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Prioritized 2D-3D Matching for Visual Localization Revisited
Earl Fernando Panimayam Fernando

Department of Electrical Engineering

Chalmers University of Technology

Abstract

Determining the position and orientation of the camera from which an image was
taken with respect to a scene representation both accurately and time e [ciehtly
is a bottleneck for many applications of Computer Vision like Augmented Reality
and Autonomous Driving. Recent developments in Structure from Motion help us to
reconstruct large scale 3D models which could be used for the camera pose estimation
of an image, by matching its 2D image features with the 3D points in the model.
Matching these 2D image features with all the 3D points is time consuming. For a
good camera pose estimation only a few number of matches are required. The time
taken for 2D-3D matching could be reduced by prioritizing the 2D image features for
2D-3D matching and once a certain number of matches are found, the camera pose
could be estimated using the matched 2D-3D features. This thesis proposes a novel
method to prioritize the 2D features from the image in a e [edtive manner for 2D-3D
matching by using the probabilities of these 2D image features to be in 3D model
and the search costs for matching these 2D image features with the 3D points. The
probabilities of the 2D image features are computed using a random forest classifier
and the search costs of the 2D image features are the number of 3D points features
which are having similar visual appearance to the query image feature. Through
extensive evaluation with di[erknt datasets, | show that the proposed prioritization
functions could be used for a time e Lcieht visual localization.

Keywords: Prioritized feature matching, Random forest, Structure for Motion, K-
means clustering, Knapsack.






Acknowledgements

I would like to thank my examiner Mr.Torsten Sattler for giving me the opportunity
to work with this thesis and for guiding me throughout this thesis work.

Earl Fernando Panimaym Fernando, Gothenburg, August 2019

vii






List of Figures

1

Introduction

11

1.2

Related Work

Contents

1.1.1 Visual Localization . . . . . . . . . . . . ... ... .. ....
1.1.2 Perioritized 3D Structure based localization . . . . . . ... ..

Thesis Outline

Theory
2.1 Structure From Motion . . . . . . . . . .

2.2
2.3

2.4
2.5

2.6

2.1.1 Feature
2111
2.1.2 Feature

Extraction . . . . . . . . . .. .. ...
Scale Invariant Feature Transform . . . .. . . . ..
Matching . . . . . . .. .. ... ..

2.1.3 Geometric Verification and Pose Estimation . . ... ... ..
2.1.4 Incremental Structure From Motion . . . . . . . ... ... ..
3D structure based localization . . . ... ... ... .........
Predicting Probabilities. . . . . . .. .. ... ... .. ........
2.3.1 DecCision Trees . . . . . . v v v v i e e e e e
2.3.2 Decision Tree Learning . . . . . . .. ... ... .. ......

2.3.2.1
2.3.2.2
Random Forest

Gini Index . . . . ... ..
Information Gain . . . . . .. .. .. ... .. ....

Calculating Search Costs . . . . . . ... .. .. ... ... ......
25.1 K-means Clustering . . . . . .. ... ... ... .. ......
Prioritization Function . . . . . . . . .. ... ... ... ...
26.1 Knapsack . . .. .. ...

Methods

3.1
3.2
3.3

3.4

Outline . . . .

3D Reconstruction . . . . . . .. ...
Computing Probabilities . . . . . . .. ... ... ... .. ... ...
3.3.1 Computing Search Costs . . . . .. ... ... .. .......
Prioritization Function . . . . . . . .. .. .. .. ... .. ......
3.4.1 Greedy Approximation Method . . . .. .. ... .......

3.4.2 Average
34.21

Ranking Method . . . . . .. .. ... ... ......
Fully Polynomial Time Approximation Scheme

21



Contents

4 Results 23
4.1 Experimental Setup . . . . . . . .. .. .. 23
4.1.1 Image MatchingforSFM . . . . . ... .. ... ... ..... 23
4.1.2 Training Dataset . . . . . ... ... .. ... ... ... ... 23
413 TestingDataset . . . . ... ... .. ... ... . ... ..., 23
4.2 Evaluation Methods . . . . ... .. .. ... .. .. ... .. .. .. 24
4.2.1 Quality of the Random Forest Predictions . . . . ... .. .. 24
4.2.2 Quality of the Prioritization Function . . . . . . ... .. ... 24
4.3 ClassierResults . . . .. .. ... . .. .. . 24
4.4 Prioritization Function Results . . . . .. ... ... ... ...... 28
4.4.1 Performance with Top N Fixed Features . . . .. .. .. ... 28
4.4.2 Performance on Fixed SearchCosts . . . ... ... ...... 33
4.4.3 DISCUSSIONS . . . . . . i e e e e 38
4.4.3.1 Prediction Accuracy . . . ... ..o 38
4.4.3.2 Prioritization function . . . .. ... ... ... ... 39
5 Conclusion 41
51 Future Work . . . . . . . . . . e 41
Bibliography 43



2.1

2.2

2.3

2.4

2.5

2.6
2.7

List of Figures

An example of 3D construction using Structure from Motion. (This
is a 3D reconstruction of the St.Mary's College in Cambridge. The
model was developed using the dataset provided in [26].) . .. .. .. 6

For each octave of the scale space, the images are convolved to give

a set Gaussian blurred images for di erent values of. Images next

to each other are subtracted to give a Di erence of Gaussians. These
Gaussian images are downsized by a factor and the same process is
repeated. This image was taken from [19]. . . ... .. ... .. ... 7

The image in the left shows the direction and magnitude of a gradi-
ents around an interesting point. The image in the right shows the
accumulated orientation histogram of the gradients from the image
in the left. This image was taken from [19].. . . .. .. ... .. ... 7

This gure shows feature matching between two images of the same
building with di erent camera positions. The red dots in two over-
lapping images show their corresponding SIFT features and the green
lines highlight the matches. The images used in this gure were taken
from the Cambridge landmark dataset [26]. . . .. ... .. ... .. 8

The image shows an example of how decision tree works. At every
node a random attribute is test to determine whether to go for grocery
shoppingornot. . . . . .. ... . .. ... 11

Example of how a random forest classierworks.. . . . . .. .. ... 12

Shows the structure of the 3D structure based visual localization
pipeline proposed by [14]. At rst, a 3D model is reconstructed using
a set of images of a location. The descriptor space of the image fea-
tures used for 3D reconstruction is later clustered into visual words by
training a clustering algorithm. For the localization of a given query
image, all the interesting images features in the query are extracted
rst. The search costs of the extracted features are calculated in the
next stage based on the number of descriptors in the visual word
which has the shortest Euclidean distance with the query image fea-
ture. In the next stage, the query image features are prioritized for
2D-3D feature matching based on their search costs. Once N number
of 2D-3D features have been found, the camera pose is estimated. . . 13

Xi



List of Figures

2.8 The dierent colours represents the di erent visual words and the
points inside each partition represents the 3D point descriptors, the
plus sign indicates the cluster centers of the visual words. This image
was taken fromhttps://plot.ly/~MariaKu/97/voronoi-polygons-and-k-means-clustering/
#HplOt . . 14

2.9 The image shows an example of the knapsack problem where the ob-
jective is to titems into a bag of the weight constraint of 7 kilograms
while maximizing the value of the items inthebag. . .. ... .. .. 16

3.1 This image gives an overview of the method proposed in this thesis
for visual localization. At rst, a 3D model is reconstructed using a
set of images of a location. The descriptor space of the image fea-
tures used for 3D reconstruction is later clustered into visual words
by training a clustering algorithm. A classi er is also trained to pre-
dict the probabilities of the query image features to have a 3D point.
For the localization of a given query image, all the interesting images
features in the query are extracted rst. The search costs of the ex-
tracted features are calculated in the next stage based on the number
of descriptors in the visual word which has the shortest Euclidean dis-
tance with the query image feature along with their probabilities to
have a 3D point. In the next stage, the query image features are pri-
oritized for 2D-3D feature matching based on their search costs and
probabilities . Once N number of 2D-3D features have been found,

the camera pose is estimated. . . . .. ... ... ... .. ...... 18
3.2 3D Reconstruction of the Shop Facade Dataset [26], the red points
represents represents the cameras. . . . . ... ... ... ... .... 19

4.1 4.1b shows the classi cation results for the positive and negative de-

scriptors of the best classi er for the Shop Facade dataset. . . . . . . 25
4.2 4.2b shows the classi cation results for the positive and negative de-
scriptors of the best classi er for the Kings College dataset. . . . . . . 26
4.3 4.3b shows the classi cation results for the positive and negative de-
scriptors of the best classi er for the Old Hospital dataset. . . . . . . 26
4.4 4.4b shows the classi cation results for the positive and negative de-
scriptors of the best classi er for St. Mary's College dataset. . . . . . 27
4.5 4.5b shows the classi cation results for the positive and negative de-
scriptors of the best classi er for the Trinity Great Court dataset. . . 27

4.6 Cumulative histogram of Search costs over the percentage of images
for the Greedy, Average Ranking prioritization function along with
the optimal solution when the number of descriptors is xed - Shop
Facade dataset. . . . .. .. . .. .. .. . .. ... 29

4.7 Cumulative histogram of Search costs over the percentage of images
for the Greedy, Average Ranking prioritization function along with
the optimal solution when the number of descriptors is xed - Kings
College dataset. . . . . . . . . . . . . ... 30

Xii



List of Figures

4.8 Cumulative histogram of Search costs over the percentage of images
for the Greedy, Average Ranking prioritization function along with
the optimal solution when the number of descriptors is xed - Old
Hospital dataset. . . . . .. ... .. .. . .. .. ... . ... ... 31
4.9 Cumulative histogram of Search costs over the percentage of images
for the Greedy, Average Ranking prioritization function along with
the optimal solution when the number of descriptors is xed - St.
Mary's College dataset. . . . . . .. ... .. ... .. .. ....... 32
4.10 Cumulative histogram of Search costs over the percentage of images
for the Greedy, Average Ranking prioritization function along with
the optimal solution when the number of descriptors is xed - Trinity

Great Courtdataset. . . . . . .. .. .. . ... ... 33
4.11 Performance of all the prioritization functions on the Shop Facade
Dataset with xed searchcosts . . . .. ... ... ... ....... 34
4.12 Performance of all the prioritization functions on the Kings College
Dataset with xed searchcosts. . . . ... ... ... ... ...... 35
4.13 Performance of all the prioritization functions on the Old Hospital
Dataset with xed searchcosts. . . . .. ... .. ... .. ...... 36
4.14 Performance of all the prioritization functions on the St. Mary's
College Dataset with xed searchcosts. . . . . . ... ... ... ... 37
4.15 Performance of all the prioritization functions on the Trinity Great
Court Dataset with xed searchcosts. . . ... ... ... ...... 38

Xiii



List of Figures

Xiv



1

Introduction

One of the classic topics in the eld of Computer Vision is Visual Localization, which
is the problem of determining the camera position and orientation of an image taken
with respect to some scene representation. Visual localization is the fundamental
requirement behind many applications like Robotics [49], Autonomous driving [48],
Augmented Virtual Reality [50], Navigation systems [51] and Location recognition
systems [52].

One of the methods used for estimating the camera pose for a given image is by
using image retrieval techniques to match similar images in the database and use
the GPS locations of the matched images in the database to estimate the camera
position of the query image [8, 9, 10, 11]. Though image retrieval based methods are
fast, the estimated camera pose is not accurate which is not viable for applications
like Autonomous Driving and Robotics. Another alternative method for visual lo-
calization is by using deep convolutional neural networks [58] to regress the camera
pose [12] or the 3D scene coordinates [53, 54]. Though the methods proposed by
[53, 54] gives a reasonably accurate camera pose estimation, they are limited to the
scale of the scene considered for localization.

Most of the state-of-the-art techniques for large-scale visual localization reconstruct
the 3D representation of a scene using Structure from Motion techniques [2, 28, 3]
to estimate the camera pose of the query image. In general, 3D Structure-based
visual localization techniques [4, 5, 6, 7] match the 2D local features extracted from
the query image with all the features associated with the 3D points. The camera
pose of the query image is later computed using RANSAC or DSAC [55, 54, 53]
using the found 2D-3D matches. The time taken for matching all the 2D feature in
the image and all the features corresponding to the 3D model becomes a bottleneck
for 3D structure based visual localization algorithms as the size of the 3D model
increases. To reduce the time taken for matching the 2D points with the 3D points
and camera pose estimation, it would be ideal to reduce the number of features
used for matching and use only the features which would have a higher chance of
matching with a 3D point. [13] proposes to use only the query image features which
are predicted by a classi er to be matchable during 2D-2D feature matching. This
approach resulted in reducing the number of image features used for matching. [14]
proposes to arrange the features based on the search costs in a ascending order and
when N features are matched, the camera pose was estimated. [14] clustered the 2D
image features of all the 3D points in descriptor feature space where each cluster is
called as a visual word and the collection of all the visual words is called as a visual
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vocabulary. [14] assumed that the search cost for every query image feature is the
number of 3D points features in the visual which it had the shortest Euclidean dis-
tance with. Though this method reduces the time taken for matching, there might
be some image features that might not have a corresponding 3D point but these
features would be used for 2D-3D matching because of their low search cost.

Motivated by the approaches proposed by [13] and [14] to reduce the time taken for
2D-3D feature matching and to improve accuracy of the camera pose. In this thesis,
| present a novel method to prioritize the 2D query image features to reduce the time
taken for 2D-3D feature matching while maximizing the number of 2D-3D feature

matches found for camera pose estimation. To determine the prioritization order of
the 2D features in the query image, | estimate the probabilities for the 2D image

features to have a corresponding 3D point, using a random forest classi er. The
computed probabilities along with the cost for searching these 2D image features in
the 3D model, computed by using the method proposed by [14] is used for prioritizing
the 2D image features for matching.

1.1 Related Work

In this section, | explain about the various research papers that are closely related
with the visual localization problem and the motivation for this thesis. | also discuss
about the various researches on the techniques adopted for this thesis.

1.1.1 Visual Localization

One of the earliest localization methods was proposed by [40]. The authors of [40]
proposed a robot navigation system which uses the scale invariant features [19]
detected from the images taken from a stereo mounted camera on the robot to si-
multaneously reconstruct a 3D reconstruction of the real-world environment. The
robot used this 3D reconstruction to determine its position. In contrast to the earlier
method [35] proposed to retrieve the location of a query image related to a set of
facades that were registered in a city map. Similar to this approach [36] used SIFT
features [19] for matching with the image dataset with known GPS coordinates and
triangulated the pose using the best two matches. [37] developed city scale visual
localization using image retrieval using a vocabulary tree as suggested by [38]. [39]
clustered the images with similar features to scene maps thereby reducing the num-
ber of images that were used for feature matching. But in most of all the above
mentioned methods, the accuracy of the images were on a GPS coordinate system
level, where as most of the real-world problems require more accurate camera posi-
tions.

To determine a higher quality of the camera position, [41] proposed to develop a
3D model of the scene using structure for motion [28]. They created new synthetic
views of the 3D model and increased the size of their database. This database
was later compressed into a set of original and synthetic views which e ciently
covered all the 3D points that were relevant for camera pose estimation. They

2
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adopted a vocabulary tree based approach a proposed by [37] to retrieve images
which are similar to the query image. The features associated with the 3D points
in the retrieved images were used for 2D-3D feature matching. The matched 2D-3D
correspondences were later used to determine the camera position using a 3-point
pose estimation algorithm [20]. The paper by [34] proposed to use a regression forest
to classify every pixel in the query image to its corresponding 3D point which are
later used to estimate the camera pose of the query image. [34] used RGB-D images
for training their classi er. The estimated camera pose was not as accurate as the
state-of-the-art 3D structure based localization pipelines. [26] proposed to train a
convolution neural network to regress the camera pose of the input query image.
This method still had a few shortcomings in terms of accuracy of the camera pose
estimated when compared with the 3D structure based localization technique. [54]
proposed to use a convolutional neural network to predict the 3D points associated
with 2D query image features, which where later used to estimate the camera pose.
[54] implementation of a end-to-end pipeline using convolutional neural networks to
estimate camera pose without 3D construction had better camera pose estimation
compared to traditional 3D Structure based localization when the scene used for
localization was small but this method does not scale well with large-scale 3D models.

1.1.2 Prioritized 3D Structure based localization

To reduce the time taken for 2D-3D feature matching in 3D structure based local-
ization, the 2D image features used for matching needs prioritized. [13] proposed
to develop a classi er that predicts if a 2D image point would be matchable during
2D-2D feature matching or not. The 2D image features which were predicted by the
classi er to be matchable were only used for 2D-2D feature matching. This ensures
the probability of nding a match, thereby reducing the time taken for matching
when compared with the traditional 3D structure based localization methods. Later,
[14] proposed an appearance based strategy to prioritize the image features. They
clustered the 2D image features belonging to all the 3D points in the descriptor fea-
ture space. Each cluster was called as a visual word. The search costs for an query
image feature is proportional to the number of 3D points features in the visual word
with which the query image feature had the shortest Euclidean distance. They pri-
oritized the 2D image descriptors based on the search cost in an ascending order for
2D-3D feature matching. While all the above methods of searching corresponded to
2D-3D searches, [43] proposes to search 3D-2D in the reverse manner. They priori-
tize the 3D points used for matching depending on the number of images that were
used for its reconstruction thereby covering the entirety of 3D model space. Once a
matching 3D point is found, they propose to increase the priorities of the 3D points
found in the same image along with the matched 3D point during 3D reconstruction.
They stopped their search once N number of 2D-3D matches were found and the
camera poses are estimated. [4] proposes to combine the techniques of prioritization
based on appearance [14] and co-visibility [43] of the 3D points once a 3D match
was established. [4] also proposes the strategy of actively searching for co-visible 3D
points during 3D reconstruction and prioritizing then 2D image feature proposals
for 3D matches and the 3D matches for 2D image feature matching together.
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The idea of this thesis is to develop a prioritization function to reduce the time
taken for matching 2D features with the all the features associated with the 3D
points while the number of 2D-3D feature matches found is maximized. In this
thesis, | propose to use the techniques used by [13] but instead of only using the 2D
image points which are predicted to be matchable during 2D-2D feature matching,

| propose to train a classi er to predict the probabilities of each 2D query image
features to having a corresponding 3D point. These probabilities along with the
appearance strategy of [14] is used to prioritize the 2D features for 3D matching.

1.2 Thesis Outline

The report for this thesis is divided into ve chapters. The second chaptefheory
gives an overall view of the problem behind the thesis and the main concepts used
to attest this issue. In the next chapterMethods , a description of the strategies
adopted to reduce the time take 2D-3D feature matching in 3D structure based
localization while maximizing the number of 2D-3D matches found. ThResults
section consists of the experimental setup, evaluation methods and a discussion on
the results. In the Conclusion an overall outcome of the thesis is given along with
suggestions for future work.



Theory

Image-based local visualization can be de ned as the problem of determining the
position and orientation of the camera for a given query image. One of the most
traditional strategies adopted to solve this problem is by creating a 3D scene using
Structure from Motion. Using this 3D reconstruction, one could try to match all
the 2D image features associated with the 3D points in the 3D scene with all the 2D
image features in the input query image. But the problem with this method is the
time taken for matching all the 2D image features with all the features associated
with the 3D points. This time taken could be reduced if the 2D images features
are prioritized using a prioritization function which maximizes the number of 2D-
3D matches found while minimizing the time taken for 2D-3D feature matching
and once N matches are found, they could be used for camera pose estimation. In
this thesis, | propose to predict the probabilities of the 2D features in the query
image to have corresponding 3D point using a random forest classi er [13]. These
probabilities along with the search costs of the 2D image features [14] in the 3D
model for matching, could be used to prioritize the 2D query image features. In
this section, | discuss in detail about the concepts used for 3D construction using
Structure from Motion, predicting the probabilities of the 2D image features to have
a 3D point and calculating the search costs of the 2D image features.



2. Theory

2.1 Structure From Motion

Figure 2.1: An example of 3D construction using Structure from Motion. (This
is a 3D reconstruction of the St.Mary's College in Cambridge. The model was
developed using the dataset provided in [26].)

To estimate the camera pose of the input query image in 3D-Structure based local-
ization method, it necessary to develop the 3D representation of the scene. Structure
from motion [3] is a method used to re-construct a 3D scene from a set of un-ordered
images. In general, the following steps are involved in constructing a 3D scene using
Structure from motion.

1. Feature Extraction

Feature Matching

Geometric Veri cation
Initialization for a reconstruction
Incremental SFM

Bundle Adjustment

S

2.1.1 Feature Extraction

To develop a 3D model from a bunch of un-ordered images, it is necessary to establish
the relationship between the images. These relationships could be established by
extracting di erent features in the images. The features extracted from the image
should be invariant to geometric and to radiometric changes, so it would be possible
to uniquely detect these features from other images which might be in a di erent
orientation and position. Though there are many types of feature extractors like
SURF [17] and learned descriptors [18], SIFT [19] and its derivatives [16] are few of
the most widely used methods for feature extraction.

6



2. Theory

2.1.1.1 Scale Invariant Feature Transform

The interesting features detected in an image have to be invariant to scale and
rotation, so that we could detect the same features in other images for feature
matching. The matched features are later used for 3D scene construction. To
obtain these interesting features which are supposed to be scale invariant, a Laplace
of Gaussian is applied for di erent values of the scale parameterin the Gaussian
Blur operator for the same image in di erent sizes. This Laplace of Gaussian acts as
a blob detector to detect the local maximas and minimas across the scale and space.
Applying a Laplace of Gaussian is computationally expensive. So [19] proposes to
determine the Dierence in Gaussian for a image which is an approximation for
the Laplace of Gaussian, in di erent scales and spaces to detect the local maximas
and minimas (a visual representation of this is shown in gure 2.2). The di erence
between the Gaussian blurring of an image with two di erent scale parameters gives
the Dierence of Gaussians. The detected local extremas in the images over scale
and spaces are de ned as the key locations for keypoints.

Figure 2.2: For each octave of the scale space, the images are convolved to give a

set Gaussian blurred images for di erent values of. Images next to each other are

subtracted to give a Di erence of Gaussians. These Gaussian images are downsized
by a factor and the same process is repeated. This image was taken from [19].

Figure 2.3: The image in the left shows the direction and magnitude of a
gradients around an interesting point. The image in the right shows the
accumulated orientation histogram of the gradients from the image in the left.
This image was taken from [19].

To improve the accuracy of the keypoints locations [19] proposes to use a Taylor

7
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