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Cross-modal feature matching between infrared and visual images
Adapting intra-modal feature matching models for cross-modal matching
TOMMY ALEXANDER RÄJERT
Department of Electrical Engineering
Chalmers University of Technology

Abstract

Image feature matching is an essential part to various computer vision applications.
Many modern solutions apply machine learning techniques to achieve state-of-the-
art results. A lesser studied problem is matching image features between images
of different modalities. This thesis investigates this problem for the visual–LWIR
(long-wave infrared) case by utilizing the matching capabilities of the pre-trained
intra-modal models SuperPoint and SuperGlue. This is done by adding interfacing
models and additional layers to mitigate problems such as catastrophic forgetting
and data biasing in the pre-trained models. These techniques prove only marginally
successful compared to the pre-trained models themselves. For training these mod-
els, a method for sparse pseudo ground truth point correspondence is proposed, and
evaluation is done via pose estimation. This thesis provides insight into some specific
methods of transfer learning for the SuperPoint and SuperGlue models, methods for
ground truth estimation, and discusses the difficulties faced in this problem. Further
studying of this problem may be able to construct improved models for LWIR–visual
matching, which would enable more reliable methods for cross-modal camera cali-
bration & registration, localization, and image retrieval, with numerous applications
in the automotive, defense, and healthcare industries.

Keywords: feature matching, deep learning, computer vision, pose estimation, multi-
modal, infrared imaging, graph neural networks.
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Glossary

Below are the lists of acronyms and terminology that have been used throughout
this thesis, listed in alphabetical order:

Acronyms

ANN Artificial neural network. xv, xvii, 1, 2, 7, 8, 16,
37

AUC Area under curve. xxiii, 36, 41, 44

CNN Convolutional neural network. xii, xiii, xv, xvii,
xxi, 5, 8, 9, 23, 37, 45

ECEF Earth-centered, earth-fixed coordinate system. 3,
4, 22, 23, 34

GAN Generative adversarial network. 6, 45
GCN Graph convolutional (neural) network. 9
GNN Graph neural network. xv–xvii, xxi, 5, 9, 17, 23,

33, 40, 42–45

IMU Inertial measurement unit. 2, 4, 22, 48

LWIR Long-wave infrared. xxi, 2, 29

ML Machine learning. 4, 7, 16, 30
MLP Multilayer perceptron. 7, 8, 10, 20

NUC Non-uniformity correction. 4, 25

PnP Perspective-n-Point. xxi, V, 14, 15, 35, 36, 41, 43,
44

RANSAC Random sample consensus. 6, 15, 26, 35, 39–43,
48
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Terminology

FPN noise Short for fixed pattern noise—a type of noise
present in certain cameras such as uncooled mi-
crobolometers. In this case it is caused by inter-
nal heating in the camera and manifests itself as a
low-frequency noisy pattern in the image, which is
constant over small time intervals. xvi

Kalman filter A mathematical model used to estimate the state
of a system based on noisy measurements over
time. 4, 22

Shannon entropy A measure of the randomness in a set of data. 23
Base-line The distance between the centers of two pinhole

cameras in epipolar geometry. (See Figure 2.2).
12, 15, 20, 22, 30, 33–36, 39, 41, 44, 50

Baseline Used to refer to the model used as baseline for
comparison of experimental results.. 26, 38–42, 44

Cheirality check A test to determine which of a set of solutions for
a camera pose is permissible, based on a set of
3D points in a epipolar geometry. Conversely, this
may also refer to determining the sign of 3D points
in the same setting. 14

Disparity The distance a feature in an image moves in the
image plane between two cameras in stereo vision.
I.e. the pixel distance between the projections of
a 3D point onto different image planes. 28, 39

Feature map The output of a layer in a CNN. 8, 17, 20, 22, 23
Hyperparameter Parameters (such as layer depth, learning rate,

etc.) which cannot be optimized during model
training. 8, 17

Image plane The plane onto which points are projected by the
pinhole camera model. (See Figure 2.2). 10–13,
15, 26, 27

Intrinsic Intrinsic rotations are rotations in 3D described as
a sequence of rotations along orthogonal axes rela-
tive to the object/camera rotated. This is in con-
trast to extrinsic rotations, where the rotational
axes stay fixed according to an outside reference
frame. 22

x



Kernel A real matrix used when convolving a feature map
in CNNs. 8

Occlusion The problem of image features not being persis-
tently visible over time in a scene. 23

Attention A mechanism in some neural networks that allows
the model to selectively focus on specific parts of
the input. 5, 9

Overfitting Fitting a model such that it learns the specific dis-
tribution of the sampled training data and fails to
generalize. 8

Receptive field The range of inputs a neuron is sensitive to in a
neural network. 8, 9
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables which are used
throughout this thesis.

Vectors, Matrices, and Tensors

R 3 × 3 rotation matrix [R3×3]

K Intrinsic matrix (calibration matrix) [R3×3]

C Camera matrix [R3×4]

t Translation vector [R3]

z, Z Point(s) in three dimensions [R3,R3×N ]

ẑ, Ẑ Point(s) in three dimensions projected onto
the image plane

[R2,R2×N ]

p, P Point(s) in image plane [R2,R2×N ]

W (i) Weight parameter for the ith layer in an
ANN

[RM×N ]

b(i) Bias parameter for the ith layer in an ANN [RM ]

X Input data tensor [RN×K ]

Y Target data tensor [RNout×K ]

F Fundamental matrix [R3×3]

E Essential matrix [R3×3]

K CNN kernel matrix [RK×K ]

l GNN node embedding [RV ×N ]

FoV Field of view in the x and y axes, as a vec-
tor

[R2]

T Affine transformation matrix [R4×4]

e Epipole: position of a camera projected
onto the image plane of another camera,
in epipolar geometry

[R2]

xiii



J Jacobian matrix [RN×M ]

r Vector of reprojection errors [RN ]

1, 0 Constant vector of ones or zeros, respec-
tively

[RN ]

H Homography matrix [R3×3]

d Feature descriptor vector [R256]

P, P Collection of points in a 2D graph as a vec-
tor and set, respectively

[RN×2],R2

E, E Collection of 2D graph edges as a vector
and set, respectively

[P N×2], P 2

A Adjacency matrix for a graph [RN1×N2

≥0,≤1 ]

I Image [NN×M ]

E FPN noise component of an image [NN×M ]

Variables and functions

d Network depth/number of layers R

a, b Input and output vector sizes N

m, n, i Indices N

M, N Tensor dimension sizes N

k Batch index N

v, u GNN nodes –

fx Focal length parameter in horizontal (x) image
axis

R

fy Focal length parameter in vertical (y) image
axis

R

cx Principal point in the image plane, along the
horizontal (x) axis, in pixels

R

cy Principal point in the image plane, along the
vertical (y) axis, in pixels

R

sx Image width in pixels N

sy Image height in pixels N

κi Radial distortion parameters R

∆θ Angle (error) between two vectors [0, 2π)

L Loss function R
Nout×K → R

g Activation function R → R
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F Artificial neural network as a function R
N×K → R

Nout×K

K CNN kernel size N

r Radius from the principal point in the image R

τ Function returning a triangulated point z,
given two corresponding points p, p′, and their
respective camera poses C, C ′

R
2 × R

2 × [−π, π)6 ×

[−π, π)6 → R
3

mp, mn Cosine loss threshold for positive and negative
samples, respectively

R

λd Hyperparameter R

P SuperPoint neural network as a function R
sx×sy

[0,1] → N
2×k × R

k×256

G SuperGlue neural network as a function
(

N
2×k × R

k×256
)2

→

P k × P k × Ek

M Neural network model interfacing SuperPoint
and SuperGlue, as a function

R
k×256 → R

k×256,
(

R
k×256

)2
→

(

R
k×256

)2

T Image translation model as a function R
N×M → R

N×M

i Image pixel intensity N

t Time N,R

R Function mapping a rotation matrix to the an-
gle which it rotates a point around the origin

R
3×3 → [0, 2π)

d Distance in meters R

C Number of channels in the feature map and
kernel

N

ϵ Small value R+

Notation

z Homogeneous form of z

t Normalized vector of t

π(Hp) p transformed by the homography H

t̂ Estimated t

P̂ Modified network P

g : R → R Type membership

X ∈ A Set membership

v ∼ u Adjacency of GNN nodes

IR ∼ Vis Specifies the modalities compared in feature matches

C Indicates the pose of a camera

xv



Cab Indicates the pose of a camera a relative to the reference frame
of camera b

Vis, IR, C,
Vis+IR, A, B

Indicates visual, LWIR, calibration board, fused (vi-
sual+LWIR), and two generic modalities (A and B), respec-
tively

xvi
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Introduction

Detecting, describing, and matching image features are essential tasks for many
important computer vision applications such as structure from motion (SfM) [1], [2],
simultaneous localization and mapping (SLAM) [3], retrieval, image registration,
object recognition and tracking, etc. [4]–[8]. Sets of image features are used to
represent the image and condense the information contained therein in order to
enable efficient processing and model training [7].

Modern techniques replace analytical approaches (such as SIFT† [9] and ORB‡ fea-
tures [10]) with neural networks to attain state-of-the-art results [5], [6], [11]–[13],
but these often suffer from being sensitive to changes to the input distribution [14].
In some cases one might want to reliably compare images from very different data
distributions, such as for cross-domain or cross-modal image retrieval (including ap-
plications like retrieving faces with a phantom sketch, finding photos of buildings
from paintings, or matching shoeprints imprinted in different media), multimodal
camera calibration, or remote sensing [5], [11], [15], [16]. In these scenarios both
traditional and modern generalized (intra-modal)§ techniques will most likely per-
form poorly [15], [17], since they were designed (and trained) to work with samples
from a single data distribution. As such, specialized models have been proposed for
some of these specific applications.

For industries such as the automotive, defense, and healthcare industries that utilize
computer vision assisted systems there is an interest in utilizing the information from
several modalities to gain more accurate information about the environment [18], or
to use data from one modality to make inferences inside another. In the latter case,
one modality could be used for model training, while another is used in the end
system for inference. This can be advantageous when high-quality reference data is
best collected in one modality, while another is more practicable for the end solution
for reasons related to cost, speed, reliability, etc., or simply because a pre-trained
system trained on another modality is already available.

Different environments present different visual challenges for computer vision sys-

†
Scale-invariant feature transform

‡
Oriented FAST and Rotated BRIEF

§In Section 4.3 a state-of-the-art trained image feature matching model is demonstrated to

perform below expectations using similar modalities.
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1. Introduction

Figure 1.1: An example of a good prediction using the final trained neural network
model. The matches are colored according to the network confidence with jet col-
ormap where dark blue corresponds to the highest confidence. For better visibility,
the upper half of the figure shows a random 20% sample of the matches; the two
halves are separated by a dashed line.

tems and calls for different sensing equipment (such as cameras capturing different
wavelengths). Reliably operating, discovering relations, and making inferences be-
tween these modalities can be difficult [15]. In cases where useful reference data
is primarily available from one modality, while a system operates on a different
modality—for example, a system for visual localization may use an infrared camera
for sensing, but only have a reference map for the visual spectrum—being able to
establish useful correspondences between these data sources is therefore valuable.

This work addresses the general problem of matching image features from different
modalities (See Figure 1.1), and investigates how this can be done to match features
between visual and thermographic cameras in particular, in order to facilitate ac-
curately extrinsically calibrating these cameras, as well as retrieve images from one
modality corresponding to an image from the other modality.

1.1 Problem Formulation

This work aims to adapt pre-trained neural network models to the cross-modal task
of finding point correspondences between images taken with a pair of cameras—one
in the visual domain, and the other in the LWIR domain. Given a pair of such
images (one visual and one infrared) depicting the same scene at the same point in
time, the algorithm should yield a set of point correspondences that are sufficiently
accurate, numerous, and spread across the scene to be useful for calibrating the two
cameras.

The problem of relating the visual and thermographic image modalities can be
analyzed in many different domains and for an array of different purposes. In this
work, drone-based aerial photography will be considered.

The drone rig is fitted with a visual and a thermographic camera, an inertial mea-

2



1. Introduction

Properties Visual Thermal
height (px) 1024 480
width (px) 1280 640

bit depth 8 16
color channels 3∗ 1

FPS† (hz) 10 10
FoVx (deg) 68.3437 56.8880
FoVy (deg) 57.0105 44.2094

Spectral range (µm) - 8–14

Table 1.1: Parameters of the two cameras used to collect the image data.

surement unit (IMU), and a global positioning system (GPS) unit for the purpose
of creating 3D maps of its environment using SLAM. In order to leverage all the
data coming from both visual and thermographic cameras, a proper correspondence
between the images of different modalities (i.e. cross-modal matching) needs to be
established. Solving this fundamental problem will unlock the possibilities to develop
reliable cross-modal vision algorithms, such as (1) general offline and, perhaps, more
challenging online calibration algorithm of the cross-modal camera system and (2)
cross-modal SLAM, where it is possible to do both intra- and cross-modal matching
in order to determine location relative to prior images of the environment, regard-
less of which modality of the data and of the camera is available. For both of
these tasks (cross-modal matching and extrinsic calibration), accurately describing
and matching image features across the two modalities is a vital requirement, and
since features can appear very different in visible light compared to infrared light,
matching across these modalities is not a trivial problem [17].

A solution to the offline calibration problem is to calibrate the cameras with a ther-
mal checkerboard pattern, and perform a calibration routine before flight. However,
a more seamless and flexible approach would be to do the calibration automatically
by image feature matching, using the information available in the scene.

To facilitate these needs, a reliable and efficient way to compute and match these
cross-modal features is required. Intra-modal feature matching has been extensively
studied but is still an active field [13], [19], [20]. Cross-modal feature matching,
on the other hand, has been studied to a lesser degree, likely in part because it is
difficult to generalize and requires a high level of information abstraction.

The data collected consists of a set of series of visual and infrared images, as well as
ECEF coordinates and Euler rotations for each image pair. For each series of images
there is also a difference in pose between the cameras, as well intrinsic parameters for
each camera, which were calibrated using a thermal checkerboard. See Section 3.2
for details. The properties of the cameras are shown in Table 1.1.

The thermal camera is an uncooled microbolometer capturing light in the long wave

∗The visual images are in most cases converted to gray scale in this report.
†The frequency at which images are recorded to the dataset.

3



1. Introduction

(a) LWIR Image (b) Visual Image

Figure 1.2: A pair of images from the dataset, showing a suburb.

infrared (LWIR) range. Because it is uncooled, a noticable artifact in the image data
are the (vertical) bands of noise that gradually increase in intensity over time until
the camera performs a non-uniformity correction (NUC). The camera performs this
NUC in intervals of 250 seconds, and briefly halts the capture of images during the
correction.

The visual camera is synchronized with the thermal camera to capture images at
the same time the thermal camera does, and it is stored in a raw Bayer-filter format.
An example of an image pair is shown in Figure 1.2.

The pose data was collected using an inertial measurement unit (IMU) and a pair
of GPS receivers—one stationary, and the other mounted on the drone—and sub-
sequently processed by a Kalman filter to get poses for the IMU in terms of ECEF
coordinates and Euler angles. The pose data was then sampled (by interpolation)
at times corresponding to when images were captured.

The pose calculated for the IMU is used also for one of the cameras, resulting in
an error in pose for the two cameras that becomes apparent whenever the drone
rotates around an axis not parallel to the axis between the IMU center and the
optical center of a camera. See Section 5.1 for discussion on the potential impact of
this.

1.2 Related Work

The problem of relating images between different modalities or domains has been
studied in a number of different contexts and situations, including infrared and
visual wavelength images; although to a limited extent. This section will detail
some notable examples of this related work. In the infrared–visual context, there
are notably a few well-known resources for image data, such as the FLIR [21] and
KAIST [22] datasets for autonomous driving ML tasks. These are however rather
biased in terms of image content, since they are intended for autonomous driving

4



1. Introduction

tasks.

Kong et al. [11] investigated cross-domain image feature matching for matching
pictures of shoeprint indentations left in various materials at crime scenes, to a
database of known shoeprints. As the database of images were systematically col-
lected (with high contrast, clear and complete prints, and white background) and
thus constitutes a very narrow distribution, the distribution of pictures taken at
crime scenes is far from representative of this known distribution. They attempt to
solve this problem by training a Siamese network to project corresponding image
features onto the same feature space, using CNNs to reduce the feature space of the
input, then applying learned importance weighting and a three-channel variant of
normalized cross-correlation to pairwise image patches, and scoring performance by
l2-regularized hinge loss. By this, they obtain state-of-the-art results, even though
there is a lot of room for improvement with 79.0% top-1% accuracy. An issue they
discuss concerning their cross-correlation is that there is no natural three-channel
analogue to the regular grayscale implementation; their implementation is one of
several proposed multi-channel generalizations. Another limitation is the CNN ar-
chitecture they use, which has been shown to not relate spatial relations and features
far apart as well as architectures utilizing attention [23].

Sarlin et al. [19] and Detone et al. [5] detail a pair of models called SuperGlue
and SuperPoint, respectively, that together learn an intra-domain feature matching,
using a combination of CNNs, GNNs, self-attention, and cross-attention. In order
to train their SuperPoint model to find good interest points, they train on a labeled
set of image pairs—each pair related by a homography—using a Siamese architec-
ture (similarly to Kong et al. [11] or Liu et al. [6]) to simultaneously generate both
interest points and point descriptors. This labeled data is generated from a sep-
arate model which has been trained on simple randomly synthesized images. The
process of generating the labels for the training data consists of letting this separate
model predict points on several random cropped homographies of an image from the
training data, and using a subset of the union of these points as the training labels
(named “homographic adaptation” by the authors). This self-supervised Siamese
model is then trained with cross-entropy loss for the set of points and hinge loss for
their descriptors. The SuperGlue model is subsequently trained to solve the match-
ing problem with the feature points obtained by SuperPoint, and the two models
are then jointly trained end-to-end [19].

The combination of the two models, SuperPoint and SuperGlue, show clear advance-
ments of the state-of-the-art in image matching [19]. The work is also a stepping
stone towards a fully end-to-end deep visual SLAM pipeline [19].

The SuperPoint–SuperGlue model works well for intra-modal matching, for which
it was designed and trained, but has not been adapted to cross-modal matching. As
shown in [5], the model is able to generalize from being trained on synthetic data,
and should therefore be adaptable and perform well with intra-modal matching
for thermographic images. While this work focuses on “front-end” feature point
extraction and their “middle-end” matcher, Kong et al. [11] relates the cross-modal
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aspect to the “middle-end” and “back-end.” The former work would be important
in extracting feature points without supervision, learned point description, deep
and attention-based feature embedding, and interpreting the scene, and the latter
for ideas on how to relate cross-modal features using a common embedding space,
relating importance of features in this aspect, and gains of whitening in this process.

There are a few other papers tackling similar cross-domain problems, such as the
one by Shrivastava et al. [15], which presents alternate approaches to that of Kong
et al., that may also be considered for our purposes. In this paper, SVM is used in
order to discriminate feature importance and promote feature uniqueness.

The topic of cross-modal matching has been studied in the context of closely-related
field of multi-modal image registration [17], [18], [24]–[30], which has numerous
applications in the medical, remote sensing, and 3D vision research areas [27].

Wachinger and Navab [25] analyze the advantages of using the so-called structural
representations for multi-modal registration. A possibility to achieve modality-
independent representations allows to use similarity metrics related to euclidean
space, such as L1 or L2 distances, rather than more computationally expensive met-
rics like mutual information when comparing the features. The authors propose two
versions of structural representations—entropy images and Laplacian images—that
fulfill certain requirements of the theoretical properties for efficient optimization.
However, each type of representation comes with a drawback, either inferior regis-
tration performance or higher computational cost.

Pielawski et al. [24] proposes another way to achieve efficient modality-independent
representations. Referred to as COMIRs, the representations are obtained through
training a dense U-Net-like [31] model with contrastive loss and additional regu-
larization to enforce rotation equivariance. The proposed approach outperforms
registration methods based on mutual information maximization or generative ad-

versarial networks (GANs) [32], however, for training, it requires aligned pairs of
multi-modal images that are rarely available in the real SLAM cases.

Zhang et al. [17] cover domains closer to the ones of interest for this work, where
they consider the problem of image registration by homography estimation between
visual and infrared modalities. Their approach consists of a novel image-to-image
translation approach, which they use to translate the infrared image into the visual
modality. After translating the images, they extract features by traditional tech-
niques such as SIFT [9] and ORB [10], perform feature matching, and estimates
a homography with RANSAC. Their image-to-image translation is based on the
GAN architecture and incorporates a wavelet transform into a variational autoen-
coder, and only considers the low-frequency components of the image for inferring
the variational variables.
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Background

This chapter serves to provide some background to topics in machine learning rel-
evant to this work, as well as theory on stereo vision, and previous work on image
feature detection, description and matching. Variables and functions will be intro-
duced with their corresponding type, or set membership for clarity. These can also
be referenced in the Nomenclature.

2.1 Artificial Neural Networks

Artificial neural networks (henceforth “neural networks” or “ANNs”) are a class of
computational models designed to be very general and expressive while being able
to be optimized to fit to some set of data according to some loss function describing
the heuristic quality of the fit. The model takes inspiration from the structure of
the brain by modeling individual neurons and their connections [14]. It does this
by assigning a simple parameterized function to each of a set of nodes, taking a
weighted sum of the values of a subset of the set of nodes as input [14], [33].

The relatively simple multilayer perceptron (MLP) is often used to introduce the
general structure of ANNs [33]. An MLP consists of d layers of nodes (neurons):
an input layer, an output layer, and (d − 2) hidden layers. The middle layers
are called “hidden” because the network is treated as a black-box function. The
value of the mth node of layer i in the MLP, L(i)

m·
, is given by Equation 2.1a, and

the MLP network, as a function F : R
A×K → R

B×K of the input data X, is
given by Equation 2.1c. Equation 2.1b uses vector notation instead of the indexed
sum notation and will be used in this thesis for simplicity. Notice that the sum of
W (i)L(i−1) : R

M×K and (−b(i)) : R
m do not have matching dimensions; the vector

b is implicitly replicated over dimension k. This dimension is the batch dimension,
which is sometimes left out, but included here for completeness, and represents an
improper subset of the data X. The data is split in batches in order to enable
parallel computations. The data itself is a vector of vectorized features, (i.e. a
matrix, or more generally, a tensor).

In Equation 2.1, W (i)
mn : R

M×N is a matrix of all weights applied to each connection
between every node in the preceding layer with every node in the current layer. Each
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2. Background

node has its own bias b(i)
m : R

M that is used to threshold∗ or offset the value of the
node, which makes this equivalent to an affine transformation between layers. This
alone would only constitute an affine transformation between the input and output of
the network, making the hidden layers and all their parameters redundant. In order
to introduce non-linearity into the network—and thereby increase the generality of
the network—an activation function g : R → R is defined as some non-linear
function which is quick to compute when applied element-wise to a tensor of values.

In this MLP network, the variables W and b are optimized to minimize some ob-
jective (loss function) L (F (X), Y ).

L
(i)
mk = g

(
M∑

m=1

W (i)
mnL

(i−1)
nk − b(i)

m

)
(2.1a)

L(i) = g
(
W (i)L(i−1) − b(i)

)
(2.1b)

F (X) = gout

(
W (d)g

(
...g

(
W (1)X − b(1)

)
...
)

− b(d)
)

(2.1c)

Neural networks are by design non-linear, and a globally optimal solution can gen-
erally not be found analytically. Therefore numerical optimization is used, which is
usually done with some variation on stochastic gradient descent (SGD) [14], [33], or
Bayesian optimization in the case of hyperparameter optimization [33].

2.1.1 Convolutional Neural Networks

A fundamental problem in deep learning is the rapidly increasing number of trainable
parameters [34]: as the number of parameters increases, so does the training time
and risk of overfitting. Convolutional neural networks (CNNs) limit the receptive
field of each neuron to an K × K region in the previous layer. They also assume
translational invariance accross the data, meaning that the network does not have
to learn to recognize the same feature in each position in the input tensor. In
doing these two things, the number of parameters is significantly decreased, and
convergence is sped up. [14], [16], [33] The CNN architecture is described layer-wise
as a discrete convolution operation between a feature map and a kernel K : R

K×K ,
according to Equation 2.2 [14], [33]:

Lijk = g

(
M∑

m=1

N∑

n=1

KmnLm+i−1,n+j−1,k − b

)
(2.2)

Although CNNs are applicable to data of any number of dimensions [35], we will
only consider the two-dimensional case in this report, for simplicity.

∗If this behaves like a threshold or not depends on the activation function. For an activation
function like ReLU it acts like a threshold, while in general it acts like an offset.
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(a) 2D convolution as a graph, with a 3 × 3

kernel.
(b) A general graph.

Figure 2.1: A comparison between the convolutional operation of a conventional
2D CNN (a) and the convolutional operation of a GNN (b). The orange node depicts
how information is aggregated from the receptive field from one layer to the next.
The dashed line indicates the receptive field of the orange node.

2.1.2 Graph Neural Networks

There are a number of different formulations for graph neural networks (GNNs)
[19], [35], [36], but the general principles are the same. While convolutional neural
networks—as well as many other architectures—treat data in an ordered manner,
some kinds of data are better viewed as (unordered) sets. Placing relations between
set elements then naturally leads to graphs. The GNN architecture considered in
this work is an instance of graph convolutional networks (GCNs or ConvGNNs)
[19], [36]. This variant of GNNs can intuitively be viewed as a generalization of
convolutional networks [36].

While conventional CNNs by definition have a limited receptive field [14], in GCNs
the receptive field is broadened to an arbitrary size, since it is not necessarily de-
termined by proximity. This is illustrated in Figure 2.1, in which the receptive field
for a node in a lattice and a general graph is shown, representing parts of CNN and
GCN, respectively.

The convolution in a GCN is often referred to as message passing, since encoded
information travels back and forth along the edges of the graph. As noted by Sarlin
et al. [19], message passing in a graph can also be viewed as an attention mechanism.

Micheli [37] describes the message passing in a GCN as the following [36]:

l(i)
v = g

(
W

(i)
1 xv +

∑

u∼v

W
(i)
2 l(i−1)

u

)
(2.3)

This amounts to each node in a layer being a linear combination of its neighbors
and the input vector, (ignoring g). In Equation 2.3, node v in layer (i) is defined

as the sum of the input features x weighted by W
(i)
1 , and the sum of adjacent node

embeddings lu weighted by W
(i)
2 . The sum

∑
u∼v denotes the sum for all nodes u
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2. Background

adjacent to node v. As in previous architectures, the linear combination of feature
vectors is passed through an element-wise non-linear activation function g : R → R.

Many variations of this definition exist that incorporate explicit attention mecha-
nisms, add MLPs to each message pass, etc. [36]. Section 2.3 will introduce one of
these in more detail.

2.2 Computer Vision

Computer vision is a field that studies problems involving the extraction of high-level
information from visual input, such as object detection and structure from motion
(SfM) [7], [38], [39]. This section aims to provide theoretical background relevant
to the problem at hand. Stereo vision is an area of computer vision concerned with
problems involving two cameras. The relation between the two views are described
in epipolar geometry; see Section 2.2.2.

2.2.1 Camera Model

Cameras, points in the world, and the picture are described in terms of linear algebra
with homogeneous coordinates. A camera matrix is a projection matrix C ∈ R

3×4

that relates a point z ∈ R
3 in the world to a point ẑ ∈ R

2 in the image plane of the
camera, by the relation in Equation 2.4 [7], [8]:

ẑ = (ẑ 1)⊺ ∼ K (R | t) (z 1)⊺ = C (z 1)⊺ = Cz (2.4a)

p ≈ ẑ = π (Cz) (2.4b)

where z
def
= (z 1)⊺ denotes z in homogeneous coordinates, and π : R

n+1 → R
n

normalizes the homogeneous coordinates.

The projection matrix is usually decomposed into an intrinsic matrix (also known as

calibration matrix) K ∈ R
3 and extrinsic matrix

(
R t

)
∈ R

3×4 [7]. The extrinsic
matrix constitutes the camera pose, where R is a rotation matrix and t is a trans-
lation matrix, whereas the intrinsic matrix is built from parameters determined by
the specific camera. The intrinsic matrix is an upper-triangular matrix and in this
work is modeled assuming zero skew as in

K =




fx 0 cx

0 fy cy

0 0 1


 (2.5)

where fx and fy are the focal length of the camera in pixels in the x and y direction
respectively, and cx and cy are the x and y coordinates of the principal point in pixels.
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The focal length components are computed from the field of view components (listed
in Table 1.1) according to (fx fy)⊺ = C/ (2 tan (FoV/2)).

The camera model explained so far is referred to as the pinhole camera model [7],
[8]. It is an idealized model of the camera, and it is often not enough to model the
real cameras due additional distortions introduced by the lens systems and sensor
plane misalignment [8]. A deviation from an ideal pinhole point occurs during the
projection of the world point onto the sensor plane. Hence, the image measurements
need to be corrected or undistorted. In this work, we use the commonly used radial
distortion model [7], as it is good enough for various applications.

The distortion model [40] is defined by

r′ = r

(
1 +

imax∑

i=1

κir
i

)
(2.6)

where r′ is the radius of the projected point before multiplying by K and r is the
radius of an ideal pinhole point p [7], [41]. Normally, around two or three parameters
κi are used, and only even exponents of r are used since terms with odd exponents
can lead to less stable estimates [41]. For the data used in this work, distortion
parameters are however expressed in terms of a polynomial with also odd exponents
of r (except the linear term) and the order of a polynomial is imax = 4.

When describing the camera matrix, the transformations in three-dimensional space
expressed by the extrinsic matrix are described in terms of transforming points
in some reference frame into the reference frame of the camera. In other words,
applying (R | t) to the point where the camera is located in the world’s reference
frame, will transform it to the origin. The camera matrix is given by

C = KT ec = K (R | t) (2.7)

We denote the camera pose (position and orientation), in relation to the world
coordinate system, by Cce, and a transformation matrix T (such as the extrinsic
matrix or a rotation matrix) by T ce if it is of the camera c in relation to the world
e, or by T c2c1 if it is of the camera c2 in relation to the camera c1.

2.2.2 Epipolar Geometry

Stereo vision is an area of computer vision concerned with problems involving two
cameras. The two-view geometry describing the relation between the two cameras
and the world—often called epipolar geometry [7], [8]—is described in this section.

Figure 2.2 depicts the components of epipolar geometry. The relationship of indi-
vidual points between the two image planes is dependent on their corresponding 3D
point in the world. Given a projected point ẑ in the image plane of the camera at
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C1 C2

z

z1

z2

e
p

ip
o
la

r
li

n
e
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Figure 2.2: Two pinhole cameras are angled towards each other, separated by
their base-line b. C1 and C2 denote the pose of the two respective cameras and are
depicted as points at the optical center of the cameras. z is a point in the world
viewed by the two cameras, and is projected onto the image planes (colored yellow)
as ẑ and ẑ′. z1 and z2 are other possible positions for z, given ẑ, and the projection
of these all fall onto the epipolar line of the camera to the right. The camera center
of one of the cameras projected onto the image plane of the other is known as the
epipolar point, and is labeled e and e′ for the two respective cameras. Every possible
epipolar line will cross the epipolar point.

C1, the location of z is constrained to a line C1z. The projection of this line onto the
image plane of the camera at C2 is called an epipolar line e′ẑ′, and the requirement
that ẑ′ lies on this line is called the epipolar constraint [7].

The fundamental matrix F ∈ R
3×3 encapsulates the epipolar constraint between

points in the two images. It is defined by Equation 2.8 [7], [8]:

ẑ′⊺F ẑ = 0 (2.8)

and holds for any 3D point z, given C1 and C2. In the special case where the intrinsic
matrices are identity I, F is called the essential matrix, denoted E ∈ R

3×3, and
they are related by Equation 2.9 [7], [8]:

F = K
−⊺

2 EK−1
1 (2.9)

Because of Equation 2.8, both the fundamental and essential matrix is only defined
up to a scale.

The epipolar constraint is often used for outlier rejection or as a form of weak super-
vision [8], [42], but the epipolar error p⊺F p is a biased [43]. Instead, the Sampson
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distance is used [44], which is a first-order approximation of the reprojection error∗

[43]. The Sampson distance [8], [43] SD is defined according to

SD(p, p′) =
(p′⊺F p)2

JJ⊺
=

(p′⊺F p)2

(F p)2
1 + (F p)2

2 + (F ⊺p′)2
1 + (F ⊺p′)2

2

(2.10)

where J is the Jacobian matrix of the error in the image points p and p′.

2.2.2.1 Triangulation

Triangulation is the problem of determining the 3D point z of which the respective
points p(n) in N different image planes approximate the projections ẑ(n) [8], [45].
This requires prior knowledge about the pose of the different cameras, as well as
the location of the points in the different image planes [45]. In other words, in
the stereo case with several points to estimate, it assumes the two cameras have
calibrated relative extrinsics and the (feature) points have good matches between
the images. In this work we only consider the case where N = 2.

Triangulation can be formalized as the minimization of the sum of squared reprojec-
tion errors—as in Equation 2.11—while keeping the epipolar constraint (Equation
2.8) precisely fulfilled [45], [46]. In this report, triangulation is denoted as a function
τ , as in Equation 2.12, similarly to Hartley [45].

z ≈ arg min
z

∑

n

∥∥∥p(n) − π (Cnz)
∥∥∥

2

2
(2.11)

z = τ(C1, C2, p(1), p(2)) (2.12)

2.2.2.2 Relative camera pose estimation

There are two general settings we will primarily consider in this report. First, when
P , P ′, C1, and C2 are known, and Z is unknown: this is described in Section 2.2.2.1.
Second, when P and P ′ are known, but C1 and C2 are unknown. In this second

setting, we know there exists a fundamental matrix such that Ẑ
′⊺

F Ẑ = 0, and the
same can be said for E using normalized image coordinates [8], given the intrinsic
matrices.

The essential matrix E can also be expressed in terms of the relative pose between
the cameras, as in Equation 2.13 [8]:

E ∼ [tc2c1 ]×Rc2c1 (2.13)

∗The reprojection error here is that of the reprojection of the optimal triangulation of the two
points, i.e. the reprojection error with the minimum sum of squared errors.
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Figure 2.3: A camera (blue) is placed one unit away from its stereo partner (green).
The cheiral ambiguity when recovering its pose from their essential matrix E means
there are three additional false solutions (gray) for the pose of the camera.

where [t]× denotes the cross-product matrix of t. Fortunately, t and R can be
determined from E alone, but only up to a scale. This means that R can be

completely determined, since |R| = 1, and that the direction of translation t
def
= t/ |t|

can be determined [7]. The relative pose is determined by

(
R t

0 1

)c2c1

=

(
R2 t2

0 1

)−1 (
R1 t1

0 1

)
=

(
R

⊺

2R1 R
⊺

2(t1 − t2)
0 1

)
(2.14)

Specifically, the relative R and t are determined by the singular vector decomposi-
tion of E, as in Equation 2.15 [7]:

E = UΣV ⊺ (2.15a)

(u0 u1 ± t) = U (2.15b)

±R = UR±90◦V ⊺ (2.15c)

In Equation 2.15a, the diagonal matrix Σ =
(

1 0 0
0 1 0
0 0 0

)
in the ideal case where there

is no noise, and when noise is present, t is selected as the vector with the smallest
corresponding singular value [7]. Because the scale is lost in E, so is also the sign,
and as such there are two possible values for t and four possible values for R. These
four solutions are illustrated in Figure 2.3. A cheirality check can then be performed
to determine these signs. This involves looking at whether the points Z inferred
from Ẑ and Ẑ ′ are both in front of the camera, and within its view [7], [8].

2.2.3 Perspective-n-Point

Essential matrix estimation is not sufficient for many applications of determining
relative camera pose. In these cases Perspective-n-Point (PnP) is used instead.
Here, in addition to P , the world points Z are also assumed to be known, which
introduces a known scale into the problem.
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PnP is not formulated using epipolar geometry, since only one camera is concerned,
and can simply be viewed as an optimization problem of minimizing the reprojection
error r, as defined by Equation 2.16:

ri = ∥π(Ĉzi) − pi∥2 (2.16)

This minimization is done in different ways by different algorithms [47]. In this
project, we consider an implementation using RANSAC for initialization (i.e. outlier
rejection) and EPnP to solve the final n-point optimization.

The minimum number of points to determine a pose is 3 [7], [8], [47]. The problem of
determining camera pose from a set of three points is referred to as P3P, and usually
involves solving an 8th-degree polynomial with even exponents [48]. The RANSAC-
based method samples random sets of three point pairs and counts the number of
inliers—points whose reprojection error is below some threshold [49]. The maximal
inlier sets are then optimized with EPnP, which is an efficient n-point solver that
finds a near-minimum for the mean squared error mean(r2) [48].

2.2.4 Homography

The extrinsic matrix of a camera is often written in homogeneous form, which is a
3D affine transformation matrix T ∈ R

4×4. Similarly, a 2D affine transformation
matrix T ∈ R

3×3 translates, rotates, shears, and scales points in the plane, and
has a total of 6 degrees of freedom. The generalization of this transformation is
the homography, which utilizes all 8 possible degrees of freedom available for ho-
mogeneous coordinates, which breaks the invariance of parallel lines under affine
transformations [7]. This transformation is also referred to as projective, since they
are equivalent to projecting the points in a plane onto another plane in 3D [7].

In stereo vision, these are useful for (among other things) describing the projection
of planar surfaces in the world onto the image plane, as well as describing the
relation between two different image planes, for a region of 3D points that lie on
a plane. Objects in the world are often not planar, but for some applications
this can be a good enough estimation [17], [18], [26]–[29]. A homography is also
a good approximation when the base-line is much smaller than the distance to the
3D points, where the homography can then be determined by the intrinsic and
extrinsic camera parameters, using Equation 2.17, assuming the translative part of
the relative camera pose ≈ 0 [50].

H = K2R2R
⊺

1K−1
1 (2.17)

2.2.5 Image feature extraction

Algorithms such as PnP, triangulation algorithms, or the eight-point algorithm for
essential matrix (and fundamental matrix) estimation assume that there is an al-
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ready established correspondence of points P , P ′ [8]. These points are in many
applications automatically selected and described—either by a hand-crafted feature
extractor such as SIFT [9], ORB [10], etc., or by a machine learning model such as
SuperPoint [5]—and then matched by some matching algorithm [4], [5], [7], [8].

SIFT solves the detection problem by computing a Gaussian pyramid of the image—
a series of iteratively sub-sampled and Gaussian blurred variants to the image—on
which local optima (in three degrees of freedom) are considered detected interest
points [9]. These points are then described in a way which is (roughly) invariant to
scale∗, rotation, and brightness, derived from the local surroundings of the interest
point [9]. How the machine learning model SuperPoint approaches this is covered
in Section 2.3.

2.3 SuperPoint and SuperGlue

SuperGlue and SuperPoint are two interfacing neural network models designed for
automated extraction and matching image features between pairs of images.

2.3.1 Feature Extraction with SuperPoint

SuperPoint, by DeTone et al. [5], is a fully convolutional model, meaning that it
scales well for different-sized images. It is designed to extract useful image features
that are consistent between multiple camera views. We denote the SuperPoint model
by a function P : R

sx×sy

[0,1] → N
2×k × R

k×256 in Equation 2.19a†.

Because of the difficulty of achieving true ground-truth for both interest points de-
tection and matching points between images, the authors employ different methods
for self-supervision. First, they trained a separate model for feature detection on ex-
clusively synthetic data [51]. This data was constructed of various geometric shapes
augmented with noise and could as such be automatically and efficiently labeled
with interest points at intersections and corners. This model was then applied to
random homographies of non-synthetic images, in a process they call homographic

adaptation, in order to enforce invariance to (not consistency between) changes in
perspective [5].

SuperPoint is (also trained to consistently describe the same feature points across
homography transformations – already mentioned) uses cosine similarity to deter-
mine similarity between points, as described by Equation 2.18 [5]:

∗To some degree also affine transformations in general
†We use set notation and vector notation interchangeably for simplicity. The order of points

along the vector is arbitrary, but matches the order of its corresponding vector of descriptors.
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Ld(I ,H) =

(
1

(sx/8)(sy/8)

)2 ∑

i,j,i′,j′

l(dij, d′

i′j′ , π(Hpij), pi′j′) (2.18a)

l(d, d′, p, p′) =





λd max{0, mp − di · dj}, if p ≈ p′

max{0, di · dj − mn}, otherwise,
(2.18b)

where π(Hp) denotes a point p transformed by homography H, d : R
sx

8
×

sy

8
×256

are the descriptors of the original image I , and d′ are the descriptors of the image
transformed by H. The weighting term λd, as well as the (positive and negative)
margins of the hinge loss, mp and mn, are hyperparameters, sx and sy denote the
width and height of I , and indices i and j index the 8 × 8 px subdivisions of I .
These subdivisions of the image are used to construct the feature descriptors, and
allow at most one interest point.

The subdividing of the image is a result of the pooling layers in the VGG-like [52]
encoder (see Figure 3.1 or [5] for an overview of the structure). To counteract the
inaccuracy that this introduces, the network does two things. First, the interest point

decoder is applied to the encoded feature map to recover the pixel-level positions
of the interest points instead of performing upsampling. This achieved by applying
a convolutional layer with 8 × 8 + 1 = 65 channels (one extra channel for the “no
interest point” dustbin) followed by an explicit decoder also known as pixel-shuffle.
Second, the descriptor decoder performs a convolves the encoded feature map to
obtain feature descriptors followed by a bicubic interpolation, according to where
the feature point is deemed to be located by the point decoder [5].

2.3.2 Feature Matching with SuperGlue

SuperGlue [19] subsequently builds on top of the feature extraction method (in this
work, we are solely concerned with the SuperPoint feature extractor) to compute
matches between the sets of points in the two images. In the matching context (see
Section 2.2.5), there is generally no inherent order between image features. As such,
Sarlin et al. [19] argue that graph neural networks (see Section 2.1.2) are well suited
for the matching of image features.

The SuperGlue model alternates between self-attention and cross-attention between
layers, meaning that in odd-numbered layers, descriptors are embedded using the
attention graph of their respective images only, and in even-numbered layers, a
bipartite graph between the two images is used instead. This is motivated by the
need to embed information into each descriptor about the rest of its image, as well
as the need to compare descriptors between the images [19].

We denote the SuperGlue model by a function G : (N2×k1 × R
k1×256,N2×k2 ×

R
k2×256) → (N2×k1 ,N2×k2 ,N2×n × N

2×n), where n ≤ k1, k2, such that composing P
and G maps a pair of images to a bipartite graph of interest points, as shown in
Equations 2.19b–c:
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2. Background

P(I) =

{
(p, d) ∈ N

2 × R
256

∣∣∣∣∣
p is the location of a feature in I ,
d describes the feature at p

}
(2.19a)

G(P(I1), P(I2)) = (P1, P2, E1∼2) (2.19b)

E1∼2 = {(p1, p2)|p1 ∈ P1 ∧ p2 ∈ P2} (2.19c)

SuperGlue is trained in a supervised manner using pseudo-ground truth labeling
of the correspondences obtained from the estimated poses and depth maps It is
optimized by maximizing the log-likelihood of the estimated adjacency matrix A

for points expected to be matched and the log-likelihood of (1 − Ai · 1) for those
not expected to be assigned a match [19].
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Methods

This section will detail the approaches taken in this project, what tools were used,
and how tasks were carried out. This includes processing of pose and image data,
construction of pseudo-ground truth, model design, and training.

3.1 Model design

A combination of the SuperPoint feature extractor and SuperGlue matcher have
been demonstrated [19], [53] to work well on real outdoor scenes and have a useful
geometric model of the world. As such, we would like to preserve this in a deriva-
tive cross-modal network. The most straightforward approach would likely be to
fine-tune the SuperPoint and SuperGlue networks on the target dataset; however,
because we are trying to make the model perform the additional task of converting
image features to a common feature space, we run the risk of disturbing their in-
ternal models and biasing them to the new data (i.e. catastrophic forgetting [54]).
With this in mind, a natural way to approach the problem would be to instead train
an interfacing model or add additional trainable layers to the two models.

There are several points in the SuperPoint-SuperGlue pipeline at which trainable
layers could be inserted. Since SuperGlue and SuperPoint are trained on visual
images exclusively, it would be natural to train only SuperGlue and the instance
of SuperPoint that processes the thermal image. Equation 3.1 gives the general
form of such a model, where Ĝ and P̂ denote modified and/or fine-tuned instances
of SuperGlue and SuperPoint, respectively, and M denotes a separate model that
interfaces between SuperPoint and SuperGlue.

(PVis, PIR, EVis∼IR) = Ĝ(M(P(IVis)), P̂(IIR))) (3.1)

Another possible general architecture is based on training image translation models
TVis, TIR, shown below

(PVis, PIR, EVis∼IR) = Ĝ(M(P̂Vis(TVis(IVis)), P̂IR(TIR(IIR)))) (3.2)
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In that case, the models TVis and TIR would try to translate directly to the visual
domain (in which case TVis = I 7→ I), or instead try to map both image modalities
to a new common modality, in which case TVis = IVis 7→ IVis+IR and TIR = IIR 7→
I ′

Vis+IR and Vis+IR refers to a common modality or latent representation, where
IVis+IR and I ′

Vis+IR should ideally have indistinguishable distributions.

The former image translation approach was recently tried for image registration and
shows some promise [17]. However, because Ran Zhang et al. [17] use paired data,
dense correspondences are essentially assumed. This can be a problem since there
is parallax between the pair of images, and may result in less accurate placement of
features or biasing the model to a certain base-line. The exact placement of features
is important in camera calibration and pose estimation [47], [55], [56], so this is
likely not an optimal approach. An alternative to this is to use an unpaired method
such as CycleGAN [57].

The choice of architecture for M can be divided into two groups: (1) a model
applied to each separate descriptor—either restricted to one of the modalities, or by
applying one version to each modality—which does not take the relation of different
features in the image into account. A suitable architecture for this kind of model
would be a simple MLP, or some variation on this. The relation between features
in the same image is likely important also for translating them between modalities,
which motivates using (2) a model applied to the set of descriptors for an isolated
modality; i.e. using a GNN model. Unlike the GNN of SuperGlue, this model
would not consider cross-attention. Such a network could also be conceivable, but
would limit any options for pre-training of M and would no longer separate feature
translation and feature matching. We will consider both the per-feature model and
the feature graph model.

3.1.1 SuperPoint modification

The general structure of SuperPoint is shown in Figure 3.1 along with added train-
able layers. The illustrative layers shown represent convolutional layers, and re-
duction in size represents the downsampling layers in the network. It is quite easy
to imagine training additional layers either preceding, succeeding, or interleaving
the original layers in any of the three sub-modules of SuperPoint, as suggested in
Figure 3.1.

The effect of these different layers would however be different. Like mentioned earlier
in Section 3.1, the layers preceding the encoder of SuperPoint would be essentially
equivalent to an image translation module T (and can as such be disregarded in
P̂). Layers succeeding the encoder would serve to transform feature maps sampled
from the LWIR modality. Similarly, interleaving layers could serve to do a similar
transformation, but at different levels of information abstraction and feature scale.

Modifications to the interest point decoder would probably be unnecessary, assuming
that the encoder can encode features sampled in LWIR in the same way it encodes
features from the visual modality, and that interest point locations do not change
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Figure 3.1: Illustration of structural modification of SuperPoint. Layers in gray
represent those in the original network, while those in red represent (possible) added
layers. The exact number of layers is not accurate.

considering the basic geometric shapes the model is pre-trained on. Even though the
exact location of interest points is very important for applications such as camera
calibration, it only has a small effect on how points are matched in SuperGlue.
As such, it is likely better not to modify the interest point decoder. Furthermore,
adding trainable layers to this module increases the risk that SuperPoint falls into
one of the failure modes of the training (see Section 4.6.1).

Modifying the descriptor decoder is probably much more productive, since these
are the tensors that carry on through SuperGlue, and are subsequently used to
calculate the loss. Much like the layers preceding the encoder, the layers succeeding
the descriptor decoder can be thought of as being part of the interfacing model M.
If M is applied element-wise on the set of descriptors, these two formulations are
equivalent.

In summary, this leaves P̂ with added layers interleaved in the encoder and descrip-
tion decoder, in addition to the models T and M.

3.1.1.1 SuperPoint loss

An issue with modifiying SuperPoint is that it is not trivial how to train it without
completely reimplementing the training pipeline used by DeTone et al. [5], which
would be impractical. Instead, both end-to-end training and a simplified training
pipeline was tried.

In the simplified pipeline the pseudo-ground truth derived with the methods in
Section 3.3.1 and Section 3.3.2 was used. Because the recall is limited in the pseudo-
ground truth, a triplet loss is used instead of the loss in Equation 2.18, used by
DeTone et al. [5]. This places less negative weight on what the ground truth
estimation considers mismatches. This loss is given by

L =
∑

(p,d)

l(d, d′, p, p′) + l(d, d′′, p, p′′), where p ≈ p′ and p ̸= p′′ (3.3)
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where l refers to the function defined in Equation 2.18, and the sum iterates over
each point p with matching point p′, and samples an unsuitable match p′′.

3.1.2 Weight initialization

When training layers in SuperPoint with end-to-end training it is particularly impor-
tant to initialize new layers with weights that correspond to an identity transform
of the feature map. Small perturbations to the weights can have a large impact
on how points are described, and consequently quickly lead to interest points no
longer being extracted, or non-interest points appearing. Since there is no gradient
between the binary selection of points and the output tensors of SuperPoint, the
training is unlikely recover from this.

Because of how the attention mechanism is formulated in GNNs, there is no way
initialize the weights of M such that M = d 7→ d, without introducing some kind
of skip connector. This can make the training a bit more challenging (using regular
random initialization), but it does not suffer the same problems as the trainable
layers in P do, since no gradient information is lost between M and the score
matrix of G. This makes a random weight initialization scheme a feasible approach.

3.2 Data

The data used in this project was collected by Saab prior to the start of this project.
The positional data (from IMU and GPS) was processed with a Kalman filter and
expressed in the form of drone poses. The relative pose (including base-line scale)
between the two cameras was calibrated before each flight; see Section 1.1. Both
positional data and image data was saved with a frequency of 10Hz, and were syn-
chronized in time.

The pose data consists of per-frame absolute poses and relative poses of the cali-
brated system. Absolute poses are the camera poses at which each of the pairs of
images were taken. Camera positions were expressed in the Earth-centered, earth-

fixed coordinate system (ECEF) coordinates in meters and camera orientations were
expressed with Euler angles relative to the ECEF reference frame (i.e., as Cce). Fur-
thermore, Euler angles used yaw-pitch-roll order, which is equivalent to intrinsic
rotations around axes Y-X-Z in the OpenCV formulation [49]. Conversions between
representations of rotations were made with the spatial transform package from
SciPy.

Relative poses between the cameras were expressed in the visual camera’s reference
frame. It was considered fixed throughout each series of images and manually cali-
brated before each flight using a thermal checkerboard (see Section 4.1.1.1). Due to
the difficulty of determining the camera poses relative to the IMU, this offset was
assumed to be zero, which could have an impact when working with drone poses
with a significant relative difference in rotation.
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3.2.1 Data filtering

In order to sift out bad data that could have a negative impact on the results, two
separate measures were employed.

First, for any images close to the ground it would be more difficult to ensure good
ground-truth correspondences because the parallax would be much larger, occlusion
would become a bigger problem, cameras would sometimes be out of focus, and
the information useful for feature matching present would be of much more varying
quality. Because ECEF coordinates were used, it is easy to simply exclude images
below a certain threshold, relative to the lowest position recorded throughout the
flight.

The second measure was to filter out images containing a low amount of useful
information in the infrared modality. This was mainly a problem where images
contained a lot of water, and when the temperature was too low for thermal noise
not to drown out any useful information. In order to target specific images within
a series, some kind of heuristic is needed. The heuristic chosen is based on the
Shannon entropy of the image, and is described by Larkin [58]. Larkin extends the
notion of image entropy to two dimensions, however, because of the fixed-pattern
noise (FPN) in the infrared images, the one-dimensional formulation was found to
work better. Additionally, this step had to be performed on distorted images in
order to preserve the FPN invariance of the entropy estimator. The equation used
for image entropy is given by

H(I) = −
216−1∑

i=0

Pr

(
∂I(i, j)

∂j
= i

)
log2

(
Pr

(
∂I(i, j)

∂j
= i

))
(3.4)

where the upper bound of summation is the maximum discrete gradient, which
equals the maximum pixel value.

When displaying the distribution of image entropy over the dataset (see Figure 3.2),
we see that it is distinctly bimodal, where the mode with high entropy predominantly
consists of images of mostly water or other∗ low-detail images, and the mode with
lower entropy consists of images with little to no water.

3.2.2 Image processing

Since CNNs can generally be applied to any image size (that is sufficiently large), we
are free to choose the resolution of our images. However, both inference and train-
ing has a quadratic† computational complexity [59], so small images are preferred.
Additionally, GNNs are, as mentioned in Section 2.1.2, quadratic in terms of the
number of nodes—i.e. feature points in this case. On the other hand, image features
clearly decline in visibility with lowered resolution. In order to keep maximal infor-
mation retention while reducing the image size, scaling factors 2−nk were used. It

∗These include images of empty fields, images with high low-frequency FPN noise, etc.
†The computational complexity of a 2D convolution operation is on the order of O(MNK2C2)

for a feature map of dimension M × N , kernel size K × K, and channel depths C [59].
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(a) Entropy density among a random set of
1000 thermal images, sampled from the full

dataset.
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(b) Entropy density among a random set of
1000 thermal images, sampled from only image

series not showing any bodies of water.

Figure 3.2: Two histograms showing the entropy density of thermal images in
the dataset, according to the entropy definition given in Equation 3.4. In (a) the
distribution has two distinguishable modes that appear to correspond with images
containing a lot of water, or by other means lacking in useful detail. This reinforced
by (b) appearing to have only the lower entropy mode, and that sampling images
with entropy H(I) either below or above 5.1 appears to separate the two classes
well.

(a) Image with H(I) < 3. (b) Image with H(I) ≈ 4.5. (c) Image with H(I) > 6.5.

(d) Gradient image of (a). (e) Gradient image of (b). (f) Gradient image of (c).

Figure 3.3: Three randomly selected images from different intervals of the entropy
(as defined by Equation 3.4) distribution and their respective vertical gradients.
Image (a) is sampled among images with low entropy; its corresponding gradient
image contains a lot of high frequency detail, whereas image (c) on the other end
of the distribution has less such information. Image (b) is sampled from around the
first peak seen in the entropy distribution (Figure 3.2a). Due to the low amount of
information available from the water, these images generally yield higher entropy.
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(a) Visual image. (b) LWIR image. (c) Denoising with
constant model.

(d) Denoising with
linear model.

Figure 3.4: An image pair from a cold winter day shown in (a–b). All useful
information is seemingly drowned out in the LWIR image by low- and high-requency
FPN noise, but a significant amount of information is shown to be recoverable with
the two different noise models in (c–d). All three thermal images are normalized
to the same interval, and we can see that higher contrast is achieved for the linear
model. The lesser pronounced high-frequency FPN noise is also noticeable as they
are only as pronounced as any perceived horizontal lines in the noise.

was found that reducing the size of the thermal image quickly diminished the qual-
ity and numerosity of intra-domain matches, and was as such kept at the original
image size. The visual image was reduced to 50 % of its original size, placing it at
around the same pixel density as the thermal image. Keeping the angular size of
pixels roughly the same also probably helps in matching features (this is supported
by the findings in Section 4.3). Reducing the size of the visual image further had
the same effect as for the thermal image, although less severe.

A subset of the thermal images was heavily affected by thermal noise, which ap-
peared to void these images of any useful information. However, these images did
still retain a lot of information about the scene due to the high bit depth, as can be
seen in Figure 3.4. It was found that by modeling the noise as a constant term or
linear term (as described in Equation 3.5, where t0 is the time of the most recent
NUC) in time t for some interval of t that does not contain NUC, the noise could
be isolated and removed. The noise was isolated by assuming that the pixel-wise
minimum over time of the true images would be roughly homogeneous and have
small values: min Î ≈ ϵ1. Using Equation 3.5 as a model, E can be estimated as

minI/(t − t0).

I = Î + (t − t0)E (3.5)

An example of this denoising is shown in Figure 3.4. Additional examples of suc-
cessful and less successful noise removal is shown in Appendix B, with the original
image (I) to the left and processed image (Î) to the right. In the second example,
the method fails because some regions of pixels in E do not reach ambient levels,
and consequently leaves an afterimage from bright features.
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3.3 Pseudo-ground truth construction

Obtaining true ground truth for point correspondences in images is generally im-
practicable. As such, many networks—such as SuperPoint [5]—employ some kind of
pseudo-ground truth as a form of supervision (see Section 2.3). Others use data es-
timated by SLAM or stereo depth estimation techniques [19]. As there are no freely
available multi-modal datasets that we can use for this, we must instead resort to
self-supervision (similar to that in [5]) or weak supervision (like done in [44]).

Two forms of pseudo-ground truth were tried in this project. The first method
(Section 3.3.1) uses weak supervision and assumes the 3D points associated with
interest points in the image lie on a plane, and associates a corresponding homog-
raphy between the image planes. The other method uses a triangulation scheme
to find corresponding points. Although the triangulation scheme is seemingly more
accurate, the homography-based method was found to yield significantly more point
matches, while keeping a reasonably high accuracy, and was therefore more suited
for training. Additionally, the triangulation-based method was a lot slower to run,
and could not be integrated into the training pipeline. Instead, it was run on the
dataset as a pre-processing step.

3.3.1 Homography-based ground truth estimation

This method does not depend on absolute nor relative poses from the dataset, and so
does not utilize the data fully. It is however both quicker to run, easier to implement,
and yields many matches.

The SuperPoint and SuperGlue pipeline was run on bimodal pairs of images with
network weights pre-trained on the MegaDepth [60] “outdoor” dataset, SuperGlue
matching threshold set to 0.7, SuperPoint keypoint threshold set to 0.0003, and the
maximum number of matched point pairs set to 1024, yielding putative matches
EVis∼IR, as given by Equation 3.6. This assumes that the baseline matcher already
works somewhat well also cross-modally.

(PVis, PIR, EVis∼IR) = G(P(IVis), P(IIR)) (3.6)

Weak supervision is applied to the putative matches, similar to Yi et al. [44] and
Pang et al. [42], by first estimating a homography between the matched points of the
two images using RANSAC and keeping only the inlier matches. This assumes that
the 3D points in the scene all lie in a plane, which can be a reasonable approximation
in our case, when far enough off the ground.

3.3.2 Triangulation-based ground truth estimation

Given that we have good matches within one modality, we can potentially achieve
pseudo-ground truth correspondences with much higher accuracy by utilizing the
known camera poses and use triangulation to determine expected locations of points
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in other image planes. Reprojection errors can then be utilized to exclude outliers
to further improve precision.

The SuperPoint and SuperGlue pipeline was run on pairs of images within the same
modality in order to find good matches. Network weights pre-trained on the were
used. The SuperPoint interest point threshold was set to zero, while the SuperGlue
matching threshold was set to 0.8 and the maximum number of matched point pairs
was set to 1024. This gives more confident matches, but requires more processing
time and memory. The pre-trained SuperPoint and SuperGlue models work quite
well in the visual modality out of the box, but worse on thermal images, as expected.
This makes it more important to adjust the networks to find as many points as
possible in order to find enough confident inter-modal matches.

The matching in the two modalities is described by

(P
(1)
Vis, P

(2)
Vis, E

(1∼2)
Vis∼Vis) = G(P(I

(1)
Vis), P(I

(2)
Vis))

(P
(1)
IR , P

(2)
IR , E

(1∼2)
IR∼IR) = G(P(I

(1)
IR ), P(I

(2)
IR )),

(3.7)

where Vis and IR denote the visual and LWIR modalities, respectively, and (t)

denotes a point in time, for some t ∈ N.

After finding putative intra-modal matches, these are triangulated using OpenCV’s
triangulatePoints. The resulting 3D points are then projected onto their corre-
sponding image from the opposite modality. If after being projected the point has
no intra-modal neighbors, they are rejected. Finally, if nearest-neighbor matches do
not correspond to the same points between modalities, these points are also rejected.
The resulting four sets of points are all associated by bijections.

The triangulation is described by

ZVis = τ(C
(1)
Vis, C

(2)
Vis, p

(1)
Vis, p

(2)
Vis)

ZIR = τ(C
(1)
IR , C

(2)
IR , p

(1)
Vis, p

(2)
Vis)

(3.8a)

ẐVis→IR = π
(

CIRZVis

)

ẐIR→Vis = π
(

CVisZIR

)

,
(3.8b)

where ẑA→B denotes a point triangulated in modality A, and reprojected in modality
B, at the same point in time.

If a pair of intra-modal matches, corresponding to the same 3D point z, and if the
triangulation is accurate enough, the reprojected points should then approximate
their corresponding points P , as given by:
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pVis ≈ π (CVisz) ∧ pIR ≈ π (CIRz) =⇒ ẑVis→IR ≈ pIR ∧ ẑIR→Vis ≈ pVis(3.9a)

pVis ≈ π (CVisz) ∧ pIR ≈ π (CIRz′)∧z ̸≈ z′ =⇒ ẑVis→IR ̸≈ pIR ∨ ẑ′

IR→Vis ̸≈ pVis(3.9b)

This follows from the epipolar constraint, as long as the intra-modal epipolar lines
are not parallel to the inter-modal epipolar lines. To see why, consider the case shown
in Figure 3.5. Given an interest point p with putative matching points p1, p2 in two
other images, and assuming the epipolar lines e1p and e2p are not approximately
parallel, there are two cases: either the two points p1, p2 correctly point to the same
point in the scene—in which case p is correctly matched with p1, p2 if and only
if it conforms with the two epipolar constraints∗—or they do not match, in which
case the probability that p conforms with the epipolar constraints is 4ω2 sin θ/(sxsy)
where 4ω2 sin θ is the area of the region in which p would be accepted, sxsy is the
image area, ω is the accepted error from the epipolar line, and θ is the angle at
which the two epipolar lines cross†.

Another potential way to check this cross-modal point correspondence is to directly
compare the triangulated points in 3D space. While this would achieve the same
effect without the extra computation of reprojection, one would instead have to
account for different threshold values along different axes and at different distances
from the camera, since the reprojection error is inversely proportional to the square
of the distance between the camera and 3D point z [61].

In order for triangulation to yield accurate 3D point estimates, intra-modal pairs
must be sufficiently far apart to create enough disparity (parallax) to be able to
gauge the distance to the point. On the other hand, the camera scenes at the two
different points in time must have sufficient overlap.

For each point along a series in the dataset, another point was selected in the same
series that was estimated to be at a distance d apart, and have a relative change in
rotation less than ∆θmax. Optimally, a method to determine the percentage overlap
between scenes would be used, but for simplicity this method was opted for.

Assuming the drone is well above the ground, the distance d was chosen to be the
temporally closest pose in the range 5 < d < 10, and the maximum rotation differ-
ence was set to ∆θmax = 10◦. Given two camera poses Cce

(1), Cce
(2), with corresponding

affine transformation matrices T ec as in Equation 2.7, the relative transformation
T c2c1 is given by Equation 3.10a, and the distance d and angle ∆θ is calculated from
this with Equations 3.10b, 3.10c, where R : R

3×3 → R
3 represents the axis-angle

(Rodrigues) representation of rotations.

∗up to some error threshold
†for sufficiently large angles, since for very small angles the region of acceptance will extend

outside the confines of the image
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Figure 3.5: An image taken with the drone over a forested area (in the visual
range), overlayed with a few selected epipolar lines of matched interest points from
the corresponding LWIR image (yellow), and epipolar lines of matched interest
points from the visual image in the subsequent time frame (red). Interest points are
shown as white dots. Lines are warped according to the camera parameters. Near
the center of the image there is a well matched interest point, as it lies within a
very small margin of error from the corresponding intersection of epipolar lines. In
contrast, the interest point shown towards the top of the image is not well matched,
since it is far from its corresponding intersection, and can therefore be filtered out.
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T c2c1 =

(

Rc2c1 tc2c1

0 1

)

= T ec
(2)T

ce
(1) = T(2)T

−1
(1) (3.10a)

d = |tc2c1| (3.10b)

∆θ = |R(Rc2c1)| (3.10c)

3.3.2.1 Alternative triangulation scheme

There are a couple of potential problems with the ground-truth estimation method
described above. First, it relies on the assumption that the feature detectors, de-
scriptors, and matchers used will work well in the infrared modality. This can
especially be a problem for machine learning models, since they will have a bias to-
wards the data it was trained on. Second, it relies on feature points being detected
in the same locations as in the visual modality.

While the latter is difficult to mitigate without changing the feature detector/de-
scriptor method, the former can be helped by relying more on the visual images.

In the method described above (Section 3.3.2), matching and triangulation is carried
out in both modalities in parallel, yielding ZVis and ZIR. An alternative approach
would be to do both triangulation and the reprojection consistency check in the
visual modality, at different points in time, yielding instead Z1∼2

Vis , which is repro-

jected onto I
(3)
Vis and checked against E

(2∼3)
Vis∼Vis. This is a bit less restrictive, as we

only have to perform triangulation for a single point set pair. On the other hand,
this does not generally impose the same constraint of crossing epipolar lines, since
consecutive camera poses usually lie on a line and do not change its rotation. As
a result, epipolar lines from the two adjacent camera poses (with sufficiently large
base-line), are close to being parallel. In Figure 3.5, we can see an example of this.

An example of the pseudo-ground truth matches generated by this alternative ap-
proach is shown in Figure 3.6.
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Figure 3.6: Two pairs of images over a forest. In blue hue (by match confidence),
intra-modal SuperGlue matches are shown, which are then used to obtain the inter-
modal matches (yellow), which are considered pseudo-ground truth.
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4

Experiments

This section will present the results of experiments, evaluation metrics, and model
predictions produced in this project, as well as discuss the effectiveness of the dif-
ferent methods tried. The first section of this chapter will present details of data
preparation, selected models, and training. The second section of this chapter will
detail how evaluation was set up. Section 4.3 will then cover some tangential results
to the primary goal of this project. The subsequent sections will cover ground truth
estimation and model evaluation, respectively.

4.1 Implementation details

The selected model design evaluated below is a feature translation model described
by Equation 3.1 from Section 3.1, using a GNN architecture as described in Sec-
tion 2.1.2. Each feature is represented by 256 32-bit floating-point numbers, and the
model M uses four cross-attention layers in four attention heads. Optimization was
done with the Adam optimizer with a learning rate of η = 10−5 and weight decay
of λwd = 10−5.

The pseudo-ground truth used for training was that of the homography-based method.
This is because it was found to perform better than the first method described in
Section 3.3.2. The method later described in Section 3.3.2.1 is shown in Section 4.4
to likely yield better performance, and is suggested as the method of choice in fur-
ther work, but was unfortunately not implemented into the training pipeline in this
project due to time constraints.

4.1.1 Data preparation

Two datasets are used in evaluation. The dataset referred to as the “outdoor dataset”
(or simply “dataset”) is the primary data the model is exposed to (and constitutes
the combined training and validation set). The other dataset, referred to as the
“calibration dataset,” is a small dataset collected indoors, for calibrating the rela-
tive ground truth camera pose (described in Section 4.1.1.1). This dataset is useful
because it comprises a different data distribution—not only in terms of visual do-
main, but also in base-line—because we can utilize the calibration board pictured
to achieve scale, and because we can assume the points on said board all lie in the
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(a) (b) (c) (d)

Figure 4.1: Selected sample from calibration dataset. Images (a–b) show an image
pair with a well-defined board pattern. Images (c–d) show an image pair where the
calibration board is overexposed in the visual domain.

same plane. A sample of this set is shown in Figure 4.1.

4.1.1.1 Camera Calibration

Camera calibration was performed before the start of the project, and will as such
only be very briefly covered here for the purpose of providing a more complete
context.

A thermal checkerboard was used both to establish correspondences between the
two modalities and within each modality. A contrast filter was applied to the visual
images in order to make the checkerboards appear more similar. First, the intrinsic
camera parameters were calculated for each modality over a sample of images. Then,
using these parameters for each calibration instance, bundle adjustment was used to
determine the relative pose and base-line scale between the cameras. Unfortunately,
the original unprocessed images were not saved, which means model inference on
these images (described in Section 4.2) will not entirely reflect the performance of
the intended distributions.

The reflection in the metal surface of the checkerboard resulted in some failure cases
where the checkerboard pattern was no longer completely distinguishable. This is
one of the downsides of using this kind of calibration method, and is yet another
reason why a cross-modal matcher would be preferable. A well distinguished pair,
as well as a less distinguished pair of images from the calibration dataset is shown
in Figure 4.1.

4.1.1.2 Positional data pre-processing

The positional data for the captured images was used in the training pipeline in
order to map points between the images, in order to generate the training data
used. Because of the large difference in scale between relative and absolute poses,
and because 32-bit floating-point numbers are favored in PyTorch, the origin of the
ECEF reference frame was translated to the drone’s starting position for each series
of poses. It was found that if this was not part of the preprocessing (or alternatively,
back-and-forth conversion between 32-bit and 64-bit tensors), a simple 3D affine
transformation of a pose or a point would have an error of around 5cm. This error
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would then have further accumulated in triangulation.

4.1.1.3 Image pre-processing

A couple of pre-processing steps were used for the image data. First, visual images
were converted to a color channel format from the native Bayer layout, after which
it was converted to grayscale using the luminance channel of its YUV encoding
[62]. This would optimally be done in a single step, but was easier to implement as
separate steps. This conversion is made because SuperPoint was designed for and
trained on grayscale images.

Second, as introduced in Section 2.2.1, a non-standard model of radial lens distortion
was used to describe the cameras. Because of this incompatibility with the OpenCV
camera model, the code needed for distorting images had to be reimplemented based
on the camera model used here.

After this initial processing, undistorted grayscale images that SuperPoint will ac-
cept are obtained.

4.2 Evaluation strategy

The model proposed in Section 3.1 is evaluated against a baseline model in Sec-
tion 4.5. The baseline model considered in this report is the pre-trained SuperGlue
and SuperPoint networks [63].

Due to the potential biases, misclassifications, and failure modes in the kind of self-
supervised learning detailed in Section 3.3, evaluation using these pseudo-ground
truth point correspondences is dubious at best, and should therefore only be used
as a heuristic loss. Instead, as in previous work [12], [19], [20], the matches are used
to estimate camera poses.

This is done in two ways: first by essential matrix estimation, and then by Perspective-

n-Point (PnP)∗. An essential matrix can be minimally estimated using the calibrated
intrinsic parameters of both cameras and a set of at least five point pairs [7], [8]. The
minimal five-point algorithm is used within random sample consensus (RANSAC)
robust estimation algorithm [64] to find an essential matrix with a maximal number
of inliers conforming with the matched points.

As mentioned in Section 2.2.2, the essential matrix can be computed from the relative
pose between the cameras, and can similarly be decomposed to recover the relative
pose, but only up to a scale. This means we can recover the relative rotation Rrel

and the direction t
def
= t/ |t| of the relative translation. In [12], [19], [20] the error ∆θ

between ground truth pose and estimated pose is defined as the maximum of the
respective angular errors of rotation ∆θR and translation ∆θt , as in Equation 4.1.

∗It should be noted that a fiducial matcher is in general a better solution for this kind of
problem. For the sake of having an evaluation method that estimates relative pose along with
base-line, we use this somewhat unorthodox problem solution.
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Because the accuracy of the estimated rotation is likely to be much better than the
accuracy of the estimated translation when using a small base-line, both of these
are presented in Section 4.5.1.

∆θR = |R(R−1

rel
R̂rel)| (4.1a)

∆θt = cos−1(t · t̂) (4.1b)

∆θ = max{∆θR , ∆θt} (4.1c)

Because we cannot determine the base-line scale along with the relative pose from
an essential matrix, PnP is also used as an evaluation method. As introduced in
Section 2.2.3, PnP assumes 3D points are available. These can either be estimated by
triangulation—as is often done along with bundle adjustment in SLAM applications
[3], [7]—or be provided a priori from a known object, such as a calibration board.

The goal in this evaluation is to estimate the scaled relative pose between the cam-
eras from the cross-modal matches provided by the models. In order to use PnP to
estimate CcViscIR , the 3D points on the calibration board PC in IIR must be known.
As such, (PIR, PC, EIR∼C) is predicted using the original SuperPoint/SuperGlue
model, and (PVis, P

′

IR
, EVis∼IR) is predicted using the trained model, which is subse-

quently used to establish matches EVis∼IR∼C that assign matches in the calibration
board to the visual image, using intermediate matches PIR ∩ P ′

IR
.

Applying PnP to PIR, PC, and EVis∼IR∼C yields an estimated camera pose CcVise. In
order to find the (scaled) relative pose, we need to then apply PnP a second time
to (PVis, PC, EVis∼IR∼C) to find CcIRe, with which we find CcViscIR .

As in [19], [20], the AUC (area under curve) of pose accuracy for thresholds @5◦,
@10◦, and @20◦ is also calculated. This is calculated according to

AUC@θ◦ =
∫

θ

0

mean











1, if ∆θR < ∆θmax

R

0 otherwise



 d∆θmax

R
(4.2)

for the error in R, and similarly for t.

4.3 Note on fiducial matching with SuperGlue

In Section 4.5.1, pose estimation is performed by using PnP with a calibration
board, which would normally be accomplished with a fiducial matching algorithm
[65]. SuperGlue and SuperPoint can be used to find visual matches to arbitrary
features in the calibration board, and indirectly accomplish a similar goal. To this
end, matching was performed between images from one of the two cameras and a
digital image of the calibration board.
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Sarlin et al. [19] show that SuperGlue is able to find matches between large perspec-
tive transforms with high confidence. They also show that their method performs
well on certain domain changes, such as matching between nighttime and daytime
images. Additionally, they demonstrate that the models work well even when the
image contains a lot of similarly looking features, such as for feature points in the
pattern of a checkerboard. When performing matching between images and the cal-
ibration board in this project, it was, on the contrary, found that matches were very
sensitive to both changes in rotation and scale. This is illustrated in Figure 4.2,
where good matches could be obtained only when the images were (very roughly)
pre-registered. Oftentimes, when only the rotation was different (as in Figure 4.2b),
the network would find homographies for the board that were off by a multiple of
90◦. By comparison, Sarlin et al. [19] present results that show confident matches
on images of square tiles, with similar 90◦ changes in perspective. They also show
similarly well-performing matches of images with a checkerboard, although without
the large perspective change.

This indicates that the model can perform relatively well between new modalities
or domains if other conditions are forgiving. But when for example perspective or
lighting changes too much, it may fail completely. These kinds of problems are a
common phenomenon with CNN-based feature matchers since CNNs are intrinsically
translation invariant, but not invariant to other transformations such as rotation and
scaling [66].∗

Even though SuperGlue can find decent matches when given some help, these re-
sults further support the need for dedicated cross-modal or cross-domain matching
models.

4.4 Ground truth estimation

The ground truth estimation methods tried were successful to varying degrees. Em-
pirical accuracy measures of ground-truth estimates are difficult to construct. Statis-
tics about other qualities that have effects on the reliability of the method can be
used to get a picture of the quality of the pseudo-ground truth, while theoretical
reasoning can hint at the accuracy of individual matches. The latter is discussed in
Sections 3.3.1 and 3.3.2.

The density of matches is generally significantly greater for the homography-based
method, since it does not rely on accurate triangulation and feature matching be-
tween additional images. Instead, it relies on a random sample consensus being
a good estimate for a local homography, as well as the 3D feature point being
recognized in both modalities, between only two images. On the other hand, the
homography-based method will in many cases only be able to approximate a specific
region in the image, where a plane can approximate the 3D points, which is not the
case for the triangulation-based methods. It is also much more prone to errors but,

∗This has inspired work in group equivariant neural networks for feature matchers among other
areas [66].
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Figure 4.2: Infrared image matched with digital calibration board image. In (d) the
board is not changed; in (b–c) the scale and rotation, respectively, are modified to
approximate that of the board in the LWIR image. In (a) both scale and rotation are
corrected for. The difference in scale is a factor of 2. Only (a) successfully matches
the features in the board.

as mentioned, this is difficult to show empirically.

4.5 Benchmarks

The training graph of the trained model is shown in Figure 4.3. Validation loss
is expectedly higher, but closely follows the downward trend of the corresponding
training loss. Curiously, it was found that although the validation loss does not
quickly diverge from the training loss, performance often deteriorated significantly
if training was not stopped early in the convergence. This misalignment is likely an
effect of bad matches in the pseudo-ground truth used for training, and the loss func-
tion regarding unknown true positive matches as incorrect. This is likely a major
bottleneck in achieving better results, which would probably be partly remedied by
a better ground-truth estimation like the method suggested in Section 3.3.2.1. How-
ever, despite this misalignment, transfer learning still has the potential to improve
performance over the baseline by using an early stopping policy.

4.5.1 Pose estimation

In a similar fashion to how previous work on the topic has evaluated their methods
[12], [19], [20], pose estimation was conducted using the point matches from the
models. This was done both with the outdoor dataset used for training, and the set
of images used for calibrating the cameras before each flight. The outdoor dataset
was used since this is the kind of data the model is trained to work best with. The
other is used because the distance between the cameras and the calibration board
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Figure 4.3: Training and validation loss against time (labeled by epoch).

is much smaller, and therefore generates greater disparity, which means noise will
have much less of an impact on the estimates.

The baseline model achieved pose errors indicated by Table 4.1 using the essential
matrix estimation method on the calibration image set. Due to varying quality of
images in addition to noise and the errors and biases in the model, some image pairs
yielded very low support for the essential matrix found by RANSAC. This high
variance impacts the mean a lot, which can be seen by the relatively low median
error for ∆θR . In Figure 4.4, the error is plotted against support. We see that many
image pairs ended up with low support, and consequently have a large variance (as
also seen in Table 4.1), while the variance in error approach zero for image pairs with
large support. Because of the small base-line, there is a large difference between the
errors ∆θR and ∆θt . For this reason both errors are presented, as opposed to how
in previous work [12], [19], [20] the errors were assumed to be of similar magnitude.

The same procedure was performed with the trained model, which achieved errors
in pose indicated by Table 4.1, for the calibration dataset, and Table 4.2 for the
outdoor dataset. Similarly, the conditional distribution is compared to the baseline
model in Figure 4.5.

Indoor
mean median std. dev.

baseline trained baseline trained baseline trained

∆θR 4.28 4.21 2.10 2.61 18.4 16.18

∆θt 40.65 49.96 16.11 42.95 40.91 39.29

support 81.18 100.08 80 89 53.89 66.57

Table 4.1: Errors in pose—split into the errors in R and t—listed in terms of
their mean, median, and standard deviation, obtained using the calibration (indoor)
dataset. The distribution of the support found by RANSAC also presented in the
same way. The values are compared between the trained and baseline models, where
the better value is highlighted by bold font.

The error is very low for ∆θR compared to ∆θt , which is expected. However, there
is no visible improvement of the trained model.
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Baseline

(a)

Trained (GNN)

(b)

(c) (d)

(e) (f)

Figure 4.4: Pose errors using essential matrix estimation on the calibration dataset
plotted against RANSAC support for the baseline model and trained GNN model.
Plots (a-d) show the error in the rotation component of the relative camera pose,
where (c-d) display the range of errors in more detail. Plots (e-f) show the angular
error in translation. Colors of points represent the different calibration sets, and the
blue region shows the running average error and standard deviation.
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Outdoor
mean median std. dev.

baseline trained baseline trained baseline trained

∆θR 18.54 32.86 1.57 0.42 39.18 56.83
∆θt 78.26 91.66 73.68 90.14 37.26 29.83

support 20.62 9.38 14 6 16.64 9.92

Table 4.2: Errors in pose—split into the errors in R and t—listed in terms of
their mean, median, and standard deviation, obtained using the outdoor dataset.
The distribution of the support found by RANSAC also presented in the same way.
The values are compared between the trained and baseline models, where the better
value is highlighted by bold font.

Similarly, pose estimation was performed on the outdoor dataset. The corresponding
error plots are shown in Figure 4.5. In this data—in comparison to the calibration
dataset—the camera base-line is even smaller in relation to the distance to the 3D
points. As expected, ∆θt is much worse. The rotational error ∆θt is not as good as
in Figure 4.4, as it has a larger variance where there is low support, but the trend
quickly approaches zero as support grows.

For both datasets the support is slightly smaller for the trained model, which is likely
attributable to the homography-based method for pseudo-ground truth biasing the
model to a smaller number of matches.

It should be noted that since pose estimation from essential matrix must consider
cheirality (see Section 2.2.2.2), in cases with low support the cheirality check may fail
and yield an additional error in R or t of 180◦. So errors around 90◦ likely indicate
more error in matches than errors around 180◦, given the support is relatively low.

As is done by Sarlin et al. [19], pose accuracy is plotted against a threshold ∆θ
max

R

in Figure 4.6. We see that the models perform very similarly, though the trained
model appears to have a slight edge. However, it is disadvantaged by slightly worse
performance for lower thresholds of ∆θ

max

t
, and any improvements are only very

small. AUC values for these graphs are tabulated in Table 4.3. Once again, the
trained model appears to have a very small edge over the baseline model, for all
but one of the threshold values. The corresponding monomodal values presented
by Sarlin et al. [19] are added for comparison. As mentioned, their numbers do
not distinguish between ∆θR and ∆θt , and they presumably have a larger base-line.
As such, these values are expected to fall somewhere in between the pose accuracy
AUC for ∆θR and ∆θt .

The pose estimation using PnP, as described in Section 4.2, was performed on
the calibration dataset. Similar graphs to the previous evaluations in this section
is shown in Figure 4.7. Due to how this method was constructed, the number
of matched points—and consequently the RANSAC support—was significantly re-
duced. Specifically, this was as a result of only the intersection of the matched
points for both pairs of images could be used, and the added match inaccuracy this
transitive matching introduces. As a result of this, the pose estimation became less
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Baseline

(a)

Trained (GNN)

(b)

(c) (d)

Figure 4.5: Pose errors using essential matrix estimation on the outdoor dataset
plotted against RANSAC support for the baseline model and trained GNN model.
Plots (a-d) show the error in the rotational component. Plots (c-d) show the angular
error in translation.

(a) (b)

Figure 4.6: The percentage of correctly estimated poses using essential matrix
estimation, plotted against the error threshold ∆θ

max

R
below which a pose is deemed

correct. The baseline model is plotted with a blue line, while the trained GNN
model is colored orange.
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(a) (b)

(c)

Figure 4.7: Pose errors using PnP on the calibration dataset plotted against
RANSAC support for the trained GNN model. Plots (a–b) show errors in R and t,
respectively. For comparison to results in Figures 4.4 and 4.5, the angular error in
t is shown in (c).
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Indoor
@5◦ @10◦ @20◦

∆θR ∆θt ∆θR ∆θt ∆θR ∆θt

Trained 54.43 3.56 76.32 14.21 87.61 29.36

Baseline 52.97 5.03 75.12 13.90 87.01 22.81
SuperGlue∗ 16.16 33.81 51.84

Table 4.3: AUC scores of Figure 4.6 at three different thresholds of ∆θmax

R
. The

cross-modal models (Trained and Baseline) are split into errors for R and t respec-
tively. Values are compared to the values presented in [19] for indoor wide base-line
pose estimation. The largest AUC scores for each threshold are highlighted in bold
font. Values are presented as percentages.

accurate, even though PnP is generally more accurate than essential matrix pose
recovery, given the same conditions.

A sample of matches constructed using the PnP based method on the calibration
datasetis included in Appendix A.

4.6 Unsuccessful designs

A few different architectures were tried in the project, among which the GNN-based
model worked the best. This section will briefly present the unsuccessful designs
and discuss their performance.

4.6.1 Training SuperPoint

The attempts at training SuperPoint were all unsuccessful for various reasons. As
mentioned in Section 3.1.2, training was found to be unstable when training end-to-
end—particularly when using trainable layers in the encoder section of the network.
This is likely because this affected the score matrix, making points no longer be
detected while perturbing their description.

Training instead only a modified descriptor decoder remained stable, but did not
decrease loss either. The same behavior was observed in both end-to-end training
and training only SuperPoint according to Equation 2.18.

Furthermore, training while freezing the pre-trained layers could only perturb the
last layers in the model to any significant degree. This, in combination with the
above conclusions, seems to indicate that the added interleaving layers are not con-
ductive to the transfer learning objective.

4.6.2 Interfacing model

The interfacing model M, as described in Section 3.1, was implemented both as
a per-descriptor translator (i.e. the added layers preceeding the interpolation step

∗monomodal and wide base-line
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in Figure 3.1), and as a graph neural network. The former of the two yielded no
improvement in loss, likely due to each descriptor not containing enough informa-
tion in isolation—in part because SuperPoint was trained to describe points to a
GNN that considers the entire (multi-)graph of descriptors and pixel coordinates.
Another reason could be that the model was simply not complex enough to parse
and translate the necessary information available.

4.6.3 Image translation

A simplistic model for image translation was tried in the form of modifying the
SuperPoint encoder, which is equivalent to adding a convolutional neural network
as a step before SuperPoint, as discussed in Section 3.1. This is therefore covered
by Section 4.6.1.

An approach with a simple UNet [67] GAN architecture was also briefly attempted,
but not thoroughly developed due to time constraints in the project.

The setup used to train a model TIR = IIR 7→ I
′

Vis+IR was to define four UNet
models TIR, TVis, T ′

IR, and T ′

Vis (where T ′

A is meant to approximate the inverse of TA)
to fulfill the requirements:

T
′

IR ◦ TIR ≈ id (4.3a)

T
′

Vis ◦ TVis ≈ id (4.3b)

under the assumption that all (or most) information in the image is retained when
going from the source modality to the latent modality, or vice versa.

The models TIR and TVis make up the generating part of the GAN, and a discrimi-
nator D is defined to distinguish which modality the source image originates from.
In other words, D would optimally have the following behavior:

D(TIR(IIR)) = 1 (4.4a)

D(TVis(IVis)) = 0 (4.4b)

while TIR and TVis are instead optimized to maximize the cross-entropy.

It was discovered that this kind of training was difficult to stabilize since the function
image of both TVis and TIR are constantly changing. The usual way of defining a
GAN leaves the distribution of one of the discriminated classes fixed [32] so that
the discriminator is able to continually learn. One way to get around this problem
is to let the target domain of the image translation functions TIR, TVis be one of
the source domains Vis, IR, as mentioned in Section 3.1, and like Zhang et al. [17]
demonstrated. This way, the target stays fixed and known, but comes with its own
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problems. Apart from the problems mentioned earlier in Section 3.1, there is also
the problem of the different modalities containing mutually exclusive information,
which might encourage such a model to make up information where there is none.
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Discussion

In this section the results and methods used are discussed.

5.1 Data

The thermographic camera used to collect image data is an uncooled microbolome-
ter. For this reason, there is a larger influence of noise—and in particular FPN
noise. This may have had a biasing factor on training, and it made some domains
difficult to observe. On the other hand, it is likely has a positive influence on train-
ing in that it builds robustness to high-frequency noise, as well as the kind of high-
and low-frequency FPN noise present in images from this kind of camera unit. The
actual effect of this is difficult to measure however, since we cannot easily isolate
the FPN noise in order to compare the effect it has on the model.

In practice, both cooled and uncooled cameras could potentially be used. If an
uncooled camera is preferred, and cold environments can be expected, some kind of
image processing like what is suggested in Section 3.2.1 could potentially be used
to increase robustness. A possible issue with this is that these processed images
would not be representative of the rest of the data, and could therefore make the
model perform worse. This, in addition to not being able to consistently get good
denoising, led to this not being integrated as a pre-processing step.

At no point in the project was the dataset used not large enough. However, the
number of individual flights is not very large, and so is quite biased. This is one good
reason for relying on transfer learning, but would also be a reason to want to augment
the data somehow. Diversifying the data without introducing other data sources or
simply collecting more data is not easy, but can be done to some extent in order
to reduce certain biases and improve the robustness and generality of the model.
One such method is homography augmentation, which was successfully employed
in training both SuperPoint [5] and SuperGlue [19] among others [28]. In addition
to extending the effective size of the training dataset, this method encourages the
model to choose matches that are (locally) consistent with a common homography,
which can be very useful since a homography describes a perspective transform of a
plane [8].
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One significant bias in the data used in this project is that the base-line is roughly
the same for all images. This may instill the expectation that feature point matches
should not deviate too much from the approximate homography in Equation 2.17
in the trained model. To get an effectively much larger base-line, image pairs could
instead be taken at slightly different points in time. In doing this, however, the
homography-based method for pseudo-ground truth (Section 3.3.1) becomes much
less reliable, and one must ensure that images contain the same scene, similar to
how the triangulation-based method (Section 3.3.2) for pseudo-ground truth was
constructed. This increases the need for accurately determining whether camera
views intersect sufficiently. A good estimate for this could be to estimate the inter-
section of the two camera view frustums, like done by Zamani et al. [68]. A problem
in this formulation is that we cannot know the range of distances from the camera
to consider, and according to Zamani et al., calculating the intersection alone is
non-trivial.

Another common way to augment image data is to add noise to the images in
order to increase robustness to this noise [69]. While adding Gaussian noise can be
beneficial [69], the kind of FPN noise often prevalent in these kinds of images [70] is
not Gaussian. Further work could try to model this noise, or instead use methods
to reduce it, as done by Guan et al. [70].

The pose data used is generated according to the reference frame of the IMU unit,∗

however, this is used directly to represent camera pose, without accounting for the
offset between IMU and cameras. This can be an issue in relative pose accuracy
between poses at different times. In most cases it should not be a significant problem
since the drone travels roughly straight most of the time.

5.1.1 Ground truth

While the homography-based estimation method is more dense, it has several limita-
tions such as often failing to cover the entire image, being less accurate, and possibly
biasing the model to homographies. This last issue seems to already be an issue with
the SuperPoint and SuperGlue models—as can be seen in many of the mismatches
in Appendix A.1, in Figure 4.2, or in the examples provided in [19]—where complete
mismatches often find small sections of the two images related by a homography,
which can be a problem for RANSAC-based algorithms.

Since the triangulation-based methods do not yield as dense correspondences as
the homography-based method does, a trade-off could be made in further work
where after finding the triangulation-based pseudo-ground truth correspondences,
RANSAC or similar is used to find local homographies with a strict error threshold,
for which extra points can be augmented.

Another potential way to improve the triangulation-based methods would be to use
bundle adjustment methods like in SLAM [3], in order to find correspondences using
fewer constraints.

∗Also the GPS data neglects any offset between IMU and GPS.
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A third potential improvement that could be tried in the pseudo-ground truth con-
struction would be to do a more sofisticated matching than just selecting the closest
neighbor projected from the other modality, within a certain radius. Because this
often leads to multiple points receiving the same match, it could be possible to do
optimal matching on such subsets of the image.

5.2 Choice of method

The particular choice of models is not clear whether they were the best suited, even
though there likely is good promise in the models elected.

As pointed to in Section 3.1, an approach based on a generative model such as the
GAN used by Ran Zhang et al. [17] for image registration could be a good alternative
approach. However, due to the greater sensitivity to errors in P for camera pose
estimation and SLAM, compared to homography estimation and image registration,
it is likely that these methods may not be accurate enough in placement of image
features.

Further, a derivative model of the original SuperGlue model could have been used.
For example, the model introduced by Shi et al. [20] in late April of this year could
have helped in bringing down the hardware requirements for training and inference,
and made for a more scalable solution.

There was not a lot of effort put towards developing modality-specific feature point
extractors, which could potentially be a direction for further work, as a lot of feature
points do not in fact overlap. Increasing this overlap could help in creating more
dense and accurate matches, assuming that there is significant common information
between these feature points.

5.3 Evaluation

One of the more noteworthy observations from the pose estimation evaluation of
the different matchers was the lack of increased performance despite better matches.
The SuperPoint model only estimates feature locations to, at best, pixel-level. In
intrinsic and extrinsic camera calibration with calibration boards sub-pixel precision
is achieved by modeling saddle points to achieve more accurate pose or parameter
estimates [7], [71]. This is likely at least a contributing factor to the poor improve-
ment in pose accuracy. Further work could potentially integrate sub-pixel estimates
into SuperPoint by, for instance, modeling the distribution of scores per 8 × 8 cell.

5.4 Conclusion

The objective of this work has been to investigate approaches to the cross-modal
image feature matching problem for the visual and LWIR modalities, utilizing the
pre-trained SuperPoint and SuperGlue models. A number of approaches for transfer
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learning have been investigated, and while some have shown marginal improvements
in some aspects, none have been able to clearly outperform the baseline model. This
is likely due to the complex relationship between the weights in the early layers—
which are arguably the ones most closely tied to changes in modality in the input—
and the final loss. This highlights some of the limits of transfer learning and complex
end-to-end training, and gives some insight where to focus related further work.

As mentioned earlier in this chapter, another limiting factor to the success of any
proposed models in this report is the indirect way of evaluation, and the errors
introduced by interest points’ discrete coordinates in trying to estimate pose with
high accuracy (and small base-line).

Furthermore, the report concludes some limitations to the pre-trained models them-
selves; such as in Section 4.3 where SuperGlue predicts completely wrong results
with high confidence under certain circumstances, and is highly inconsistent under
presumed invariant transformations of the input data.
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A

Appendix of Matching Plots

This appendix list examples of matched images from the test set.

Figure A.1: Visual–thermal image pairs which were run through the baseline
model to create feature point matches. The thermal (LWIR) image is placed to the
left, and the visual image to the right. Pairs are tabulated in two columns. Line
colors indicate the confidence of each match, with blue being most confident, and
red being the least confident.
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Figure A.2: Visual–thermal image pairs which were run through the trained GNN
model to create feature point matches. The thermal (LWIR) image is placed to the
left, and the visual image to the right. Pairs are tabulated in two columns. Line
colors indicate the confidence of each match, with blue being most confident, and
red being the least confident.
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Figure A.3: A sample of image matchings over the calibration datasetusing the
PnP method.
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Appendix of Image Processing

Examples

Original uncooled
LWIR

Constant model
denoising

Original uncooled
LWIR

Constant model
denoising

Figure B.1: Additional samples from denoising method. The images are ordered
from best to worst (from top to bottom). The top row of images are well denoised
without obvious artifacts. The image(s) to the right on the second row as well as the
images on the last rows exhibit some “smearing” artifacts due to objects overlapping
in consecutive frames. The images in the second to last row show regions where the
denoising has worked well, but due to the FPN pattern shifting too rapidly, other
areas are instead obscured by noise.
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