference in reflectance as a function of 6 for different values of ns.

Figure 2.5 indicates that the difference between 7, and 7, increases with the angle
up to its maxima but also with the refraction index of the surface. If the difference
between ry and 7, increases, so does the difference between LE\S) and Lg\p ), and hence

the degree of polarization.

2.2.5  Polarizing Filters

Polarizing filters affect the polarization signature of incoming radiation through selec-
tive absorption. Radiation passed through a polarizing filter loses intensity if the angle
of its polarization signature does not match the transmission direction of the filter.
The field transmitted through the filter equals the component aligned with the filter.
For a linearly polarized field U with an angle « relative to the filter, the transmitted
field appears as

u = U cos (2.22)

with the intensity
I=ul?=0U%cos’a . (2.23)

This means that if the inclined wave oscillates in the transmission direction of the
filter, then the wave does not lose any intensity. For all other angles, the field loses
intensity, and when the polarization angle is orthogonal to the transmission direction
of the filter, the field is completely eliminated. Incident unpolarized radiation that is
transmitted through the filter becomes polarized, and the intensity is halved [15].

2.3 Artificial Neural Networks

An artificial neural network (ANN) is a machine learning model that is inspired by the
structure and functionality of the human brain. It is composed of artificial neurons,
or nodes, that are connected to each other in a layered structure. The process of
employing an artificial neural network is to both design its structure and train it to
perform well on a given task. The training requires mainly three things: training data,
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a loss function, and an optimization method. Neural networks are mostly used in a
supervised setting, which means that the training data is a set of paired input data
and expected output data. The loss function is a function that takes a true output and
a predicted output and computes a loss that measures how well the network models
the training data. The training is then executed through iterative minimization of
the loss function given the training data and with respect to the parameters of the
network.

2.3.1  The Perceptron

The perceptron is one of the simplest examples of an artificial neural network. It
consists of a single node that, given a set of inputs z;, ¢« = 1,..., N, produces the
output y according to

N
j=¢ <wo +> w:c) (2.24)
=1

where ¢ is an activation function, w; weights, and wy a bias. The activation function
models the behavior of a neuron, where a large input gives a large output and the trig-
gering of the neuron follows a threshold-like behavior. Common activation functions
are the sigmoid function and the ReLLU function, which are defined as

o(r) = (2.25)

and
ReLU(z) = max(0, x) (2.26)

[16].

2.3.2  Multilayer Perceptrons

A multilayer perceptron (MLP) is a fully connected feedforward artificial neural net-
work that is composed of several perceptrons connected to each other in a layered
structure. There are three kinds of layers: the input layer, the hidden layers, and the
output layer. The depth of the network and the size of each layer can vary for different
architectures. By increasing the complexity of the network, more complex functions
can be approximated [16].

2.3.3  Convolutional Neural Networks

Convolutional neural networks (CNNs) are a subset of neural networks that are partic-
ularly applicable for two- and three-dimensional data, such as images. The foundation
of the CNN is the use of convolutional layers. For each pair of input channels z(-, -, )
and output channels y(-,-, k), there is a kernel w(-,-, [, k). Each output channel is
computed as a bias wy(k) plus the sum of convolutioning each input channel with the
corresponding kernel according to

y(i, 7, k) = wo(k) + Z Z Zm(z —u,j —v,Dw(u,v,l, k) . (2.27)
u v l

Another common building block in CNNs is the pooling layer. The purpose of
the pooling layer is to decrease the dimensions of the feature map while maintaining

10
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important information. A common type of pooling is max-pooling. For max-pooling,
a window of a certain size is shifted across an image, and the maximal value within
this region will be the output.

In many instances, the CNN also contains one or more fully connected layers and
non-linear activation functions, i.e., an MLP. A common architecture is to begin the
CNN with sequential blocks of a convolutional layer, followed by an activation function
and a pooling layer. These blocks are used to learn features. By then flattening the
features to one dimension, they can be passed to a fully connected network [16].

2.3.4  The U-Net Architecture

The network architecture of the U-Net was proposed by Ronneberger et al. [17]. It is
a model that has shown much success in the segmentation of images. Figure 2.6 shows
the architecture of a U-Net. It resembles the structure of an encoder-decoder model.
In the U-Net architecture, the encoder and the decoder are denoted as the contracting
path and the expansive path, respectively [17].

The contracting path follows the design of a standard CNN. The convolutional
blocks consist of two successive unpadded 3 x 3 convolutions, each followed by a ReLLU,
and a 2 X 2 max-pooling layer with a stride of two.

The expansive path is similar in structure to the contracting path. One difference
lies in the introduction of up-convolutions, which increase the dimensions of the feature
maps. The feature maps are also, in every step, concatenated with the corresponding
feature maps from the contracting path. This process is called skip connections.

The contracting and expansive paths are connected by two successive convolution
and ReLU operations. A 1 x 1 convolution is also added as a final layer to map the
64 feature maps to an arbitrary number of segmentation classes [17].

164 64

128 64 64 2

output
segmentation
3 map

image (s > (||

392 x 392

=» conv 3x3, ReLU
copy and crop
¥ max pool 2x2
4 up-conv 2x2
= conv 1x1

Figure 2.6: Network architecture of U-Net [17].

The skip connections have the added benefit that they help preserve information that
would otherwise be lost while down-sampling. This effectively allows contextual infor-
mation to be propagated throughout the network [17].

11
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2.4 Projective Transformations in 2D

Two different images of a plane in 3D space are, assuming a pinhole camera model,
related by a projective transformation, also known as a homography. The scenario is
depicted in Figure 2.7.

Figure 2.7: Two projected images of a planar surface.

More precisely, a point in the first image, ; € R?, and the corresponding point in the
second image, y; € R?, are related according to

A [yl] —H {ﬂ (2.28)

where \; # 0 and H is an invertible 3 x 3 matrix. Since \; can take any value except
zero, the scale of H is arbitrary. Because scale does not matter, H, which has nine
elements, has eight degrees of freedom [16]. For every pair of corresponding points,
(2.28) gives three equations and one additional unknown (A;). To determine H, at least
as many equations as unknowns are needed. With n pairs of corresponding points,
there are 3n equations and 84+n unknowns, and the number of needed correspondences
is given by

N>8+n < n>4. (2.29)

This means that at least four pairs of points are sufficient to find the homography H.

12



3 Method

The premise of this project, i.e., license plate recognition using polarimetric imaging,
is only possible because of material differences on the Swedish license plate. The
characters on the license plate are coated in matte black paint, and testing has shown
that it tends to polarize thermal radiation less than the reflective background. This
section explains the final system utilizing this fact for license plate recognition. The
full system is divided into a polarimetric imaging system, a segmentation system,
and an optical character recognition (OCR) system. The polarimetric imaging system
involves taking and deriving polarimetric images. After that, the segmentation system
takes a polarimetic image and produces a rectified and cropped image of the license
plate. Finally, the OCR system takes the image of the rectified license plate and
segments and classifies each individual character.

3.1 Polarimetric Imaging System

The main components of the thermal camera system are a thermal camera and a
linear polarization filter. The thermal camera has a resolution of 288 x 384. The
linear polarization filter that is used is shown in Figure 3.1a. It is designed for the
wavelengths 7-15um. The polarization extinction ratio, i.e., the ratio of the power in
the transmission direction to the power orthogonal to the transmission direction after
propagation through the filter, is 1:10000. It also has a transmittance of over 68% for
the radiation components parallel to the transmission direction.

The linear polarization filter is attached in front of the thermal camera using a
3D-printed mold. This allows the filter to be rotated in different directions. The filter
is placed as close to the lens of the camera as possible in order to reduce noise caused
by the air pocket between the filter and the lens. The mold is attached to the camera,
and the camera is in turn placed on a 3D-printed base, making it possible to tilt and
rotate the camera. The whole ensemble is shown in Figure 3.1b.

13
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(a) filter (b) camera system

Figure 3.1: Polarization filter and polarimetric thermal camera.

Much emphasis was put into the placement of the camera relative to the license
plate. From theory, see Section 2.2.4, it is well known that in order to observe any
polarization effect, there must be a temperature difference between the object and
its optical background. The sky is considerably cold and easily accessible in an out-
door environment, which makes it suitable as an optical background for polarimetric
purposes. The camera is therefore positioned below the level of the license plate and
aimed upwards, which enables it to capture the reflection of the sky on the plate.

Early experiments suggest that there is a strong relationship between the angle of
the camera relative to the license plate and the observed polarization effect. This also
agrees with the theory behind polarization due to reflection given in Section 2.2.4.
When the angle is increased, so is the observed degree of polarization. A too-large
angle can, however, be problematic for two reasons. One issue is that if the angle is
too large, the relative difference in observed polarization between the characters and
the background starts to decrease. The second problem is that the effective resolution
of the plate also decreases with an increased angle. Therefore, the angle of the camera
relative to the center of the license plate is chosen in the range of 40° — 60°, as this gives
a good balance between the perceived polarization effect and geometric distortion.

The distance between the camera and the license plate is chosen in the range of
1-2 m, and the reason behind this decision is twofold. Firstly, the resolution of the
thermal camera sets an upper limit for the distance since the license plate in the final
image needs to be composed of enough pixels. A too large distance also makes it more
difficult to capture the reflection of the sky on the plate since buildings and other
obstacles may get in the way.

During each experiment, four images of the scene, denoted Iy, Iy5, I, and I35,
are captured with the filter rotated to the angles 0°, 45°, 90°, and 135° relative to
the horizontal level of the camera coordinate system. From the four images, Stokes
parameters, Sy, S, and Sy, are calculated according to (2.14), and from Stokes pa-
rameters, the AoLP and DoLP images are calculated according to (2.15) and (2.16).
When deriving the AoLP image, there are special cases that have to be considered.
For pixels where S is zero, the AoLP image is undefined. The value in this situation
is chosen according to the sign of Sy, as 45° if S5 is positive and 135° if it is negative.
If Sy is also zero, i.e., if the radiation is unpolarized, then the value is chosen randomly
in the range [0°, 180°).

In total, besides the four images of the scene, five images, Sy, Si, Sa, AoLP, and

14



3.2. SEGMENTATION SYSTEM

DoLP, could be of interest for segmentation and classification of the license plate. The
Sp image describes the total intensity in the scene and would, in theory, if noise from
the optics and imperfect rotation of the filter were ignored, represent the scene as if it
were photographed with a pure thermal camera. Hence, it does not contain information
about the polarization state. Both S} and S; contain polarization information. If the
difference between horizontal and vertical polarization is large, then S; would contain
interesting information. A similar reasoning can be done for Ss.

The AoLP and DoLP images both have interesting physical interpretations and
can provide information regardless of the angle of the polarization. The AoLP image
describes the angle of the polarization. In general, surfaces that are oriented differ-
ently relative to the camera polarize the radiation to different angles. This concept
may be useful in several applications, as it gives insight into the shape and orientation
of an object. Regarding license plates, since the characters and the background of the
plate belong to parallel planes, the angle of the polarization across the whole plate
appears homogeneous. This makes it difficult to distinguish the characters from the
background in the AoLP image. The entire license plate may, however, be distinguish-
able from its surroundings, and the image may therefore be beneficial for segmentation
of the plate but not for classification of the characters. The shape and orientation of
objects also influence the degree of polarization. The reason for this is that the ob-
served polarization effect is influenced by the incident angle of the radiation, which,
in turn, depends on the shape and orientation of the object. Beyond this, the degree
of polarization is also influenced by the refraction index of the surface. Since the char-
acters and the background of the plate are often made of different surface materials,
they tend to polarize the radiation to different degrees. This yields a contrast that
makes it plausible to distinguish the characters from the background. Thus, the DoLLP
image may be useful for both segmentation and classification.

In the final system, the DoLLP image is used for both segmentation of the plate
and classification of the characters. The reason for this is that it provides the most
relevant information and gives the best representation of the scene.

3.2 Segmentation System

The segmentation system takes the DoLLP image as an input and produces a segmented
and rectified image of the license plate. The DoLLP image is first processed and then
passed to a segmentation model. This model produces a binary segmentation of the
plate that is used to mask out and rectify the plate.

The pre-processing of the input image includes histogram equalization and nor-
malization. Histogram equalization increases the contrast in the image. This can
enhance details in parts of the DoLLP image where the difference in polarization is
small. Normalization is applied to compensate for the varying degree of polarization
in each experiment.

The segmentation model closely follows the design of the U-Net described in Section
2.3.4 and is shown in Figure 3.2. One difference is the introduction of padding in the
convolutional layers. As a consequence, the dimensions of the feature maps do not
change after the convolutional layers. Since the original dimensions (288 x 384) are
four times divisible by two, the skip connections do not require any cropping or resizing.
Another difference is the use of batch normalization in each convolutional block. The
reason for this is that batch normalization has shown great success in increasing the
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convergence rate during training.
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Figure 3.2: Network architecture of segmentation model.

The binary mask from the U-Net is used to find the corners of the license plate. This
is done by approximating a polygon from the mask and extracting its corners. These
four points are in turn used to estimate a homography. By cropping and applying the
transformation to the DoLLP image, a rectified image of the license plate is produced.

3.2.1 Dataset

The U-Net model is trained on pre-processed DoLLP images and manually annotated
segmentation masks. The training dataset is composed of 220 images taken during
a variety of weather conditions. By considering different weather conditions, the ro-
bustness of the model can be improved. Five scenes are captured for each car in the
dataset, varying the position and angle of the camera in between each experiment. The
limited number of available cars makes it necessary to perform multiple experiments
on the same car in order to gather enough data.

The testing dataset contains 60 images. These images are further divided into three
categories. The first set of images were taken on a clear, cloud-free day. The second
set includes images taken during a day with mild clouds, enough to partially obscure
the sky. For the third set, images are taken during a day with a substantial amount of
cloud cover. Each set is composed of two different images from ten different cars. No
car used in any of the test sets is also present in the training set. Also, license plates
with defects such as dirt and damage are excluded from the test sets. This is done
in order to clearly understand the impact that the amount of cloud cover has on the
system and also to see how well it can perform when proper conditions are met.

3.2.2  Training

The U-Net model is trained for a total of 100 epochs with a batch size of 16 and a
fixed learning rate of 10™*. The loss function used is the binary cross-entropy function
with a built-in sigmoid function, and the Adam optimization method is used as an
optimizer. At every epoch, each image in the training set is augmented by a random
affine transformation and with Gaussian noise.
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3.3. OCR SYSTEM

3.3  OCR System

The input to the OCR system is a rectified image of the license plate. Pre-processing
is applied to the image before the characters are segmented. The segmented characters
are then passed to a CNN for classification.

The pre-processing of the input image includes median blurring, adaptive thresh-
olding, and image opening. The median blur reduces salt-and-pepper noise and other
inconsistencies in the image. Adaptive thresholding is preferred over global thresh-
olding since it can compensate for varying degrees of polarization across the license
plate. After the thresholding, the characters can, at times, be connected to each other
and unwanted regions in the background. This is the motivation behind the use of
image opening. Besides the image opening, parts of the image, including edges and
areas where no characters should be present, are also cut. The individual characters
are segmented from the binary image by analyzing connected components and their
area and center of mass. This produces six binary images of one character each.

The character classifier is a typical CNN composed of three blocks that contain
a convolutional layer, a batch normalization, a ReLU, and a max-pooling layer. The
convolutional blocks are followed by three fully connected layers with ReLU activation
functions. A dropout layer is also present in between the last convolutional block and
the fully connected network. This reduces overfitting and generalizes the model. The
network architecture of the character classifier is shown in Figure 3.3. The relative
simplicity of the input data allows the classifier to remain relatively simple, but a
certain amount of complexity is still required because of the large number of classes.
In total, there are 33 possible characters on a Swedish license plate. This includes the
numbers 0-9 and the letters A7, excluding I, ), and V. It is known that the first three
characters on the license plate can only be letters, that the two following characters
can only be numbers, and that the last character can be either, excluding the letter
0. This prior knowledge is utilized to restrict the final prediction appropriately.
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Figure 3.3: Network architecture of classification model.

3.3.1 Dataset

Due to the limited scope of the project and the limited number of available cars,
gathering training data for the character classifier by photographing cars is not feasible.
The dataset used to train the U-Net does not provide an even distribution of characters.
The classifier is therefore trained on images of letters and numbers from two different
font styles. The first font was used on license plates issued on Swedish cars between
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the years 2000 and 2014. The second font is the font currently used on Swedish license
plates as of this writing. There are minor differences between the two font styles, and
an example can be seen in Figure 3.4. By training the model on both font styles, it is
able to make accurate predictions on both modern and slightly older cars.

ADM31/19

(a) old font

ADM3/1?

(b) new font

Figure 3.4: Example of old and current font style used on Swedish license plates.

3.3.2  Training

The model is trained over a total of 25 epochs. The dataset is duplicated four times
so that every character occurs a total of 32 times. With a larger set of data, the
batch size can remain relatively large, and in this case, a batch size of 32 is used. The
cross-entropy loss function and the Adam optimizer with a fixed learning rate of 1073
are used. Augmentation is performed on the data during each epoch and includes
a dilation, a random crop, and a random affine transformation. The purpose of the
dilation is to mimic the increased boldness that the segmented characters possess as
a result of the median blurring.
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4 Results

This section contains results regarding the polarimetric imaging system, segmentation
system, and OCR system. An evaluation of the full system is also presented. Regarding
the segmentation system, in order to draw conclusions about the benefit of polarimetric
imaging for this application, the system is also trained and evaluated on the Sy image.
Because of the interesting physical interpretation of the AoLLP image, the system is
trained and evaluated on this image as well. In order to enhance the difference in
informational value between these images, different levels of complexity in the U-Net
are also investigated.

4.1 Polarimetric Imaging System

The foundation of all the polarimetric images is given by the four taken images: Iy,
145, Igo, and I135. An example of how the images can look is shown in Figure 4.1.
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Figure 4.1: Four taken images.

The Stokes polarization parameters, Sp, Si, and Ss, that are computed from the four
images can be seen in Figure 4.2.
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Figure 4.2: Stokes parameters.

The AoLP and DoLP images that are derived from Stokes parameters can be seen in
Figure 4.3.

(a) AoLP (b) DoLP

Figure 4.3: AoLP and DoLP images.

4.2 Segmentation System

Before the DoLLP image is passed to the U-Net for segmentation, it is pre-processed.
The DoLP image and the processed DoLLP image are shown in Figure 4.4.
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(a) DoLP (b) processed DoLP

Figure 4.4: DoLLP and processed DoL.P.

The segmentation results for the example scene presented above can be seen in Figure
4.5. The dice score between the predicted mask and the ground truth is 0.98.

(a) predicted mask (b) ground truth

Figure 4.5: Predicted mask and ground truth mask.

The resulting dice scores for different U-Net models, both for the train set and the test
sets, are shown in Table 4.1. The models included are trained on Sy, AoLLP, and DoLLP
images, respectively. The different architectures represent the depth of the U-Net, i.e.,
the depth of the contracting and the expanding paths.

Table 4.1: Dice scores for predicted masks.

architecture | input image | train dataset Clear sky teicﬂ((iia;cfao Slicls Touds

So 0.99 0.95 0.97 0.95

U-Net 4 AoLLP 0.97 0.96 0.96 0.95
DoLP 0.99 0.98 0.98 0.96

So 0.98 0.93 0.95 0.82

U-Net 3 AoLP 0.97 0.96 0.96 0.91
DoLP 0.99 0.97 0.97 0.93

So 0.93 0.87 0.88 0.74

U-Net 2 AoLLP 0.91 0.89 0.88 0.53
DoLP 0.95 0.94 0.95 0.76
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4.3. OCR SYSTEM

The corners of the masks are used to estimate homographies. Figure 4.6 shows the

rectified and cropped license plate from the example above.

Figure 4.6: Rectified and cropped plate.

A subjective evaluation of the segmentation system is presented in Table 4.2. Each
rectified and cropped plate is gauged as either acceptable or not based on the appear-
ance of the image. A plate is considered acceptable if it contains all six characters
with a minimal amount of geometric distortion. The plate in Figure 4.6 is considered
a correctly rectified plate.

Table 4.2: Accuracies for correctly rectified plates.

. . . test dataset
architecture | input image clear sky mild clouds clouds

So 0.90 0.95 0.90

U-Net 4 AoLLP 0.80 0.90 0.65
DoLP 1.00 1.00 0.95

So 0.85 0.85 0.50

U-Net 3 AoLLP 0.75 0.80 0.25
DoLP 1.00 1.00 0.85

So 0.35 0.25 0.35

U-Net 2 AoLP 0.20 0.30 0.10
DoLP 0.80 0.65 0.25

The root mean squared errors (RMSEs) of the estimated corners are presented in Table
4.3. The RMSE of the estimated corners in Figure 4.5a is 2.45.

Table 4.3: RMSEs for estimated corners.

test dataset

architecture | input image clear sky mild clouds clouds
So 22.99 11.38 20.77

U-Net 4 AoLLP 34.31 22.00 37.17
DoLP 2.88 3.17 12.01

So 35.99 59.49 89.85

U-Net 3 AoLLP 11.61 47.80 73.96
DoLP 3.89 3.42 36.16

So 113.60 133.16 131.17

U-Net 2 AoLLP 118.22 127.54 140.37
DoLP 65.04 106.52 139.80
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4.3  OCR System

The rectified image of the license plate is processed through a sequential set of steps
before character classification. Figure 4.7 presents the major steps.

£924

(a) input image

BUXc924

(b) after median blur

2

(c) after adaptive threshold

XUX(.92

(d) after edge cut and image open

Figure 4.7: DoLP image after each processing step.

The largest connected components are segmented from the processed image. The
segmented characters for the example are shown in Figure 4.8.

XUXI912/4

Figure 4.8: Segmented characters.

The segmented characters in Figure 4.8 are passed to the character classifier for a
prediction. In this case, the model predicted the plate correctly. The accuracies for
the OCR system on the train and test datasets can be seen in Table 4.4. In order
to evaluate the OCR system independently of the segmentation system, the plate is
rectified using manually annotated corners.

Table 4.4: Accuracies for the OCR system.

test dataset
clear sky mild clouds clouds
1.00 0.98 0.96 0.85

train dataset
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4.4  Full System

The accuracies for correctly classified characters and correctly classified license plates
for different weather conditions are presented in Table 4.5. A license plate is considered
correctly classified if all six characters are correctly classified. The system is evaluated
using the DoLP image as input and the U-Net 4 architecture.

Table 4.5: Accuracies for full system.

clear sky mild clouds clouds
characters 0.98 0.97 0.79
license plates 0.90 0.90 0.55
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5 Discussion

In this section, the results are discussed. The polarimetric images, the segmentation,
and the character classification are all evaluated and discussed individually, followed
by a complete discussion of the full system. Beyond the discussion of the results,
limiting factors and future improvements are also presented.

5.1 Polarimetric Imaging System

From experiments and evaluation of the system, it can be concluded that the observed
polarization effect is mainly influenced by three factors. That is, the temperature
difference between the object and its optical background, the incidence angle of the
radiation, and the refraction index of the object, which agrees with the theory in
Section 2.2.4. These three factors are, in turn, influenced by other, more or less
controllable aspects.

The position of the camera has a large impact on the observed polarization effect.
For pure polarimetric purposes, it is generally beneficial to use a large angle to increase
this effect. Regarding license plate recognition, increasing the angle not only increases
the polarization effect on the background but also on the characters of the plate. If
the angle is large enough, then the difference in degree of polarization between the
background and the characters decreases. This makes it harder to distinguish them,
which in turn interferes with segmentation and classification. On the other hand,
if the angle is too small, then there is not a large enough difference in the s- and
p-components of the spectral radiance to observe any substantial polarization effect.
Another disadvantage with a large angle is the decreased resolution of the license plate.
The resolution of the license plate is not only affected by the angle but also by the
resolution of the camera and the distance to the plate.

The distance between the camera and the license plate is chosen in the range 1-2m.
For most practical settings, this distance is too short and may be problematic. If the
car is moving at high speed, then a short distance makes the timing critical. The
distance could be expanded as long as the sky remains the optical background. This
demand also limits the camera position to always be below the level of the license
plate. The height of the license plate relative to the ground varies from car to car,
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and in some situations, the camera may even have to be placed below ground level to
capture the reflection of the sky.

Besides the placement of the camera, the observed polarization is also affected
by the weather. Clouds and fog effectively mask the cold sky, which decreases the
temperature difference and therefore the observed polarization effect. The influence
of the amount of cloud cover is shown in Figure 5.1. Note that most images, in gen-
eral, contain more noise and less contrast between the characters and the background
compared to these images. The clear weather dependence means that the system is
sensitive to changes in the scene that are beyond control, which is a clear drawback.

0.034 0.017

(a) fog (b) clouds

(¢) mild clouds (d) clear sky

Figure 5.1: DoLP images for four different weather conditions.

Using the sky as the optical background has a practical appeal since it is almost always
accessible in an outdoor environment. An alternative solution is to add a source of
thermal radiation to the scene. The source could be controlled remotely and positioned
appropriately. This would give more freedom in the placement of the camera regarding
distance, angle, and level relative to the license plate. Early testing showed that using
a thermal source with a temperature that differs by 5-10°C relative to the license
plate gives enough polarizing effect to distinguish the characters. This is, however, a
subjective observation, and more rigorous testing is required if this approach is to be
implemented. Another possibility that would relax the restrictions on the positioning
of the camera is to introduce a reflector. The reflector could be used to reflect the
radiation from the sky onto the license plate.

The use of a rotating filter greatly limits the possible applications for this system
since it requires the scene to be static. This means that any situation in which the
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car is moving cannot be considered. Because the filter is rotated manually, it is never
placed exactly at the intended angle. Consequently, a certain amount of error is added
to each of the taken images. This error propagates through the derivation of the other
polarimetric images as well. Besides this, the filter also adds a certain amount of
noise. The noise is created by the optics of the filter and is most notable in situations
where illumination is poor. The rotating filter could be replaced by a grid of filters
attached to each pixel in the sensor, i.e., a micro-polarizer array, as has been suggested
by previous work [8][5]. This would allow the polarimetric images to be constructed
from interpolations of a single image. Another approach could be to use a filter wheel
that is rotated at a high speed. Such a method might be able to handle scenes that
are not completely static and may reduce the error from imperfect placement of the
filter.

In Section 4.1, the results concerning the polarimetric imaging system are shown.
Figure 4.1 displays what the four images Iy, 145, Iog, and I;35 can look like. The images
closely resemble the appearance of pure thermal images. There is a lack of sharpness
in the images, and relevant polarization information can be difficult to observe. The
images appear identical, as only minor differences are present. These differences can
be hard to perceive but are made apparent when deriving Stokes parameters. Figure
4.2 shows Stokes parameters. The first image, Sy, does not contain any additional
information compared to a pure thermal image. This is to be expected since Sy rep-
resents the total intensity in the scene and does not include polarization information.
More relevant information can be observed in S; and S;. By comparing S; and the
four taken images, it is clear that the contrast between character and background has
increased. This is the case for Sy as well. The AoLLP and DoLLP images for the example
are shown in Figure 4.3. The AoLP image contains information about the structure
and orientation of objects present in the scene. From the image, it is clear that sur-
faces oriented in the same way have similar values, and vice versa. The DoLLP image
is the sharpest out of all the images and also features the most relevant information.
Comparing the AoLLP and DoLLP images with Sy demonstrates the real advantage of
polarimetric imaging. More features are present, and conclusions can be drawn about
the scene that are impossible with just Sy. This difference is made clear in Figure 5.2.

69974 1.00

53916 0.75
37858 0.50

21800 0.25

5742

(a) So (b) processed DoLP

0.00

Figure 5.2: Sy and processed DoLP.

In some instances, the polarization effect on the license plate differs from the images
shown in Figures 4.1-4.3. At times, the characters polarize the radiation as much as
the background of the plate. This is a substantial problem that cannot be controlled.
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While no definite explanation for this phenomenon has been discovered, a possibility
is that the license plate on some cars is coated in a substance that makes the refraction
index across the license plate homogeneous. This is something that should be investi-
gated further. Other factors that can distort the appearance of the plate are defects
such as dirt, water, and dents, and that the reflective material has been damaged.
These issues are more difficult to overcome and can cause problems even for visual
cameras.

5.2 Segmentation System

Figure 4.4 shows the DoLLP image before and after processing. It can be observed that
the processing enhances contrast and details that were otherwise obscured. The final
image is also more appealing to the human eye. This is, however, just a subjective
evaluation. Training the segmentation model on both the processed and pure DoL.P
images shows an empirical benefit of the pre-processing.

The resulting segmentation from passing the processed DoLLP to the full U-Net can
be seen in Figure 4.5a. While the shape of the predicted mask closely follows the shape
of the ground truth, there are differences across the edges and in the corners. The edges
are not completely straight, and the corners are not as sharp as in the ground truth.
The corners of the masks are critical for this application because they are used to
estimate the homography that rectifies the plate. Since the dice score metric considers
the entire segmentation mask and not just the corners, it is a reasonable metric for
evaluating the U-Net. But it is not an optimal metric for the entire segmentation
system. A predicted mask with suboptimal corners can still yield a high dice score,
and vice versa. Therefore, evaluations of the estimated corners are used to gauge the
performance of the full segmentation system.

Table 4.1 shows the dice scores for three different U-Net architectures, each trained
and evaluated on Sy, AoLP, and DoLLP images. The AoLP and DoLP images are
considered because of the information they provide and the physical attributes they
represent. The consideration of Sy makes it possible to compare polarimetric imaging
with pure thermal imaging for the given task. The motivation behind testing different
U-Net architectures is to find the level of model complexity that is necessary for each
type of polarimetric image. The AoLP models perform worse than the DoLLP models
for both the train and test datasets. The DoLP models also perform as well as or
better than the Sy models for all datasets. This suggests that there is an advantage to
using polarimetric imaging for this specific purpose. It is, however, hard to draw any
definite conclusions about the difference between the DoLP and Sy models using the
dice score metric. Their respective values are relatively similar and do not give much
insight into the performance of the entire segmentation system.

A subjective evaluation of the segmentation system is presented in Table 4.2. Each
rectified and cropped plate is gauged as either acceptable or not based on the appear-
ance of the image. To objectively evaluate the segmentation system, the RMSEs of
the estimated corners, as can be seen in Table 4.3, are also considered. Both measures
confirm the conclusions drawn from Table 4.1, i.e., that the DoLP models outperform
the AoLLP models and, more importantly, the Sy models. These measures are not only
more representative of the performance of the entire segmentation system but also
more strongly emphasize the superiority of the DoLP models.

It is difficult to conclude from Tables 4.1, 4.2 and 4.3 if the system performs better
on the clear sky dataset or mild clouds dataset. This seems to indicate that a mild
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cloud cover does not have an adverse effect on the performance of the system. But
when the cloud cover is substantial, it is clear that the system starts to struggle. Also
worth mentioning is that the DoLLP model performs slightly worse than the Sy model
with the U-Net 2 architecture for the clouds dataset. This difference is minor, and
since both models fail to generalize to this dataset, no definite conclusions can be
drawn. Even though the results give an indication of the relative performance of each
model, the limited size of the test datasets makes the results sensitive to outliers and
poor data entries. With more test data, the credibility of the drawn conclusions would
be elevated.

A possibility that was not explored during this project is to concatenate multi-
ple polarimetric images. By combining several images, more information would be
available, and this could yield better performance. An interesting observation is that
the AoLP, Sy and DoLP images naturally translate to the channels in the HSV (Hue,
Saturation, Value) color space. Figure 5.3 shows an image where the hue, saturation,
and value are set by the AoLP, Sy and DoLLP images, respectively.

Figure 5.3: HSV image with H = AoLLP, S = Sy, and V = DoLP.

The U-Net architecture has proved to be a valid network structure for the task
of segmenting the license plate. As expected, when the complexity of the U-Net
architectures decreases, so does the performance and robustness of the system. The
less complex models, however, manage to highlight the informational value of each
image with respect to the given task. To obtain better results, more training data
could be collected. The training data is also slightly biased towards clear sky and mild
clouds since it contains a larger percentage of data captured during such conditions.
To some extent, this discrepancy is mitigated by the augmentations applied to the
training data. Even though this approach is limited, the augmentations could be
developed further to better model the effects of varying conditions.

Despite the fact that the U-Net proves to be a viable choice, there are a number
of other approaches that may reduce the overall complexity. A potential solution is
to construct a CNN that directly predicts the four corners of the license plate. The
benefit of this approach is that resources are not wasted classifying each pixel in the
image, which can be argued to be redundant work. Beyond this, a classical method
may be worth investigating. Such a method could, for instance, be based on detection
of parallel lines or corners. This method would most likely require less computation
than the cumbersome U-Net.
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5.3  OCR System

Figures 4.7 and 4.8 show the process of character segmentation. As mentioned earlier,
the processing includes median blurring, thresholding, and image opening. The aim
was to choose as few operations as possible but also have a clear motivation behind
each step. Many alternative approaches were examined, but this set of operations gave
the best results and proved to be adaptable to most images. Median blurring reduces
noise, which ultimately contributes to more successful thresholding. Omne problem
with this operation is that the characters get bolder and rounder, which affects fine
details such as holes and sharp edges. This means that there is a balance between
the reduction of noise and the distortion of the characters that has to be considered.
The thresholding method used is an adaptive thresholding method. This method is
favored over global tresholding since it performs better on images with varying degrees
of polarization across the plate. Due to the nature of how the images are taken, the
right side of the plate will observe more of a polarizing effect since it is at a larger angle
relative to the camera compared to the left side of the plate. More consideration could
be given to utilizing this prior knowledge, especially regarding the shape of the sliding
window. At times, after thresholding, the characters are connected to the background
or each other, which is undesirable. This can be seen in Figure 4.7c. Image opening and
cutting of the edges are useful for separating the characters without distorting their
shape and structure. One issue with this approach is that parts of the characters that
are connected by fine structures can be disconnected. When the image is processed,
the characters are segmented by picking the six largest connected components, and
the order is based on the x-value of their centroids. For this task, there is more prior
knowledge that could be utilized. Assuming a proper homography, the positions and
sizes of the characters are approximately known. This knowledge could be used to
further constrain the segmentation.

Applying the segmentation method mentioned above to any but the DoLLP image
yields poor results. The main reason is that this method relies on an intensity difference
between the characters and the background. This intensity difference is, in almost
every case, only present in the DoLLP image. Several attempts to create a system for
segmenting the characters in the other images were made. Different gradient-based
methods were, for instance, tested on the Sy image, but to no avail. This also points
to a definite advantage of using polarimetric imaging for license plate recognition in
the LWIR spectrum.

The accuracies of the OCR system for the train dataset and the three test datasets
are presented in Table 4.4. The system performs well on the clear sky and mild
clouds datasets. The few characters that are predicted incorrectly fail because of
poor segmentation and not due to the classification network. The system performs
noticeably worse on the clouds dataset, which is to be expected since the images
contain more noise and have less polarization effect. This makes segmentation of the
characters significantly more difficult. But in the general case, if the input image is
clear and has a distinct polarization effect across the license plate, then the predictions
are made correctly.

Much thought went into deciding on the complexity of the character classification
network. The desire was to keep the network simple while maintaining the ability
to distinguish between 33 classes. An interesting simplification that could be applied
is to merge the classes representing the letter O and the number (. This is possible
because they appear almost identical and never end up in the same position on the
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5.4. FULL SYSTEM

plate. Other network architectures and other machine learning approaches may also
be worth investigating.

Training the classification network on characters from the Swedish license plate
fonts proved to be a valid approach. Comparing the characters in Figures 3.4 and 4.8
shows that there is a difference between the font styles and the look of the segmented
characters. The segmented characters have softer edges and are bolder than the font
styles. Therefore, it is critical that the augmentation of the training data matches the
appearance of the characters after segmentation. Thus, much consideration went into
the design choices regarding augmentation. If the scope of the project was extended, a
possibility would be to train the classification network on actual images of characters
taken with the camera system. This is currently not possible due to the limited amount
of collected data.

5.4  Full System

Table 4.5 presents the results for the full system. The DoLLP image and the full U-Net
architecture are used because of their high performance compared to other polarimetric
images and architectures. As already concluded, there is a direct relationship between
the performance of the system and the amount of cloud cover. Since the accuracy for
the characters is higher than for the plates, especially for the clouds dataset, it can
be concluded that the weakest link, in the majority of cases, is the OCR system. As
discussed in Section 5.3, it is in particular the frailty of the character segmentation
that affects the performance of the OCR system. This means that in order to construct
a more robust system, more emphasis may be put on the character segmentation or
on the aspects that affect the images it receives.
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6 Conclusion

While the regular thermal camera measures the intensity of incoming thermal radia-
tion, another characteristic of electromagnetic radiation is its polarization state. The
polarization signature can provide additional information about the scene, such as the
orientation and shape of objects and their material composition. This information can,
in turn, be used to solve new problems and improve existing solutions. The observed
polarization effect in the LWIR domain is mainly influenced by three factors: the tem-
perature difference between the object and its optical background, the incidence angle
of the radiation, and the refraction index of the object. These three factors are, in
turn, influenced by other, more or less controllable aspects. Thus, in order to utilize
LWIR polarimetry in real-world applications, a comprehensive understanding of the
scene is necessary. In situations where the scene cannot be controlled or predicted,
the capability and reliability of this approach may suffer.

LWIR polarimetry has been proven to be a possible and viable solution to the
problem of license plate recognition. The implemented system is, however, restricted
by a number of different factors. The positioning of the camera needs to be considered
since it both affects the observed polarization effect and the quality of the image. The
temperature difference between the license plate and the sky is the most critical factor
that determines the degree of the observed polarization. This means that the weather
has a substantial effect on the results. The difference in refraction index between the
characters and the background of the plate is also crucial. This difference can, in some
cases, be reduced or even eliminated as a consequence of damage to the license plate or
due to changes to the surface material of the plate. The performance and robustness
of the system could be improved in several ways. One of the most important potential
improvements would be to add an external source of thermal radiation to replace the
sky as the optical background. Many of the presented limitations and restrictions,
e.g., the weather dependence and the placement of the camera, could be relaxed with
this approach.

Even though the proposed system imposes a number of different restrictions on the
scene and the setup, it performs well under the proper conditions. The implemented
system serves as a proof of concept and requires more development before any real-
world implementations can be considered.
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CHAPTER 6. CONCLUSION

This project corroborates an additional use case for LWIR polarimetry. The field
of polarimetry is, however, not exhausted, and several interesting problems and appli-
cations are yet to be explored.
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AVLASNING AV REGISTRERINGSSKYLTAR
MED POLARISERAD VARMESTRALNING

Pa manga platser i virlden anvinds kameror i olika sidkerhets- och 6vervakningssyften.
Vanligtvis finns det ett stort intresse av att kunna identifiera bilar och andra fordon som
passerar kamerans vy. Generellt sitt gors detta med en visuell kamera genom avlisning
av fordonets registreringsskylt. Detta arbete presenterar en ny metod fér avlidsning av
registreringsskyltar med hjilp av polariserad virmestralning. Systemet inkluderar en fysisk
kamerauppstillning med medféljande metodik for framtagning av polarimetriska bilder, och
diverse mjukvaru- och maskininldrningsbaserade l6sningar fér att avlisa skylten.

Det polariserade virmekamerasystemet bestar av
en virmekamera och ett linjirt polariseringsfilter.
Genom att placera filtret framfor kameran och ta
bilder pa ett systematiskt sitt kan polariseringen
av den infrardda stralningen métas och synliggoras.

For att observera nagon mérkbar polarisering
anvands konceptet att elektromagnetisk stralning
kan bli polariserad da den reflekteras av en yta.
Hur stark den polariserande effekten &r beror bland
annat pa ytans material. Eftersom karaktérerna pa
skylten och bakgrunden av skylten ofta &r gjorda av
olika material tenderar de att polarisera stralning
olika. mycket. Denna skillnad kan métas med ka-
merasystemet och &r anledningen till varfér detta
projektet dr mojligt. Kamerans position relativt till
registreringsskylten dr ocksa kritisk fér att uppna
en nodvéandig polariseringseffekt. Genom att place-
ra kameran lagre dn skylten sa kan himlens reflek-
tion fangas i skylten. Den hoga temperaturskillna-
den mellan skylten och den kalla himlen forstéirker
den polariserande effekten.

Figur 1 visar ett exempel pa hur bilderna fran
kamerasystemet kan se ut. Den vénstra bilden &r en
klassisk varmekamerabild och visar intensiteten av
den infallande vdrmestralningen. Bilden till hoger
beskriver stralningens grad av polarisering. Detta
ar ocksa bilden som anvénds for avldsning av regi-
streringsskylten. Det implementerade systemet som
gor detta bestar i huvudsak av tva neurala nitverk.
Det forsta anvinds for att segmentera ut skylten
fran bilden och det andra for att klassificera de sex

karaktdrerna. Utover de tva nétverken innefattar
systemet dessutom nédvéandig bildbearbetning och
estimering av en projektiv transformation. Denna
transformation #ndrar perspektivet i bilden sa att
det uppfattas som om den &r tagen rakt framfor
skylten.

Genom utvirdering av det implementerade sy-
stemet ar det tydligt att termisk polarimetri &r
att foredra Over klassisk termisk bildanalys for just
avldsning av registreringsskyltar. Det finns ddremot
signifikanta begrinsningar och mycket som maste
tas héansyn till. Den polariserande effekten beror
framst pa skylten och dess skick, temperaturskill-
naden mellan skylten och himmeln samt kame-
rans positionering. Det &r alltsa viktigt att ha en
stor forstaelse for omgivningen och de faktorer som
paverkar polariseringseffekten. Niar man har detta
och ratt villkor dr uppfyllda kan termisk polari-
metri vara ett framgangsrikt tillvigagangssatt for
avldsning av registreringsskyltar.

Figur 1: Viarmekamerabild och framtagen polarimerisk
bild.
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