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Abstract—This paper addresses the visual localization problem,
focusing on estimating camera position and orientation from
images in a known scene. Traditional localization methods
utilizing local feature matching face challenges in generalization
to new scenarios. In contrast, this study explores state-of-the-art
techniques, including deep learning models and graph neural
networks, to enhance feature extraction and matching. We
implemented five models: SIFT, a CNN-based baseline, Hier-
archical Localisation, an ImageSimilarity-Autoencoder, and the
SuperGlue feature matching model. Evaluated on a dataset from
the Getty Center in Los Angeles for a Kaggle competition, the
SuperGlue model significantly outperformed others, achieving a
mean absolute error (MAE) of 6.37266. The findings suggest that
leveraging advanced architectures and attention mechanisms can
substantially improve visual localization performance, even under
challenging conditions. This research highlights the potential of
integrating deep learning and graph neural networks in practical
localization tasks.

Index Terms—Visual localisation, feature matching, keypoints,
descriptors

I. INTRODUCTION

Visual localisation refers to the problem of estimating the
camera position and orientation for a set of images in a known
scene. Many modern Computer Vision applications such as
virtual reality, autonomous vehicle navigation, and delivery
drones require visual localisation information, which makes
this problem an interesting research area to study.
Classical localisation methods rely on estimating correspon-
dences between 2D key points in the test scene and 3D points
in the trained model via the use of local descriptors. However,
these approaches usually fail to perform well and generalize
to new, unseen scenes, as the hand-crafted local features may
change significantly from one scenario to the other due to blur,
lighting conditions, and location dynamics.
In contrast to that, state-of-the-art approaches make use of
deep learning models to extract dense pixel-wise features and
learn powerful feature representation by using Convolutional
Neural Network (CNN) architectures [1], [2]. In recent re-
search, the use of sparse learned features sampled from dense
features has been introduced, which provides a more efficient
matching process than matching dense features [3].
The methods described in this paper were used to participate
in the Kaggle competition for the COMP90086 Final Project.
The objective of the competition was to estimate the camera
coordinates on a collection of images taken in and around an
art museum. As part of our participation in the competition,
we have implemented a variety of methods to solve the visual

localisation problem and performed an experimental evaluation
of our approaches.

II. RELATED WORKS

Previous attempts on visual localisation have traditionally
made use of local feature matching to detect interest points
in the images, calculate feature descriptors and match the
features descriptors with known images based on Nearest
Neighbour (NN) technique. In this scenario, incorrect
matches are usually filtered out until finally the geometric
transformation is estimated. A well-known approach is SIFT
[4], which is a local feature matching technique that works
by first filtering incorrect matches with Lowe’s ratio and then
estimating the transformation using a robust algorithm such as
random sample consensus (RANSAC). Recent methods that
were introduced in the last years have focused predominantly
on learning local or regional features by employing better
detectors and descriptors. The detectors and descriptors are
usually learned from data via novel deep learning based
network architectures such as CNNs.
Another approach for visual localisation is the use of graph
matching algorithms. These algorithms are usually formulated
as NP-hard, quadratic assignments [5] that require elaborate
methods to make them solvable [6].

III. DATASET

The task of the COMP90086 Final Project was to develop
a method to estimate the coordinates from which an image
was taken. The dataset for this task was published by the
COMP90086 teaching team and consists of a collection of
images taken in and around an art museum (the Getty Center in
Los Angeles, U.S.A.). The training set contains a total of 7500
images labeled with their corresponding (x,y) coordinates. The
test set for which the coordinates should be predicted contains
1200 images.
The training dataset contains images with multiple views from
each location around the museum. The size of each image is
(480, 640) and the training images are labeled with positional
(x,y) coordinates derived from a mapping algorithm. The units
of the (x,y) values are unknown, but it is assumed that (x,y)
reflects the camera position in the real world.

IV. EXPERIMENTAL SETUP

All methods used in this research were implemented in
Python and make use of the Pytorch [7] and Tensorflow



[8] libraries. The experiments reported in this paper were
performed on a Virtual Machine instance running the Google
Cloud Platform with 16 vCPUs, 60 GB of RAM and a
NVIDIA Tesla T4 GPU.

V. METHODOLOGY

To solve the task of estimating the coordinates from which
the given set of test images were taken, we have implemented
five prediction systems: A neural network classifier CNN-
Baseline that aims to predict image coordinates based on a
classification setting, an implementation of the SIFT tech-
nique to perform feature matching, an attempt at leveraging
Hierachical-Localization to perform 3D reconstruction of the
scene [9], an ImageSimilarity-Autoencoder implementation
that aims at matching images based on similarity as well as
a feature matching process using the pre-trained SuperGlue
model [12].

A. SIFT

The SIFT implementation used in this research works by
detecting potential matches between two images. Our im-
plementation of SIFT first detects interest points (keypoints)
which are invariant in translation, scale, rotation and illumi-
nation even under changing conditions. It then generates a
description vector for each interest point which describes the
local appearance around the interest points. The descriptors for
each pair of images are subsequently matched using k-Nearest
Neighbors (k-NN) algorithm. It is worth mentioning that the
number of keypoints to be matched for the given images
is relatively large, since the features learned by SIFT are
abundant. Because of the large number of keypoints, we have
observed that the matching step is extremely time-consuming.
To reduce the number of outliers and subsequently eliminate
the nonmatching points, we used RANSAC. Even though we
were able able to significantly speed-up the matching process
by the use of RANSAC, the overhead and computational
burden of performing an exhaustive search for each test image
on the training images was large.
Also, we noticed that some of the detected interest points
have limited discriminative power, which causes frequent
mismatches between image pairs (see Fig. 1). This has a
negative impact on the feature detection accuracy, which has
led us to conclude that SIFT does not perform well on the
given dataset.

Fig. 1. Mismatched image pairs using SIFT and RANSAC

B. CNN-Baseline

The CNN-Baseline model was implemented using the Ten-
sorflow [8] library and served as a baseline which we used
to compare the performance of our other models. It models
the visual localisation problem as a classification task, where
the coordinates of the images represent the classes that the
model should predict. The CNN-Baseline model is based on
a convolutional neural network architecture with 3 pairs of
convolutional and max-pooling layers followed by two dense
layers for the final classification step. We trained the CNN-
Baseline model on the given training dataset for 5 and 25
epochs using the RMSprop optimizer with a learning rate of
1e-4 to obtain the results reported in Table I.

C. ImageSimilarity-Autoencoder

The ImageSimilarity-Autoencoder model relies on an un-
supervised learning method to automatically learn the image
representations and use these for image similarity matching.
The approach of using a Autoencoder model for the visual
localisation task is motivated by the idea that when the model
understands how an image looks like, it can also find similar
images. Put differently, the Autoencoder helps us to focus
on finding the features which describe the image best. To
represent the features, we leveraged a convolutional encoder
architecture to convert images into feature representations. The
model then attempts to reconstruct the original image from its
feature representation by using a convolutional decoder that
outputs the reconstructed image.
The encoder model consists of 5 convolutional, relu and max-
pooling layers stacked on top of each other. These layers
convert the input image to a feature representation embedding
of size (1, 256, 16, 16). Our convolutional decoder model
consists of 5 layers of transposed convolution layers with
kernel size (2, 2), stride (2, 2) and relu activation function in
each layer. The Autoencoder works by feeding the feature rep-
resentations from the encoder into the decoder to reconstruct
the input image. The model described here was implemented
using PyTorch [4], and the training dataset was split into 75%-
25% training and validation sets. For training the model, we
use Adam optimizer with a learning rate of 1e-3 and train
our model for 20 epochs.
As part of the Autoencoder training, we extract feature em-
beddings for the full training dataset from the Autoencoder
model and save the embeddings in Numpy format. The feature
embeddings are subsequently used to search for images that
are similar to the given test images by comparing their cosine
similarity via the k-Nearest Neighbour (k-NN) method.

D. Hierachical-Localisation (with 3D reconstruction)

The Hierachical-Localisation model is built on the HF-
Net architecture [9] proposed by Sarlin et al.. It implements
a hierarchical localisation technique based on a monolithic
CNN which simultaneously predicts local features and global
descriptors to estimate an 6 Degrees of freedom (6-DoF)
localisation. HF-Net works by first carrying out a global search
to retrieve a set of database images (location hypotheses). It



Fig. 2. The HF-Net architecture [9]

then performs local 2D-3D matching to match local features
within the candidate locations and computes 6-DoF estimates
of the camera pose. The benefit of the hierarchical approach
is that it saves run-time and makes the system robust more
robust to challenging conditions.
The HF-Net architecture shown in Fig. 2 consists of an encoder
and three heads which predict a map of keypoint detection
scores, dense local descriptors, and a global descriptor. The
HF-Net encoder is based on a combination of the MobileNet
[10] architecture and a NetVLAD layer [11] which is used
to compute the global descriptors. HF-Net adopts the so-
called SuperPoint [3] decoder which decodes keypoints and
local descriptors in a fixed nonlearned manner. This approach
is much faster than the transposed convolutions traditionally
used in feature matching with convolutional auto-encoders (as
described in section V-C). As Fig. 2 shows, the local features
branch out from the MobileNet earlier than the global head
supervised by NetVLAD. This is due to the fact that a higher
spatial resolution is needed to keep spatially discriminative
features.
Even though HF-Net has been shown to excel in visual local-
isation tasks on several large-scale benchmarks that include
considerable appearance variations with different day-night
and weather conditions, it did not perform well on the art
museum dataset given in this task. The major challenge was
to find a sufficiently high number of neighbouring images to be
able to successfully perform the 3D reconstruction step. Also,
running the 3D reconstruction step requires vast amount of
computational resources, which is why we ultimately decided
against continuing with this approach.

E. SuperGlue-Feature Matching with GNN

The SuperGlue model [12] leverages a graph neural
network architecture and attention mechanism to match
local features by finding correspondences and dismissing
unmatchable points. The SuperGlue model is composed of
two main components:
(i) In the first component, SuperGlue borrows the self-
attention mechanism from Transformer and embeds it into
a Graph Neural Network. The attentional GNN leverages
spatial relationships of keypoints and descriptors. It works
by first employing an encoder to map keypoint positions p

Fig. 3. The SuperGlue architecture [12]

Fig. 4. The original images in the test set and training set from left to right.
The bottom photo shows the detected matches by SuperGlue (Red: more
confident, Blue: less confident)

and their associated descriptors d into a single vector. In the
next step, self-attention and cross-attention layers are used to
generate more powerful representations f . This component
consist of a total of 9 layers of self- and cross-attention with
4 heads each.
(ii) The second component (optimal matching layer) creates
an M × N score matrix and finds the optimal partial
assignment between two sets of local features by using the
Sinkhorn algorithm for T = 100 iterations. This procedure is
as shown in Fig. 3.
The pre-trained SuperGlue model is implemented in PyTorch
[4] and contains 12M parameters. It can be amalgamated with
any local feature detector and descriptor techniques such as
SIFT and SuperPoint to creates sparse keypoints and perform
matching. SuperGlue can estimate almost all correct matches
and rejects the majority of outliers. Fig. 4 shows all detected
matches which are colored by their predicted confidence in a
jet colormap (Red: more confident, Blue: less confident). In
previous experiments, SuperGlue has been shown to achieve
state-of-the-art result on a variety of indoor/ outdoor pose
estimation tasks and datasets as it effectively handles repeated
texture, large illumination changes, large view points, and
occlusion. As we discuss in section VI, it also performs well
on the visual localisation task given in this assignment.

VI. EXPERIMENTAL RESULTS

In this section, we present experimental evaluations of
feature matching techniques using CNN, Autoencoders and
SOTA GNN models. The results of proposed models evaluated



on the test dataset are shown in Table I. The evaluation score
is calculated by the mean absolute error between the true
and predicted (x,y) coordinates computed on the test set, i.e.
MAE = 1

N

∑N
i=1 abs(xi − x̂i)− abs(yi − ŷi).

From the table, we can see that the CNN-Baseline model was
able to learn some feature representations and achieved an
MAE score of 52.35375 when evaluated on the Kaggle com-
petition benchmark. However, we assume that the performance
of the model could have been improved further by making use
of a pre-trained computer vision model such as VGG-19 or
ResNet to perform feature extractors and hence create better
feature representations.
The ImageSimilarity-Autoencoder model performed poorly

TABLE I
PERFORMANCE EVALUATION OF IMPLEMENTED MODELS

Experiment / Model Evaluation Score (MAE)
SIFT None∗
CNN baseline (5 epochs) 52.35375
CNN baseline (25 epochs) 52.44292
ImageSimilarity-Autoencoder (10 epochs) 61.58458
ImageSimilarity-Autoencoder (20 epochs) 62.23774
Hierachical Localization None∗
SuperGlue 6.37266
∗ Model were not submitted to Kaggle competition

on the task, as it was built from scratch and only trained
on the given dataset. Similar to the CNN-Baseline model, we
suspect that its performance could be significantly improved
by making use of pre-trained model such as VGG-19 to obtain
better feature representations.
The SuperGlue model outperforms its counterparts with a
final evaluation score of 6.37266. We attribute the outstanding
performance of Superglue to the fact that it uses a GNN
and self-attention which boosts the receptive field of local
descriptors. Also, its cross-attention mechanism allows back-
and-forth cross-image communication when matching images.
Because of these unique advantages, the pre-trained SuperGlue
model was able to achieve substantial improvement over the
other approaches that were investigated in this research.

VII. CONCLUSION

In this paper, we have described five models that can
be used to predict the coordinates of images from a given
scene: SIFT, CNN-Baseline, Hierachical-Localization, Ima-
geSimilarity with Autoencoders and SuperGlue. We studied
their performance characteristics and used these models to
participate in the COMP90086 Kaggle competition where we
achieved an MAE of 6.37266 with our best performing model
SuperGlue.
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