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ABSTRACT

Localization is critical for self awareness of any autonomous system and is an impor-

tant part of the autonomous system stack which consists of many phases including

sensing, perceiving, planning and control. In the sensing phase, data from on board

sensors are collected, preprocessed and passed to the next phase. The perceiving

phase is responsible for self awareness or localization and situational awareness which

includes multi-objects detection and scene understanding. After the autonomous sys-

tem is aware of where it is and what is around it, it can use this knowledge to plan for

the path it can take and send control commands to pursue this path. In this proposal,

we focus on the localization part of the autonomous stack using camera images. We

deal with the localization problem from different perspectives including single images

and videos.

Starting with the single image pose estimation, our approach is to propose systems

that not only have good localization accuracy, but also have low space and time

complexity. Firstly, we propose SurfCNN, a low cost indoor localization system that

uses SURF descriptors instead of the original images to reduce the complexity of

training convolutional neural networks (CNN) for indoor localization application.

Given a single input image, the strongest SURF features descriptors are used as input

to 5 convolutional layers to find its absolute position and orientation in arbitrary

reference frame. The proposed system achieves comparable performance to the state

of the art using only 300 features without the need for using the full image or complex

neural networks architectures. Following, we propose SURF-LSTM, an extension to

the idea of using SURF descriptors instead the original images. However, instead

of CNN used in SurfCNN, we use long short term memory (LSTM) network which

is one type of recurrent neural networks (RNN) to extract the sequential relation

between SURF descriptors. Using SURF-LSTM, We only need 50 features to reach
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comparable or better results compared with SurfCNN that needs 300 features and

other works that use full images with large neural networks.

In the following research phase, instead of using SURF descriptors as image fea-

tures to reduce the training complexity, we study the effect of using features extracted

from other CNN models that were pretrained on other image tasks like image classi-

fication without further training and fine tuning. To learn the pose from pretrained

features, graph neural networks (GNN) are adopted to solve the single image localiza-

tion problem (Pose-GNN) by using these features representations either as features

of nodes in a graph (image as a node) or converted into a graph (image as a graph).

The proposed models outperform the state of the art methods on indoor localization

dataset and have comparable performance for outdoor scenes.

In the final stage of single image pose estimation research, we study if we can

achieve good localization results without the need for training complex neural net-

work. We propose (Linear-PoseNet) by which we can achieve similar results to the

other methods based on neural networks with training a single linear regression layer

on image features from pretrained ResNet50 in less than one second on CPU. More-

over, for outdoor scenes, we propose (Dense-PoseNet) that have only 3 fully connected

layers trained on few minutes that reach comparable performance to other complex

methods.

The second localization perspective is to find the relative poses between images in

a video instead of absolute poses. We extend the idea used in SurfCNN and SURF-

LSTM systems and use SURF descriptors as feature representation of the images in

the video. Two systems are proposed to find the relative poses between images in the

video using 3D-CNN and 2DCNN-RNN. We show that using 3D-CNN is better than

using the combination of CNN-RNN for relative pose estimation.
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Chapter 1

Introduction

1.1 Motivations

Any autonomous system is required to localize itself at any environment using the

equipped sensors. It can be a self driving car travelling across the streets or an

autonomous robot providing services for customers at indoor environments such as

restaurants or shopping malls [15]. Localization algorithms differ depending on the

type of the environments and the sensors used for localization. Outdoor scenes are

very complex while indoor scenes are usually simpler. Moreover, many sensors data

are available to use for localization systems including cameras images , light detection

and ranging (LiDAR) and radio detection and ranging (RADAR) scans and wireless

signals such as wireless fidelity (WiFi) signals. One of the widely used sensors for per-

ception is camera on which some self driving cars companies including Tesla depend

fully for the achieving full autonomy due to its low cost compared to LiDARs and

high visual information data which we can analyze using the existing AI systems [16].

In this thesis, we focus on using camera images for localization.

The proposed systems lies into two categories:
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1. Single image absolute pose estimation

2. Multiple images (video) relative pose estimation

The single image absolute pose estimation systems try to learn where this image

was taken in any environment which makes these systems hard to generalize to dif-

ferent environments. Therefore, the main objective of the proposed systems is not

only to provide good localization accuracy for both indoor and outdoor scenes, but

also implement them in the most efficient way in terms of storage space, training and

testing time of the machine learning algorithms in order to make fine-tuning these

systems more efficient. One of the most important applications of single image pose

estimation is for re-localization or kidnapped robot problem [1] where the agent is

moving in any environment and lost tracking of where it is right now or the visual

odomotery system used has a big drift and we need to correct. In this circumstance,

the agent can take one image of its current view and use it with the single image

pose estimation systems to know where it is now and then we can initialize the visual

odometery system afterwards.

Multiple images are used instead of single image systems to find the relative poses

to make the system generalizes to unknown scenes as the system does not depend

on the scale of the environment. We go through the proposed research issues in the

following sections.
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1.2 Research Objectives and Contributions

1.2.1 SurfCNN: A Descriptor Accelerated Convolutional Neu-

ral Network for Image-based Indoor Localization

In Chapter 2, we propose SurfCNN, a low complexity image-based indoor localization

system using convolutional neural network (CNN). Given a single image, the CNN

learns to predict the absolute pose (position and orientation) of this image in an

arbitrary reference frame. However, instead of using the full image as input to a

complex CNN, we propose extracting speeded up robust features (SURF) features [17]

first along with their descriptors that describe the area around every extracted feature

and use these SURF descriptors as input to small CNN architecture. As a result, the

input size is reduced by a factor of 48 or more with training in minutes instead of

hours needed by the other single image localization systems and reaching comparable

performance. The proposed research issues are identified as follows:

1. The analysis the single image localization problem.

2. The detailed structure of proposed system.

3. The time analysis for SurfCNN compared to the other works.

4. The localization accuracy in terms of the median position and orientation errors

for 3 indoor datasets.

1.2.2 SURF-LSTM: A Descriptor Enhanced Recurrent Neu-

ral Network For Indoor Localization

Chapter 3 extends the idea of using SURF descriptors instead of the original images

for single image indoor localization. However, instead of using CNN to extract the
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features from the images’ descriptors, we propose SURF-long short memory (SURF-

LSTM) that uses recurrent neural networks to extract the sequential features between

the strongest SURF features descriptors. Bidirectional LSTM (Bi-LSTM) [18] net-

work is used to extract the features from the input images features. Using SURF-

LSTM, comparable localization accuracy is achieved using lower number of features

than SurfCNN with a huge reduction in both the training time and the input di-

mension compared to the other works. The proposed research issues are identified as

follows:

1. The analysis of the SURF-LSTM structure and design consideration.

2. The storage space and time analysis of the proposed system.

3. The localization performance analysis using two indoor datasets.

1.2.3 Pose-GNN : Camera Pose Estimation System Using

Graph Neural Network

In Chapter 4, We formulate the single image pose problem in the form of a graph

learning problem and we use graph neural network (GNN) to learn the image pose

estimation. We propose two GNN architectures by either representing the image as

a node in a big graph or characterizing the image itself as a graph using the image’s

features extracted from pre-trained CNN architecture. For both systems, we use K-

nearest neighbours algorithm [19] to assign neighbours for each node. The proposed

systems outperform all the other methods for the indoor scenes and have competitive

performance for the outdoor scenes. The research perspectives are as follows:

1. The details of the proposed architectures.

2. The effect of the number of neighbours on the performance.
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3. The validation of the proposed systems using two indoor and outdoor scenes.

1.2.4 Efficient Camera Pose Estimation Using Linear Regres-

sion and PCA

Chapter 5 discusses the following question, do we need to train very complex neural

networks systems to reach good accuracy of localization?. We show that using only

one layer of linear regression on top of the features of pretrained CNN, we can reach

comparable results to the neural networks-based single image localization systems for

indoor scenes with training time less than a second and without the need for GPU.

Moreover, for outdoor scenes, we propose 3 fully connected layers architecture that

can use pretrained features as they are without fine-tuning and reach comparable or

better results to the state of the art. We also show that downsampling the input

features using principal components analysis (PCA) does not severely degrade the

performance but can make the training time faster. The proposed research issues are

identified as follows:

1. The discussion of the proposed architectures.

2. The hyper-parameters tuning and design analysis.

3. The validation of the proposed systems using two indoor and outdoor scenes.

1.2.5 Generalizable Sequential Camera Pose Learning Using

Surf Enhanced 3D CNN

In Chapter 6, we use SURF descriptors for video localization instead of single image

localization presented in Chapters 2 and 3. As the single image pose estimation

systems require re-training on every new environment, the main goal of the proposed
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work is to make the system generalize to scenes that are different to the training

scenes. We propose two neural networks architecture based on CNN-RNN and 3D-

CNN to find the relative poses between images in a video of an arbitrary number of

frames. The proposed systems are able to generalize well to unknown scenes while

achieving competitive performance to the state of the art. The proposed research

issues are identified as follows:

1. The comparison between 3D-CNN and CNN-RNN architectures.

2. The generalization capability analysis.

3. The localization accuracy analysis using an indoor dataset.

1.3 Hardware specification

All the experiments in this dissertation are done using a work station with the fol-

lowing specifications:

• Intel Xeon CPU with 8 cores and 2 GHZ CPU clock rate

• DIMM RAM with 1333 MHz speed and 55 GB memory size

• Nvidia Titan XP GPU with 3840 Nividia CUDA Cores, 1582 MHZ boost clock,

11.4 Gbps memory speed, 12 GB GDDR5X memory size and 547.7 GB/s mem-

ory bandwidth
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Chapter 2

SurfCNN: A Descriptor

Accelerated Convolutional Neural

Network for Image-based Indoor

Localization

2.1 Introduction

Internet of things (IoT) has found widespread use in different industries by integrating

computing, communications and control functions into a network formed by sensor

nodes, edge devices and remote servers. The raw data collected by sensors are even-

tually sent to cloud servers with or without processing at the sensor and edge nodes.

The distribution of computing to IoT network components is tailored based on the

capacity of communications links, computing resources at each level, and the delay

requirement of the applications. As more intelligence is being built into IoT, neural

networks play an important role in data processing. Among various deep learning
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tools, convolutional neural networks (CNN) are capable of extracting features from

high dimensional data such as images, videos, etc., that suits the application specific

tasks. Such neural network, however, requires high dimensional optimization pro-

cedure in which the training time is significantly longer when the input dimension

is large. This poses significant challenges to communications links to transport a

large amount of raw data to a cloud server for CNN training and inference. If in-

ference is shifted to edge and/or sensor nodes, the computing resources are usually

very limited in comparison to the CNN computational complexity. Therefore, ways

to reduce the CNN dimension and complexity are necessary to facilitate the use of

CNN in IoT applications. It is well known that image descriptors extract features

from images through deterministic means that are orders of magnitude faster than

CNN. The drawback of a descriptor is that, the output feature size is usually large

compared to those from CNN as most of the image information is retained during

extraction regardless of whether it is needed for the target application. Inspired by

the characteristics of CNN and image descriptors, here, through the demonstration

from an indoor localization application, we combine both technologies by first using

an image descriptor to extract features from images. The feature set, which has sig-

nificantly reduced dimension compared to the images, is input to a CNN to extract

more useful features with further reduced dimension. The combined techniques result

in a significant fewer parameters in the CNN and reduced training and testing time,

which substantially lower the required communications and computing resources and

the overall latency.

People normally spend over 87% of their daily lives indoors [20]. Consequently,

indoor localization is important to many applications ranging from indoor naviga-

tion to virtual reality [21]. Unlike outdoor localization where the global positioning

system (GPS) is prevalent, indoor localization relies on readings from sensors such
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as received signal strength indicator (RSSI), light detection and ranging (LIDAR),

inertial measurement unit (IMU) and images from cameras as GPS signals are too

weak [22]. In particular, image based localization is popular in many fields including

robotics [23] and simultaneous localization and mapping (SLAM) [24] for its high

accuracy and low cost.

Image based localization methods can be categorized into two sub-categories: fea-

ture based and direct methods [25]. In direct methods, all the image pixels are used

for location estimation process, making it computationally expensive despite of its

capability to generating dense maps [26]. On the other hand, feature based methods

extract features from the images and estimate the location using these features. Con-

sequently it is much faster than direct methods. For feature based methods, there

have been various feature detectors for feature extraction, including scale-invariant

feature transform (SIFT) [27], sped up robust feature (SURF) [17], features from

accelerated segment test (FAST) [28], binary robust independent elementary features

(BRIEF) [29] and oriented FAST and rotated BRIEF (ORB) [30], etc. A typical pro-

cedure for feature based localization is as follows: features are first extracted using

one of these algorithms. Then, descriptors are estimated to identify the area around

each feature for matching. Following, either the consecutive image descriptors are

matched to find the relative pose (position and orientation) between them [31], or

each image descriptors are matched against a large database of key frames or land-

marks with known locations to identify what is the closest match to infer the current

pose of the camera [32].

Although good performances have been achieved by these classical methods, they

have drawbacks. For example, the accuracy of all these methods rely on a good

estimation of initial pose location. In addition, the pose accuracy is determined by

the matching between descriptors. Therefore, wrong correspondences can accumulate
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errors. Finally, large database is required for image retrieval methods with a size

proportional to the area of the scene.

Recently, convolutional neural network (CNN) [33], which is capable of extracting

features from high dimensional data including images, videos, etc., has been a popular

choice for indoor localization. Multiple CNN architectures including AlexNet [34],

GoogleNet [35] and ResNet [36] achieve state of the art performance in multiple

applications. For image based indoor localization, it is typically implemented by

training an end to end architecture to learn the global pose of a single image with

respect to a known reference frame [1]. However, CNN requires high dimensional

optimization procedure in which the training time is long when the input size is

large. Furthermore, CNN need to be re-trained or fine tuned when the testing scene

is significantly different from the training scene.

To reduce the complexity of CNN, we propose, for the first time according to the

authors’ knowledge, to use the image features’ descriptors instead of the image itself

as input to CNN to learn the global image pose. Among all features descriptors and

detectors, SURF descriptors are used extensively in computer vision applications such

as face recognition [37], visual simultaneous localization and mapping (SLAM) [38]

and object detection [39]. In addition, [40] demonstrates that the SURF descriptor

reaches the highest accuracy in image matching for indoor localization. Typically,

SURF can convert an image with around 1 million pixels into feature set with fewer

than 20 thousand values by taking the strongest 300 features’ descriptors, sorted by

the corresponding Hessian threshold. This significantly reduces the data dimension

without noticeable loss of image information. The proposed method aims to combine

the advantages of both the classical methods and the direct CNN method while

mitigating their disadvantages. Our system does not require an initial pose and the

correspondences between descriptors or a large database. Moreover, it reduces the
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complexity of the direct CNN by reducing the input dimensions to CNN for model

simplification, easier training and re-training on different environments, and faster

inference. This greatly facilitates its use in edge and cloud computing with less

demanding data storage, transmission and computation requirements.

2.2 Related Work

2.2.1 Descriptors Related CNN Model

CNN has been used to extract the descriptors of an input image which is either a full

image or a pair of non corresponding patches of the image. For example, Siamese

CNN is proposed in [41] to learn the descriptors of small patches of images to achieve

patch matching at 95% recall rate. The same approach is employed in [42] but

using pairs of non corresponding patches where the network learns 128-D descriptors

whose Euclidean distances reflect patch similarity. [43] uses similar idea of using

pair of patches to learn a similarity score from. Further, unsupervised learning [44]

with VGG-16 network architecture [45] is introduced [46] to learn compact binary

descriptor for efficient visual object matching.

2.2.2 Image-based localization

Using images for localization is a part of the visual SLAM [25]. In the past, most clas-

sical visual SLAM systems used either handcrafted local features extracted (feature-

based methods) or the whole image without extracting any features (direct methods).

In feature-based methods, [31, 47] employ ORB descriptor matching to find the cor-

respondences between consecutive frames and then uses the 8-point algorithm [48]

with bundle adjustment [49] to find the relative pose between frames. Other tech-

niques [50, 51] rely on finding the 2D-3D correspondence via descriptor matching
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between the 2D image and 3D model using e.g., structure from motion (SfM) [52].

Paper [26] is a direct method that uses the full image information. It provides a

denser map but without affecting the pose estimation significantly compared to [31].

In addition, [53] uses image retrieval techniques to search for the similarity between

the current image and images in the database. Consequently, the position at which

current image was taken can be estimated.

With the boom of deep learning, neural networks are used in visual SLAM and

image based localization by mapping directly from single image space to absolute

position while circumventing challenges in classical methods. For example, transfer

learning [54] and the pretrained GoogLeNet [55] are employed in [1] to regress the

pose of the camera. In later publications, the same authors improve the accuracy by

modifying the loss function according to the geometry, the relation between position

and orientation [11], or the uncertainty calculation [5]. Further, [4] generates uncer-

tainty for the camera poses using Gaussian process regressors. Several orientation

representations and data augmentation are introduced in [6] along with a complex

networks with shared convolutions to learn the position and orientation. Recently, [2]

adopts long-short term memory (LSTM) [56] to similar model to memorize good fea-

tures. In [36], pretrained ResNet-34 is applied for regressing camera pose. It adopts

encoder-decoder design and uses skipped connection to move the features from the

early layers to the output layers.

Despite the outstanding performance of the neural networks-based systems, the

training of these networks is time consuming. The complexity of training increases

if the model needs to be fine tuned when the testing images are taken in completely

different environments from what the training images taken from. To reduce the

training complexity, we propose a novel technique to reduce the input dimensions

and consequently the parameter size of the CNN.



13

2.3 Network Model

In this section, we apply our model to image based indoor localization application.

The task is that given an image I taken by a camera with unknown intrinsic param-

eters with corresponding SURF descriptors vector D, the network learns the camera

pose in the form of global Cartesian position [x, y, z]T and orientation in quater-

nion form [qw, qx, qy, qz]
T . Note, in contrast to the rotation matrix and Euler angles,

quaternion is a stable form to represent orientation. Consequently, both position and

orientation can be combined to form the output pose vector P [x, y, z, qw, qx, qy, qz]
T

of size 7 of the camera pose.

2.3.1 Dataset

Since our system is designed for working in indoor environments, the training and

testing are performed on 3 well known indoor datasets:

1. Microsoft RGB-D 7 scenes [57] dataset: It is composed of 7 scenes with con-

stantly changing views and varying camera heights as seen in Fig. 2.2. It con-

tains both the RGB image and depth map with corresponding pose.

2. RGB-D SLAM Dataset and Benchmark [58]: It is a benchmark for the evalua-

tion of visual odometry and visual SLAM systems. It contains RGB and depth

images with the ground truth trajectory. We choose to work with 4 scenes,

each of which provides sequences for training with ground truth poses and oth-

ers for testing without ground truth positions. An online tool is available for

evaluation of the testing scenes.

3. The ICL-NUIM dataset [59]: It is a recently developed benchmark similar to the

RGB-D SLAM benchmark dataset for RGB-D, visual odometry and SLAM al-
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gorithms. We will work on the office room scene with 4 sequences, one sequence

for training and the other 3 for testing.

Figure 2.1: The histogram of features for Stairs, Office, Fire, Chess, Heads and
Pumpkin scenes.

2.3.2 SURF Descriptors

The SURF algorithm [17] starts with computing the interest points or features. To

find the correspondences between these features, the description of the area around

these features is computed for robust matching. This is called the descriptor. In

the original SURF implementation, there are two ways to find the descriptor of the

detected feature depending on its rotational invariance. To make the descriptors in-

variant to rotations, the dominant orientation of a neighbourhood around the feature

is calculated using Haar-wavelet transform in both x and y direction. Subsequently,

the area around the feature is divided into 4×4 grid along the dominant orientation.
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Figure 2.2: Illustrations of image feature extraction using SURF descriptor. Red dots
represents the location of (from left to right:) 10, 50, 100 and 300 SURF features of
(from top to bottom:) office, stairs, fire, pumpkin, heads and chess scenes.

As opposed to the computationally expensive counterpart SIFT [27], Haar-wavelet

transform [60] is obtained for both vertical and horizontal directions. The absolute

values of all vertical and horizontal responses are summed to form the descriptor

vector of all the sub-regions around the feature with size 64. In the case where the

orientation information needs to be maintained within the SURF descriptor, the dom-

inant orientation calculation step is skipped and the resulting vector is called Upright

SURF (U-SURF) descriptor. In our models, we use both SURF and U-SURF descrip-

tors and demonstrate that using U-SURF does enhance the orientation calculation

compared to the ordinary SURF descriptor.
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Fig. 2.1 displays the histogram of features for images of the 7 scenes dataset. As

shown, the number of features ranges from 100 to 4000. To make the input dimension

feasible, we choose to work with the full 300 features or fewer. Here, each feature

has 64 values and the maximum input vector size is 300×64. Compared to the origin

image of 480×640×3 pixels, use of the discriptor reduces the CNN input size by at

least a factor of 48.

Further, the location of the 300, 100, 50 and 10 most important SURF features

are shown in Fig. 2.2 as red dots. It is seen that the SURF algorithm focuses on

feature points such as edges and corners, making them good representative of images

that uniquely describe every feature’s surrounding area. Consequently, the majority

of the information in the image is retained in SURF descriptors.

2.3.3 The Loss Function

We choose to represent the output pose as one 7 dimensional vector instead of having

two outputs for position and orientation in [1]. Having one output vector makes it easy

to train using one loss function instead of having two parts of the loss function with

a weight factor between them that needs to be tuned for every scene. Consequently,

the objective function is

loss(D) =
∥∥∥P̂ − P∥∥∥

2
(2.1)

where D is the image descriptors vector, P̂ is the predicted pose, and P is the ground

truth pose.

2.3.4 Architecture

Our model is composed of as few as 7 layers as shown in Fig. 2.3. Here, 5 convo-

lutional layers with max pooling layers are adopted to reduce the dimensions of the
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Figure 2.3: The architecture of Surf-CNN

layers output, RELU activation function and batch normalization [61], resulting in

faster learning. The first convolutional layer has strides of (2,2), and the remaining 4

layers have (1,1). They are followed by a fully connected (FC) layer of 2,048 neurons

with ReLU activation function. To prevent over-fitting, dropout with probability of

0.5 [62] is adopted. The output layer has 7 neurons with linear activation for the

pose [x, y, z, qw, qx, qy, qz]
T . The details of the architecture is shown in Table 2.1. The

hyper-parameter tuning procedure to arrive at the architecture is summarized as fol-

lows. We begin the first layer with filter size 7×7 and then decrease it subsequently

to 5×5 and 3×3 as the dimension of the feature map decreases along the network.

The number of filters in the first layer is 64 and then increased to 128 and 256 in the

subsequent layers following the well known CNN architectures [63]. The number of

layers is chosen based on experiments on the positional error. Moreover, the trade

off between the number of convolutional layers and the positional error of the heads

scene of the 7 scenes dataset is shown in Fig. 2.4. As shown, increasing the number

of convolutional layers up to 5 layers leads to a reduction of the error to 0.17 m;

however, the error starts to increase with the addition of more layers to 0.65 m with

10 convolutional layers. One reason for the error increase is that every convolutional

layer has a pooling layer which downsamples the feature maps, so with 10 convolu-

tional layers, the input shrinks in size to a level where the important features are lost.
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Moreover, using SURF descriptors with low dimensions helps reduce the number of

layers compared to other CNN-based algorithms that use pretrained networks as the

descriptors represent the extracted features from the image which makes the learning

process easier than using the raw images.

Table 2.1: Dimensions of CNN layers where N is the number of SURF features
layer Dimensions
Input (N, 64, 1)
conv 1 (64,7,7)
conv 2 (128,5,5)
conv 3 (256,5,5)
conv 4 (256,5,5)
conv 5 (256,3,3)
FC 1 2048
Output 7

Unlike the previous works [1,4,5], our system does not require any pre-processing

such as cropping or subtracting the mean for the images. The extraction of the SURF

descriptors shown in Fig. 2.3 only takes 0.9 seconds per image on average and can be

done off-line or in real time.
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Figure 2.4: The effect of increasing the convolutional layers on the positional error
for Heads scene of the 7 scenes dataset.
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2.4 Performance Analysis

To compare the SURF and the U-SURF descriptors, we plot the position and orien-

tation errors for the 7 scenes dataset as bar plot in Fig. 2.5. As shown, the U-SURF

descriptors, having the orientation information of the features detected, have more

precise orientation estimates than using the SURF descriptors with an average error

margin of 6◦. In addition, using the U-SURF enhances the position estimation, not

only with the same extent as orientation but also with an average error difference

of 4.5 cm. Evidently, using the U-SURF descriptors is better than using the SURF

descriptors for the localization application where the orientation of the features plays

an important role. As U-SURF descriptors are rotationally variant, every rotation

in the image will give different descriptors depending on the orientation of the area

around the feature which will benefit localizing the image and especially finding the

orientation of the image as shown on Fig. 2.5.
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Figure 2.5: The bar plot for the position error (left) and orientation error (right) of
U-SURF (in brown) and SURF (in blue) for the 7 scenes dataset.

The main advantage of our SURF accelerated CNN (SurfCNN) is the increase of

the speed of training and testing and the reduction in the memory requirements for
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storing both the input data and network parameters, which accordingly lowers the

amount of data for transmission in edge computing and cloud computing applications.

Regarding input data we reduce the input image dimensions from 480×640×3 to

descriptor vectors with sizes ranging from 300×64 to 1×64 with a reduction factor

ranging from 48 to 14,400. This substantial reduction is critical for low memory

systems as the SURF descriptors extraction process can be done efficiently. Further,

Table 2.2 shows the number of layers and number of learning parameters of our

SurfCNN with features size ranging from 1 to 300 in comparison with the previous

work. As shown, SurfCNN reduces the number of layers to 7 layers compared to 24

or more layers in the previous work. In particular, a reduction factor of 1.6 or more

is achieved for the number of learning parameters when all 300 features are adopted

and 6.2 or more when as few as 1 feature is used. Furthermore, in previous works,

pre-trained network may take weeks to train while our model does not require to be

pre-trained.

Table 2.2: The number of layers for the current work SurfCNN with 300x64 input fea-
tures, the average number of parameters and the median error in position, compared
with PoseNet [1], Pose-LSTM [2] and Pose-Hourglass [3]

Network Layers Pretrained Network Pretrained Parameters Total Parameters
SurfCNN 300 7 None 0 1.31× 107

SurfCNN 100 7 None 0 6.61× 106

SurfCNN 1 7 None 0 3.47× 106

PoseNet 24 GoogLeNet 1.10× 107 2.35× 107

Pose-LSTM 28 GoogLeNet 1.10× 107 2.15× 107

Pose-Hourglass 35 ResNet-34 2.30× 107 4.50× 107

Fig. 2.6 shows the trade-off between training time and average position error for

the 7 scenes dataset with various number of features for our SurfCNN. It illustrates

that the relation between the number of features and training time is nearly linear

with a minimum time of 15 minutes for using 1 features and max time of 90 minutes

for 300 features. Additionally, the inverse relationship between the average error

and training time is shown where a maximum average error of 0.41 m with only 15
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minutes training time and 0.28 m for 90 minutes are obtained. The training was done

using NVidia TITAN XP GPU and Adam solver [64] with a learning rate of 0.0001.

Using this visualization, we can choose the number of features needed for SurfCNN

according to the target training time, the computational resource availability and

maximum allowable error. Overall, SurfCNN is superior to other work that use the

full images as input.
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Figure 2.6: The training time (in blue) and the average error (in orange) versus the
number of features.

Table 2.3: The median error in position (m)/ orientation (degrees) for the 7 scenes,
with 5 input sizes 300×64, 100×64, 50×64, 10×64 and 1×64, compared with
PoseNet [1], G-Posenet [4], Posenet-U [5], Pose-L [2], BranchNet [6], Pose-H [3],
VidLoc [7], RelocNet [8] and Mobile-PoseNet [9].
Algorithm Chess Office Pumpkin Kitchen Stairs Heads Fire Average
SurfCNN 300 0.19/8.10 0.35/7.05 0.36/10.80 0.37/10.25 0.28/10.14 0.17/12 0.24/8.20 0.28/9.17
SurfCNN 100 0.23/10.20 0.38/9.50 0.38/9.52 0.45/12.35 0.32/11.25 0.19/12.50 0.26/9.25 0.31/10.65
SurfCNN 50 0.26/10.50 0.42/10.31 0.39/13.20 0.47/13.20 0.34/12.22 0.21/13 0.28/10.52 0.33/11.85
SurfCNN 10 0.29/11.15 0.47/11.65 0.41/15.11 0.53/14.10 0.45/12.52 0.25/14 0.29/11.20 0.38/12.81
SurfCNN 1 0.31/11.57 0.5/12.10 0.42/17 0.56/16.52 0.53/13.20 0.26/18.19 0.26/18.19 0.41/14.54
PoseNet 0.32/8.12 0.47/14.4 0.29/12.0 0.48/8.42 0.47/8.42 0.59/8.64 0.47/13.8 0.44/11.63
Posenet-U 0.37/7.24 0.43/13.7 0.31/12.0 0.48/8.04 0.61/7.08 0.58/7.54 0.48/13.1 0.46/9.81
G-Posenet 0.20/7.11 0.38/12.3 0.21/13.8 0.28/8.83 0.37/6.94 0.35/8.15 0.37/12.5 0.31/9.94
BranchNet 0.18/5.17 0.30/7.05 0.27/5.10 0.33/7.40 0.38/10.30 0.20/14.20 0.34/8.99 0.28/8.37
Pose-L 0.24/5.77 0.34/11.9 0.21/13.7 0.30/8.08 0.33/7.00 0.37/8.83 0.40/13.7 0.31/9.85
Pose-H 0.15/6.17 0.27/10.8 0.19/11.6 0.21/8.48 0.25/7.01 0.27/10.2 0.29/12.5 0.23/9.5
VidLoc 0.16 0.21 0.14 0.24 0.36 0.31 0.26 0.25
RelocNet 0.21/ 10.9 0.31/10.3 0.40/10.9 0.33/10.3 0.33/11.4 0.15/13.4 0.32/11.8 0.28/11.28
Mobile-PoseNet 0.19/8.22 0.37/13.2 0.18/15.5 0.27/8.54 0.34 /8.46 0.31/8.05 0.45/13.6 0.30/10.79

The median position/orientation error for the U-SURF descriptors of features sizes
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300, 100, 50, 10, 1 along with the state of the art previous work including PoseNet [1],

G-Posenet [4], Posenet-U [5], Pose-L [2], BranchNet [6] Pose-H [3], VidLoc [7], Re-

locNet [8] and Mobile-PoseNet [9] for the 7 scenes dataset are shown in Table 2.3.

As shown, with 300 U-SURF features, our system displays 0.28 m position error and

9.17◦ orientation error. Compared to the previous works, the accuracy of our model

is comparable but we are advanced as to adopt only half the number of parameters

and much smaller input dimension. Among all other models, Pose-H [3] demonstrates

a better accuracy with 5 cm error margin whilst Pose-H employs an enormously com-

plex network and needs to be trained seperately in every scene. VidLoc achieves 0.25

m positional error but with using up to 400 frames which is very hard to feed to the

network with frame size of 224 × 224 × 3 and require very expensive computational

power. Further when the number of features is reduced to as low as 1 feature with

training time around 15 minutes, an average positional and orientation error of 0.41 m

and 14.54◦ is achieved. This is better than PoseNet and Posenet-U with an order-of-

magintude reduction in the input and number of parameters. The error is acceptable

in indoor environments while the input dimension is only 1×64. This opens the door

for on-line training or training on embedded systems as the agent with the camera

mounted on it has to train every time it goes to a different scene.

Among all individual scenes, our system outperforms all the previous work in

the scenes of heads and fire. This is because the images in these scenes have the

distinctive features and low field of view as shown in Fig. 2.2. Consequently, as few

as 200 features with input dimension 200×64 is needed to outperform all the previous

work that used input size of 224×224×3 after cropping the input images. In the stairs

scene, the system has very close performance to [3]. By analyzing the histogram of

the stairs scene in Fig. 2.1, it is found that the maximum number of features in this

scene is 500, which makes choosing 300 features sufficient for learning. However,
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the chess, office and pumpkin scenes are wide view angle images and the number

of features is large. Therefore, 300 features are insufficient to represent the input.

Nevertheless, in these 3 scenes, SurfCNN still has a median error that is acceptable

in indoor localization and competitive to the other work with substantial reduction

in input dimension and lower training time.

We further demonstrate that our model is valid for different datasets other than

the 7 scenes dataset, by comparing with PoseNet [1]. Firstly, we validate our system

with the RGB-D SLAM Dataset and other public datasets. We also extend this work

on our locally generated data using a robot mounted with multiple sensors including

camera, LIDAR, odometer and SONAR to collect RGB images with ground truth

poses. As shown in Table 2.4, the median translational/rotational error are consistent

with the previous results of the 7 scenes dataset and our system outperforms PoseNet

in all scenes.

Table 2.4: The median translational (m)/ rotational (degrees) error for the RGB-D
dataset (fr1/xyz, fr2/xyz, fr1/rpy and fr2/rpy and our own measured data

Dataset Training Testing SurfCNN PoseNet
fr1/xyz 798 1017 0.13/0.10 0.18/0.14
fr1/rpy 720 970 0.03/0.39 0.10/0.50
fr2/xyz 3663 3736 0.05/0.03 0.12/0.12
fr2/rpy 3290 3462 0.02/0.10 0.10/0.14
Our data 1300 500 0.40/6.50 0.60/8.30
Average 0.12/1.42 0.22/1.84

We further extend the comparison with traditional classical systems that do not

depend on learning. Here, SurfCNN is compared with two state of the art systems,

the feature based method ORB-SLAM [31] and the direct method LSD-SLAM [26].

As shown in Table 2.5, for the scenes from ICL-NUM dataset and RGBD SLAM

benchmark, SurfCNN on average outperforms both ORB-SLAM and LSD-SLAM.

This is also in agreement with the comparison with the deep learning-based methods.

Moreover, SurfCNN can still work with a low number of features as shown in Table
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5 while other feature matching methods like ORB-SLAM will fail to match images

with low number of features. Also, SurfCNN uses a sparse representation of the image

which will be faster than minimizing the photometric error using all the image pixels

done by LSD-SLAM.

Table 2.5: The median error of position (m) for ICL-NUIM dataset (office room

0, 1 and 2), the RGB-D dataset (RGBD-1: fr3/long office household) compared to

SurfCNNfor ICL-NUIM dataset (office room 0, 1 and 2), the RGB-D dataset (RGBD-

1: fr3/long office household) compared to SurfCNN
Dataset SURFCNN (m) ORB-SLAM (m) LSD-SLAM (m)

ICL/office 0 0.45 0.43 0.52

ICL/office 1 0.50 0.76 0.78

ICL/office 2 0.52 0.79 0.68

RGBD 1 1.50 1.20 1.80

Average 0.75 0.80 0.95

2.5 Conclusion

We have implemented image based indoor localization (SurfCNN) that uses SURF

descriptors to reduce the input dimension of CNN. Taking advantages of both SURF

descriptors and CNN, our network has a competitive performance with the state of

the art without the need for a pretrained network. Given a sufficient number of

features, SurfCNN reaches the same accuracy as state of the art with only half the

parameters and excluding the pretrained network. This advantage is essential in real

time application where memory size is limited and edge/cloud computing applications.

The proposed approach is also versatile to other CNN related applications in addition

to indoor localization.
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Chapter 3

SURF-LSTM: A Descriptor

Enhanced Recurrent Neural

Network For Indoor Localization

3.1 Introduction

In this chapter, we extend the idea presented in Chapter 2 of using speeded up ro-

bust features (SURF) [17] descriptors with neural networks for single image pose

estimation. Traditional visual localization algorithms rely on extracting hand crafted

features from images (e.g., scale-invariant feature transform (SIFT) [27] and SURF),

along with keyframe matching and bundle adjustment optimization [65] to find the

camera locations [31]. The performance of these methods relies on having a good ini-

tialization and correct matching between images features. Other visual localization

approaches rely on 2D-3D matching where the image features are matched with the

3D model of the scene reconstructed from traditional methods such as structure from

motion (sfm) [66]. These matchings are used to find the camera pose (position and
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orientation) using n-points algorithm inside a Random sample consensus (RANSAC)

loop to reduce the number of the outliers [48, 67]. Image retrieval-based algorithms

use a database of images along with their absolute pose to approximate the query

image pose by matching descriptors or bag of visual words representation with the

database [68]. These methods have the limitation of the database size which increases

with the scene area and also the matching process can be slow and prone to errors.

Recently, machine learning algorithms are used for visual localization where neural

networks are employed for absolute pose regression [1–3] and scene coordinate re-

gression [69]. Instead of matching the handcrafted features with the 3D points from

the reconstructed models, scene coordinate regression methods learn the 3D points

corresponding to every pixel in the image using autoencoder neural networks [70]. De-

spite the acceptable accuracy reached by these methods, their training procedures are

highly complex and require 3D data [71]. Absolute pose regression neural networks

learn the pose of a single image by adding additional layers to pretrained models such

as ResNet [36] or GoogleNet [55] and train the whole model in an end to end fash-

ion. As the absolute pose of the image is learned, the model needs to be trained or

fine-tuned again if the image belongs to another environment. This poses a problem

especially with the complex training process of these methods.

Our proposed work aims to reduce the training complexity in image based local-

ization for practical applications. Instead of using the whole image with pretrained

networks which takes hours to train, we propose SURF-long short term memory

(SURF-LSTM) that uses the strongest SURF features descriptors [17] of an image

with only 2 layers of recurrent neural network (RNN) to learn the pose of the original

image. SURF-LSTM can be trained in less than 10 minutes, suitable for the absolute

pose regression application in which training is done on every different scene with

comparable results to state of the art. Given an input image, SURF features are
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extracted and we choose the strongest features to compute their descriptors of size 64

that describe the small area around every feature. Using the SURF features, we do

not have to crop the image to a certain size to be suitable for the pretrained networks

which can lose some important information to localization. Instead, we focus on the

strongest features wherever they are in the image without cropping and reduce the

input size from 224 × 224 × 3 to N × 64 where N is the number of features. Next,

we use the power of LSTM network [56] to model the relation between the strongest

features descriptors and the pose of the original image.

3.2 Localization Method

Our goal is to build a low complexity and fast neural network for image pose estima-

tion that can be trained or fine tuned with low computational power and fast training

time. We rely on LSTM to find the relation between the strongest SURF descriptors

of the input image. This approach will save both time and memory compared to

other CNN based approaches which depend on very large networks working on a full

image.

3.2.1 SURF Descritpors

For an input image I, we use SURF algorithm [17] to extract the most significant

keypoints along with their descriptors in the image. SURF uses a blob detector based

on Hessian approximations to find keypoints as shown in (3.1). The Hessian matrix

at a point x = (x, y) in the image is found by convolving the image with the second

order derivative of a Gaussian filter g with a standard deviation σ as given by (3.2)
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and (3.3).

H(x, σ) =

Lxx(x, σ), Lxy(x, σ)

Lxy(x, σ), Lyy(x, σ)

 (3.1)

where

Lxx(x, σ) = I(x) ∗ ∂2

∂x2
g(σ) (3.2)

Lxy(x, σ) = I(x) ∗ ∂2

∂xy
g(σ). (3.3)

The detection process depends on non-maximal-suppression of the determinant of the

Hessian matrices approximated using integral images obtained by cumulative addition

of intensities on subsequent pixels in both horizontal and vertical axis instead of the

original images and box filters as an approximation of the Gaussian filter second order

derivatives. Hence the keypoint extraction process depends on the determinant of the

approximated Hessian given by

Det(Happrox) = DxxDxy − (0.9Dyy)
2 (3.4)

where Dxx, Dxy and Dyy are the box filter approximations. The determinant of a

Hessian matrix is an indication of the response of the keypoint (feature) and the higher

the value, the stronger the feature is. Further, for the matching process between

images, a descriptor for each feature is computed to describe the area around it.

The Haar-wavelet transform is computed in both the horizontal and the vertical

directions of a 4 × 4 grid around the feature. The descriptor vector of length 64

is computed using the sum of the HAAR responses in the horizontal and vertical

direction. The computation can be done along the direction of dominant orientation

of the grid around the feature which will produce the ordinary SURF descriptors that

are invariant to rotations. Moreover, we can compute the descriptors with neglecting
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the dominant orientation calculation to make them rotationally variant which are

called upright SURF. We use only the upright SURF descriptors (for simplicity we

call them SURF descriptors) in our work following [10] that states the advantages of

using upright SURF over the ordinary SURF features for single image localization.

As the U-SURF descriptors skip the dominant orientation calculation, the descriptors

will not be oriented along the direction of the dominant orientation which will help

finding the orientation of the image itself.

3.2.2 Problem Formulation

Given an input image I, multiple SURF features are extracted, each feature ki is

associated with its descriptor di of length 64. We choose the strongest N features

using (3.4). We feed the strongest N features descriptors to bidirectional LSTM to

learn the relation between these descriptors and use it to regress the pose P of the

input image as

P = fθ([d1, d2, ..., dN ]) (3.5)

where P consists of the position [x, y, z]T and the orientation in quaternion form

[qw, qx, qy, qz]
T of the image, fθ is the bidirectional LSTM with learning parameters θ

and di being the descriptor of the ith feature with a total number of N features.

3.2.3 Architecture

We now go into the details of the architecture described in (3.5) where the strongest

N features descriptors of the input image [d1, d2, ..., dN ] sorted by the strongest to the

weakest response are fed to the bidirectional LSTM. RNN is well known for its ability

to learn the sequential relation between input instances and we use this capability to

learn the relation between the N strongest features of the input image. We choose
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dN-1 (64) dN(64) d1 (64) d2 (64) …...

LSTM LSTM LSTM LSTM

LSTM LSTM LSTM LSTM

Figure 3.1: SURF-LSTM architecture.

LSTM instead of simple RNN for LSTM’s ability to reduce the effects of the vanishing

gradient problem [56]. LSTM contains four gates (input, output, memory and forget

gate) and the gates are updated from time t− 1 to time t as

it = tanh(Wxixt +Whiht−1 + bi)

ft = σ(Wxfxt +Whfht−1 + bf )

ot = σ(Wxoxt +Whoht−1 + bo)

jt = σ(Wxjxt +Whjht−1 + bj)

ct = ft ⊗ ct−1 + it ⊗ jt

ht = tanh(ct)⊗ ot

(3.6)

where xt is the current input, i, f, o, c are the input, forget, output and memory gate

vectors respectively, j is an intermediate output that is used on the memory gate c

and W,h, b are the weights, hidden state and bias. Further, as noted in the update

equations (3.6) of LSTM, it uses the previous hidden state (or states depend on the
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forget and memory gates) to predict the current output so that learning is done in one

direction. Bi-directional LSTM [18] relies on the same concept of updating the gates of

LSTM, however learning is done with the contribution of both past and future states

which will help in modelling the relation between the descriptors in the direction

from the strongest to the weakest (forward) and opposite direction (backward). As

shown in Fig. 3.1, we use two bidirectional LSTM layers and each layer contains 100

recurrent units. The learned sequential features are then employed to find the pose

of the image. We adopt the L2 loss function to train the network written as

loss(D) =
∥∥∥P̂ − P∥∥∥

2
(3.7)

where D is the image descriptors set, P̂ is the predicted pose, and P is the ground

truth pose. Adam optimizer [64] is used to optimize the loss function with a learning

rate of 0.0001. The training is done on NVidia TITAN-X GPU.

Table 3.1: The number of layers and learning parameters.

Network Layers Pretrained Network Pretrained Parameters Total Parameters

PoseNet 24 GoogLeNet 1.10× 107 2.35× 107

Pose-LSTM 28 GoogLeNet 1.10× 107 2.15× 107

SurfCNN 7 None 0 1.31× 107

SURF-LSTM 2 None 0 3.73× 105

3.3 Datasets

Similar to Chapter 1, We use the 7 scenes dataset and TUM RGBD dataset for train-

ing and testing our system. For TUM RGBD dataset, we choose to work with 4

different scenes ranging from simple scenes (fr1/xyz and fr2/xyz) to medium com-

plexity scene (fr3/nonstructure texture near with loop) and finally with large scene

(fr3/long office household).
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3.4 Complexity analysis

Our main contribution is that our system is lower in complexity and faster than other

neural networks-based systems. In this section, we do complexity analysis in terms

of

• Training and testing time.

• Number of network parameters.

• Storage size of the image frame and the weights file.

We start by analyzing the training and testing time. Working with 50 SURF

descriptors or less downsamples the input image by more than 47 times compared

to working with the cropped images of size 224× 224× 3 used by other works [1, 2].

Moreover, we use only two layers network which makes the training and testing process

much faster with less memory requirements. In Fig. 3.2 (left), we show the training

and testing time of SURF-LSTM compared to SurfCNN [10], PoseNet [11] and Pose-

LSTM [2]. SURF LSTM achieves 9.8 minutes average training time over all number

of features which reduces the training time by 14 minutes, 12.5 hours and 13.7 hours

compared to SurfCNN, PoseNet and Pose-LSTM respectively. This huge reduction in

training time helps the implementation of our system on any platform whether it is

at the edge or server side. Moreover, because of using the down sampled descriptors,

the testing time per frame is also lower for SURF-LSTM compared to state of the art

as shown in Fig. 3.2 (right).

As our network consists of only two bidirectional LSTM layers and output layer,

the number of parameters is reduced a lot compared to the state of the art. We

compare the number of learning parameters for SURF-LSTM, SurfCNN, PoseNet,

and Pose-LSTM in Table 3.1. SURF-LSTM does not depend on pre-trained networks
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Figure 3.2: Training time (left) and testing time (right).

like SurfCNN but with 35 times less learning parameters and more than 57 times

lower than other works. Although comparing the number of layers between SurfCNN

and SURF-LSTM seems to be not fair as they are different types of neural networks,

the number of layers affects the number of parameters as more layers will add more

parameters to learn. So the number of parameters is the most important variable to

consider when comparing between different types of neural networks as it will affect

how fast the network will learn and whether the network will overfit on the training

data or not.

Reducing the number of learning parameters is very beneficial in multiple ways,

as it reduces the effects of overfitting, especially when we do not have enough training

samples which is the case for the image based localization. It also reduces the space

needed to store the weights file. The storage space is very critical in the robotics and

IOT applications where the storage space is limited at the edge side. Moreover, it

is important to have small size files if we want to train the network at the remote

server or cloud side for easy transmission of files through the internet. We compare

the storage size needed to store the image frame and the weights file in Fig. 3.3. As

shown, only 0.0128 MB is needed to store the strongest 50 features descriptors of one

image. This is 6.7 times lower than the cropped image used by other networks of size
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(224×224×3) and 30 times lower than the original image. Further, the weights file of

SURF-LSTM needs only 1.5 MB compared to 50 MB in PoseNet plus the pretrained

initialization weights of another 50 MB which means a total of 98.5 MB storage saved.
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Figure 3.3: Storage size of image frames and weights file.

Table 3.2: The median error in position (m)/ orientation (degrees) for the Microsoft
RGB-D 7 scenes dataset, with 7 input sizes from 10×64 to 300×64 of SURF-LSTM,
compared with SurfCNN [10], PoseNet [1], G-Posenet [4], Posenet-U [5], Pose-L [2], [6]
and G-PoseNet [11], BranchNet [6] and Mobile-PoseNet [9]
Algorithm Chess Office Pumpkin Kitchen Stairs Heads Fire Average
SURF-LSTM 300 0.22/7.89 0.32/7.14 0.41/9.97 0.38/7.62 0.36/10.12 0.17/12.15 0.22/11.87 0.29/9.60
SURF-LSTM 100 0.21/7.87 0.31/7.04 0.40/9.99 0.36/7.64 0.36/10.15 0.17/12.19 0.23/11.85 0.29/9.53
SURF-LSTM 50 0.21/7.98 0.32/7.05 0.40/9.94 0.36/7.60 0.35/10.10 0.16/12.1 0.22/11.87 0.29/9.39
SURF-LSTM 40 0.22/8.05 0.32/7.00 0.38/9.45 0.36/8.94 0.37/11.45 0.18/12.85 0.22/11.85 0.30/9.95
SURF-LSTM 30 0.21/8.00 0.37/7.50 0.35/7.93 0.43/9.84 0.38/12.49 0.20/13.45 .25/12.00 0.31/10.23
SURF-LSTM 20 0.208/7.74 0.40/8.53 0.37/10.75 0.48/10.74 0.42/13.56 0.24/14.34 0.26/12.45 0.33/11.15
SURF-LSTM 10 0.26/9.09 0.42/9.50 0.38/11.93 0.55/11.98 0.44/13.94 0.26/15.56 0.29/13.94 0.37/12.24
PoseNet 0.32/8.12 0.47/14.4 0.29/12.0 0.48/8.42 0.47/8.42 0.59/8.64 0.47/13.8 0.44/11.63
Posenet-U 0.37/7.24 0.43/13.7 0.31/12.0 0.48/8.04 0.61/7.08 0.58/7.54 0.48/13.1 0.46/9.81
G-Posenet 0.20/7.11 0.38/12.3 0.21/13.8 0.28/8.83 0.37/6.94 0.35/8.15 0.37/12.5 0.31/9.94
BranchNet 0.18/5.17 0.30/7.05 0.27/5.10 0.33/7.40 0.38/10.30 0.20/14.20 0.34/8.99 0.28/8.37
Pose-L 0.24/5.77 0.34/11.9 0.21/13.7 0.30/8.08 0.33/7.00 0.37/8.83 0.40/13.7 0.31/9.85
Mobile-PoseNet 0.19/8.22 0.37/13.2 0.18/15.5 0.27/8.54 0.34 /8.46 0.31/8.05 0.45/13.6 0.30/10.79
SurfCNN 0.19/8.10 0.35/7.05 0.36/10.80 0.37/10.25 0.28/10.14 0.17/12 0.24/12.80 0.30/10.22

3.5 Performance Analysis

We start the performance analysis by showing the number of training and testing

images along with the median position and orientation error for the 7 scenes dataset in
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Table 3.2 compared to the state of the art visual localization methods. SURF-LSTM

achieves an average error of 0.29 m using only 50 features which is slightly better

than SurfCNN [10] that uses 300 features or comparable to PoseNet [1], PoseNet-

U [5], Pose-LSTM [2], Mobile-PoseNet [9] and BranchNet [6] that use cropped images

with CNN pretrained networks. Moreover, an average orientation error of 9.93◦ for the

same number of features is on bar with all the other works but with much smaller total

input size 50× 64 and with huge reduction in memory requirements as mentioned in

the last section. We also notice that the best number of features varies with scenes.

For example, using 20 features gives the lowest error for the chess scene while 50

features is the case for the heads scene without further enhancement in performance

if the number of features increased. To explain this phenomenon, we plot the average

response expressed in (3.4) of the strongest 100 features for some of the scenes in Fig.

3.4 with the best number of features stated on the legend of every curve. We note that

there is a relation between the responses of features and the best number of features.

So for example, in the chess scene, the responses of the strongest 20 features are very

large which means that the features are very distinctive and therefore they are enough

for localization. However in other scenes like the heads scene, the responses of the

features are lower and therefore more distinctive features are needed to achieve the

best performance. Further, one reason why adding more features does not improve

performance is that the change in the response curve becomes small after certain

number of features which indicates that the responses of the extra features are very

close which will not have significant sequential relation to be learned by the LSTM.

We validate our system using another indoor dataset (TUM RGBD dataset) in

Table 3.3. Median transnational error in meters of SURF-LSTM is compared with

non-neural networks based systems, a features-based method (ORB-SLAM) and a

direct method (LSD-SLAM) for 4 scenes of the TUM dataset. As noted from Table
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3.3, our system outperforms both systems with an average error of 0.41 m without the

need to do optimization on the whole image or initialization and matching between

images.

Figure 3.4: The response of the strongest 100 features of multiple scenes of the 7
scenes dataset.

Table 3.3: The median translational (m)/ rotational (degrees) error for the TUM

RGBD dataset (fr1/xyz, fr2/xyz, fr3/long office household and fr3/nostructure tex-

ture near withloop.
Dataset ORB-SLAM LSD-SLAM Surf-LSTM

fr1/xyz 0.08 0.10 0.06

fr2/xyz 0.04 0.06 0.03

fr3/long office household 1.21 1.85 1.12

fr3/nostructure texture near withloop 0.436 0.49 0.45

Average 0.45 0.625 0.41

3.6 Design analysis

In this section, we discuss the choice of SURF descriptors and Bidirectional LSTM

in our system. Firstly, there are many features detectors and descriptors other than

SURF including SIFT, ORB, FREAK and BRIEF. It is shown in [40] that the highest
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accuracy in image matching for indoor localization is achieved using SURF descrip-

tors. Further, we show in Fig. 3.5 the median positional error (m) for the heads scene

of the 7 scenes dataset for various number of features descriptors. As shown, using

SURF descriptors outperforms all other descriptors by a noticeable margin which

validate the advantage of using SURF descriptors instead of the other descriptors.

Secondly, we use RNN to find the relation between the strongest descriptors of an

image. There are multiple types of RNN including simple RNN, Gated Recurrent

Unit (GRU) [72], LSTM and the bidirectional version of them. Fig. 3.6 shows the

comparison between all RNN types for the heads scene for various number of fea-

tures. Among all of the RNN different types, bidirectional LSTM achieves the best

positional accuracy.
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Figure 3.5: The positional error (m) of the heads scene for SIFT, SURF, ORB,
FREAK and BRIEF descriptors for various number of features.
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3.7 Conclusion

In this paper, we propose a fast neural network architecture for image based local-

ization in indoor environments. The algorithm starts by finding the strongest SURF

features descriptors of the image and use recurrent neural networks to find the relation

between them to find the pose of the image. Our system reaches low positional and

orientation error with orders of magnitude complexity reduction in terms of training

time and storage and memory requirement.
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Chapter 4

Pose-GNN : Camera Pose

Estimation System Using Graph

Neural Networks

4.1 Introduction

To enhance the performance of the pose estimation, machine learning techniques are

used without the need for extracting hand crafted features or matching the images

which is susceptible to errors and drift. Neural networks are used for the pose estima-

tion tasks by either directly regressing the pose of the single image or by constructing

the depth map of every pixel (scene coordinate regression). The latter methods can

lead to similar or better results compared to the classical pose estimation methods but

they require very complex training procedure and a ground truth depth map during

training. This chapter belongs to the single image pose estimation system, however,

instead of down-sampling the input images by using SURF descriptors used in Chap-

ters 2 and 3, we use the image features extracted from a neural network pre-trained
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on image classification task. Moreover, for the first time according to the authors’

knowledge, we use the graph neural network (GNN) for image pose estimation. GNN

is a class of neural networks that learns to do tasks by aggregating the features of

graph structured data. A graph G = (V,E) is defined as a set of nodes or vertices

V and connections between these nodes or edges E. Each node is associated with

features that are processed initially by GNN. The purpose of GNN is to update the

node representation through multiple layers by aggregating the information of the

neighbours of every node through message passing to have final hidden features for

every node [73]. Nodes representation can be updated using recurrent neural net-

works (RecGNN) [74] or using multiple forms of convolution (ConvGNN) [75]. The

final node representation can be used for many tasks including node level tasks where

there is a label for every node such as semi supervised node classification [76] or

graph level tasks where there is one label for the whole graph such as molecule prop-

erty regression [77]. Single image pose estimation networks mostly use convolutional

neural networks with pretrained initialization with the addition of more layers and

using transfer learning to train the overall structure in an end to end fashion. We

propose a new pipeline to this process, firstly, instead of training the pretrained CNN

again, we show that the pretrained features are good enough for pose estimation task

without further fine-tuning. Secondly, instead of using fully connected layers [1] or

LSTM layers [14], we leverage the power GNN to process the pretrained features. We

propose two novel approaches to model the image features with ConvGNN:

1. Image as a node (node-pose).

2. Image as a graph (graph-pose).

For the node-pose approach, the second to last layer features vector of pretrained

ResNet50 [36] are extracted for every image which will be used as the representation of
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every image as a node in a big graph which contains connections between neighbouring

images based on the similarity between the pretrained features. The ConvGNN is

trained to regress the pose of every node in the graph. The second approach deals

with image as a graph where instead of extracting the flattend pretrained features,

the intermediate feature maps of ResNet50 are extracted for each image and then

converted into a graph structured data by connecting the nearest neighbours of the

features and ConvGNN is used to to regress the pose of each graph.

We do extensive experiments using both indoor and outdoor datasets and we show

the superiority of both systems compared to the state of the art and the advantages

of using either approach for pose estimation.

4.2 Graph Neural network for image pose estima-

tion

4.2.1 Convolutional graph neural network (ConvGNN)

ConvGNN relies on doing convolutions on the sparse graph structure which is different

from the image convolution with defined grid structure. Convolution is usually done

in two ways :

1. Spectral convolution (Spectral ConvGNN)

2. Spatial convolution (Spatial ConvGNN)

Spectral ConvGNN

For undirected graph with adjacency matrix A and a degree matrixD which is the sum

of neighbours to every node Di =
∑

j Aij, we can use the normalized graph Laplacian

matrix L = In + D−0.5AD−0.5 to approximate the graph convolution using Fourier
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transform properties [73]. There are many implementations and approximations to

Spectral ConvGNN such as GCN [76] and ChebNet [78]. In our experiments, we use

GCN for it’s simplicity and proven performance in multiple applications [79]. GCN

follows the following node representation update :

X
′
= D̂−0.5ÂD̂−0.5Xθ (4.1)

Where X
′
is the new nodes features representation, X is the current nodes features,

Â = A+In is the adjacency matrix with added self loops (node is connected to itself)

and D̂ is the node degree matrix where D̂i =
∑

j Âij.

Spatial ConvGNN

Instead of relying on the spectral theory to approximate the convolution operation,

spatial methods try to use the same convention of convolution done on regular grid

structures like images which is simple aggregation of neighbours such as addition,

product, minimum and maximum. Many spatial ConvGNN implement different ag-

gregation criteria including GraphSage [80], Graph Attention Networks (GAT) [81]

and WL-GNN [82]. We use WL-GNN for implemtnting our systems as it has differ-

ent set of weights for the central node than the neigbours which helps improving the

performance according to [83]. WL-GNN has the following node update formula :

x
′

i = θ1xi +
∑
j∈N(i)

θ2xj (4.2)

where x
′
i and xi are the new and current representation of node i, θ1 and θ2 are the

weights for the central node i and the neighbours j to node i lying in the set N(i) of

all neighbours to node i.
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Figure 4.1: Image as a node architecture.

4.2.2 Image as a node (node-pose)

We show in Fig. 4.1 the details of the first architecture where images are modeled as

nodes in a graph. To represent an image as a node, each image should be represented

as a feature vector to use it as the initial features of the node. CNN architectures

that are trained on a big image classification dataset for days are proven to act as a

backbone to many applications with providing initial feature set to start with. Here,

we use ResNet50 CNN architecture [36] that is widely used in many applications.

Images are input to pretrained ResNet50 and the output of the second to last layer

is obtained so each image will be represented by a feature vector of size 2048.

Training

For N training images with size (N×224×224×3), pretrained features are extracted

with total size (N × 2048). Following, the pretrained features representation is con-

verted into a graph structure by building connections (edges) between images in the

form of binary adjacency matrix. We use K-nearest neighbours (KNN) algorithm [19]

to search for the nearest K neighbours of every image based on the L2 distance be-

tween every image’s pretrained features. For two images Ii, Ij with pretrained feature
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representation xi and xj, the L2 distance is calculated as

d(Ii, Ij) = d(xi, xj) =

√∑
n

(xin − xjn)2 (4.3)

where n is the dimension of the pretrained features (2048). The images with

smallest K distances are assigned as neighbours. Following, we use the feature matrix

of the images X ∈ RN×2048 and the binary adjacency matrix calculated using the

KNN A ∈ RN×N as input to the GNN. We use 3 Layers of graph convolutional

layers (Gconv). The first layer accepts the node feature representation of size 2048

and learn new features of size 256 by aggregating the neighbouring features of each

node according to (4.1). Following, new hierarchical features are learned in Gconv2

and Gconv3 of sizes 128 and 64 respectively that are used as input to the output

fully connected layers of size 3 and 4 for position p = [x, y, z] and orientation q =

[qw, qx, qy, qz] in quaternion form. We use the L2 loss function to learn the pose of the

images as :

loss(X) = ||p̂− p||2 + α||q̂ − q||2 (4.4)

where α is used to balance the scaling between position and orientation. We choose

the value of α to be 200 for outdoor environments and 10 for indoor environments.

Testing

After training is done and the weights of the model are saved, testing can be done

for single or multiple images different than the training data. Specifically, for one

or multiple testing images, pretrained features are extracted with size 2048, then,

we find the K-nearest images from the training image set to construct a new graph

containing the testing images and the K nearest training images by finding the L2
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distance between the pretrained features expressed in (4.3) . Following, the saved

model will be used to aggregate information between the testing images and their

neighbours and regresses the poses of the testing images.

Figure 4.2: Image as a graph architecture.

4.2.3 Image as a graph (graph-pose)

Here, instead of dealing with images as nodes in a graph, we represent the images

themselves as graphs. So if we have N images, we will have N small graphs instead of

one big graph with N nodes. To represent the image as a graph, we need to decom-

pose the image into sets of nodes and construct connections or edges between them.

Dealing with the original image is not a feasible solution as it contains thousands of

pixels that can be candidate nodes. In our system, we use ResNet50 pretrained CNN

to extract feature nodes of the input image. All the images are input to ResNet50,

then, instead of extracting the second to last flattened features, we extract the in-

termediate feature maps with general size L×W × d denoting for the length, width

and depth. These feature maps result from downsampling the input image through

convolution, pooling and nonlinear activation function at the different layers with

different number of convolutional filter. The details of the graph-pose system are

shown in Fig. 4.2 where the input image is fed to ResNet50 and feature maps of the

intermediate layers are extracted. ResNet50 consists of 50 layers; 1 flattened layer

and 49 different feature maps that can be used as input to GNN. We use the feature

maps from the layer before the flattened features with size (7 × 7 × 2048). These
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feature maps can be reshaped to (49 × 2048) which can be represented as a graph

that contains 49 nodes with features vector of size 2048 for each of them. Next, edges

between different nodes are constructed using the K-nearest neighbours with L2 dis-

tance criteria between different nodes. For training this system, we used the same L2

loss in (3.7).

4.3 Datasets

For testing the proposed systems in different conditions, in addition to the 7 scenes

dataset presented in the previous chapters, we use the Cambridge dataset [11] which

contains multiple scenes from outdoor environments with multiple images for training

and testing along with the ground truth poses.
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Figure 4.3: The effect of pretrained features and type of GNN on the position error
for the 7 scenes and Cambridge datasets.
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4.4 Design Analysis

In this section, we discuss the effect of multiple design considerations on the localiza-

tion accuracy including the choices of the pretrained dataset, the type of ConvGNN

and the number of neighbours.

4.4.1 Pretrained features and types of ConvGNN

For both node-pose and graph-pose architectures, we use ResNet50 CNN to extract

the features of the input images which is pretrained on large image dataset. We

use ImageNet dataset [84] and Places dataset [85] as two pretrained datasets and

we study the effect using both of them in Fig. 4.3 on the positional error of both

the 7 scenes and Cambridge dataset. Moreover, the position error of two types of

ConvGNN; spectral ConvGNN (GCN) and spatial ConvGNN (WL-GNN) is shown

in Fig. 4.3. Multiple observations can be concluded from Fig. 4.3:

• Using ImageNet dataset always produces better results for indoor scenes than

Places dataset.

• Using Places dataset gives lower error for outdoor scenes.

• WL-GNN outperforms GCN across all scenes and for both systems.

• Node-pose architecture performs better than graph-pose system.

Here, we discuss the above mentioned observations, firstly, ImageNet dataset is an

object classification dataset that contains mostly one type of objects with simple

scenes while Places dataset is a scene classification dataset with more complex scenes,

many objects and mostly outdoor images. This can be one reason why ImageNet

dataset pretrained features perform well for indoor scenes where the images contain

few objects and scenes are not complex. On the other hand, Places dataset pretrained
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(a) Heads Scene (b) Kings Scene

Figure 4.4: The connected positions for multiple training and testing nodes of Heads
scene (left) and Kings scene (right).

features work well for outdoor scenes where the scenes are more complex and the

images contain many objects. Secondly, we observe the superiority of WL-GNN

over GCN for all scenes. One big difference between WL-GNN and GCN is that

WL-GNN gives different set of weights to the central node than the neighbours in

contrast to GCN that applies the same set of weights to all nodes. As mentioned at

the benchmark paper [83], learning separate weights for central nodes is beneficial to

the learning process and provide better results for multiple tasks and datasets which

matches the current observation. Finally, node-pose system provides better results

since multiple images are used as neighbours for the final decisions while only the

current image information is used by pose-graph architecture without connecting to

neighbouring images.

4.4.2 Effect of the number of neighbours

Both of the proposed GNN systems rely on aggregating the information between the

central node and its neighbours where the number of neighbours is a hyperparameter

we need to tune. We discuss in Fig. 4.5 the relation between the number of neighbours

and median position error for the 7 scenes dataset (Heads and Fire scenes) on the

right y axis and the Cambridge dataset (Kings and Shop scenes) on the left y axis for



49

both node-pose architecture (left) and graph-pose architecture (right). For clarity, the

notion of neighbours differs for both systems. The neighbours for node-pose system

are images with similar pretrained features, however, for pose-graph, the neighbours

are similar elements from the pretrained features map. Firstly, for the node-pose

system, we can see in Fig. 4.5 that for indoor Heads and Fire scenes, more than

35 neighbours are needed to reach the lowest positional error while less than 10

neighbours are used to achieve the best accuracy for the outdoor Kings and Shop

scenes. One reason for such phenomenon is that the distance between consecutive

images for the outdoor scenes is much higher than the indoor scenes. This means

more neighbours for outdoor scenes will be far from each other which will not help

localization. However, for indoor scenes, the camera moves very slowly and adding

more neighbours up to a certain number will be beneficial and help localization as

they will be close to the central node. Moreover, Fig. 4.4 shows the same observation

that more neighbours for the indoor scenes are more consistent and closer than the

outdoor scenes. In Fig. 4.4, 2 nodes from the training set and 2 nodes from the test

set for each scene along with their neighbours from the training set are visualized.

In the case of Heads scene, we can see that the positions of training nodes (in cyan

and yellow) are very close which validate our claim that similar pretrained features of

images leads to close positions. However, for the test nodes, as we find their nearest

neighbours from the training set, we can see that the neighbours are not as ideal as

the training nodes but they lie on the same area of the testing node. For the Kings

outdoor scene, we can see that although the connected positions are not very far from

each other, they are not also very close as the case for the indoor scene. This happens

because the overlap between images is lower than the indoor scene and the distance

between consecutive images is higher.

Secondly, despite the different neighbours representation for graph-pose system,
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the same behaviour is present as shown in Fig. 4.5 where using more than 40 neigh-

bours gives the best performance for indoor scenes and the lowest error for outdoor

scenes is achieved using less than 10 neighbours. This behaviour is still preserved

since for indoor images, the field of view of images is small which can enable us to

relate more pixels or features together than the outdoor images whose field of view is

very wide and lower features from the images can be related as neighbours.
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4.4.3 Effect of the pretrained network

In this section, we validate the choice of ResNet-50 as a backbone for our system. We

show in Fig. 4.6 the average error for the 7 scenes dataset for different pretrained

networks including VGG-16, VGG-19, InceptionV3, AlexNet, DenseNet 121 and Mo-

bileNet [86]. As shown, ResNet 50 produces the lowest average error with 0.18 m

compared to other methods which have more than 0.24 m positional error.
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4.4.4 Effect of α values for indoor and outdoor scenes

Here, we study the effect of different values of α parameter presented in the loss

function equation (4.4) on the performance. As shown in Fig. 4.7, the best value for

α that produces the minimum average positional error in indoor scenes is about 10

while the value of 200 is the best for outdoor scenes.
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4.5 Performance analysis

We validate the performance of the two proposed systems with the state of the art

single image localization systems for all the scenes of the 7 scenes dataset and the

Cambridge dataset interms of median position error (m) and median orientation error

(deg) using both ImageNet and Places pretrained datasets in Table 4.1. As seen,

node-pose system outperforms all the other methods for the 7 scenes dataset for

both position and orientation reaching average error of 0.18m/7.5◦ using ImageNet

pretrained features. Moreover, node-pose outperforms all the other methods using

Places pretrained features for the orientation calculation of the outdoor scenes with an

average error of 3.76◦ and reach comparable results to PN L-W And LSTM. PN for the

position error with only few centimeters difference and outperforming all the other

methods. We can notice the same observation mentioned in Subsection 4.4.1 that

using Places dataset is better for outdoor scenes while ImageNet pretrained features

perform better for the indoor environments. For graph-pose system, we observe that

although node-pose system outperforms it, graph-pose system still outperforms all

the other methods for the 7 scenes dataset. However, for the Cambridge outdoor

dataset, graph-pose architecture does not perform as well as for the indoor scenes but

produce comparable results to the other localization methods.
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Table 4.1: The median error in position (m)/ orientation (degrees) for the 7 scenes and
Cambridge dataset for the proposed models, compared with SurfCNN [12], SURF-
LSTM [13], PoseNet [1], G-Posenet [4], Posenet-U [5], Pose-L [2], [6] and G-PoseNet
[11], BranchNet [6] ,Mobile-PoseNet [9],VidLoc [7] and Pose-Hourglass [3]
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4.6 Conclusion

We propose a novel image based localization system using graph neural networks

(GNN). We use pretrained ResNet50 convolutional neural network (CNN) architec-

ture to extract the important features for each image. Following, we use the extracted

features as input to GNN to find the pose of each image by either using the image

features as a node in a graph and formulate the pose estimation problem as node pose

regression or modelling the image features themselves as a graph and the problem

becomes graph pose regression. We do an extensive comparison between the pro-

posed two approaches and the state of the art single image localization methods and

we show that using GNN leads to enhancing the performance for both indoor and

outdoor environments.
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Chapter 5

Linear-PoseNet: A Real-Time

Camera Pose Estimation System

Using Linear Regression and

Principal Component Analysis

5.1 Introduction

In this chapter, we explore the following question regarding single image pose esti-

mation system : Do we need to build such big networks to reach good localization

performance?. To answer this question, we propose Linear-PoseNet, a camera pose

localization system that extend the idea used in Chapter 4 by using the features

from the pretrained ResNet50 [36] CNN architecture without fine tuning them along

with only one ridge regression layer [87]. Using this approach, our system can reach

comparable performance to other single image pose estimation methods for indoor

environments while reducing the input image size from 3D shape 224 × 224 × 3 to
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1D feature vector 2048 and training time in less than a second on CPU. This huge

reduction in training time from hours needed by the other systems to less than a

second and without the need for GPU can help implementing our system on any

platform or hardware and training can be done on the fly. However, for complex

outdoor environments, they require more complex network. We also show that the

pretrained ResNet50 features are good enough to use in top of 3 fully connected layers

without finetuning (Dense-PoseNet) to achieve good performance with training in few

minutes. Moreover, for more dimensionality reduction of the input features, we em-

phasize that using principal component analysis (PCA) [88] to extract the principal

components of the pretrained features does not degrade the performance significantly

with more than 10 times reduction in the input size which will also save the training

time and storage space.

5.2 Pretrained features extraction

Transfer learning [89] helps many applications to be built on top of the powerful CNN

architectures. We can use the features learned by CNN layers trained on millions

of images for image classification task as a backbone for a new application with

the addition of more layers and training the whole system again in an end to end

manner [90]. To train of the new network for a new task, there are two strategies :

1. Use the extracted features as they are (freeze the backbone network) and train

only the newly added layers

2. Initialize all or part of the pretrained network layers with the pretrained weights

and train the whole network.

Deciding which strategy to work with depends on the similarity between the pre-

trained task and the current application and whether the features are good enough
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for the new task or not. Most of the previous work follow the second strategy where

the intermediate layers of pretrained GoogleNet [35] is used with the addition of

more layers. This strategy makes the training time and complexity very high. Here,

we use ResNet50 CNN architecture [36] as a backbone network for its proven good

performance on image classification [91] and other applications including image pose

estimation as discussed in Chapter 4. For the pretrained dataset, we use the features

of two of the most well known benchmarks in computer vision: ImageNet dataset [84]

and Places dataset [85]. Moreover, we follow the first strategy, features from ResNet50

pretrained on ImageNet and Places datasets are used without any further training as

the input to our models. In detail, we use the flattened features before the output

layer of ResNet-50 with size 2048 so each image will be stored and further processed

with these features.

5.3 System models

In this section, we discuss the details of the proposed systems for single image camera

pose estimation shown in Fig. 5.1. Given an input image, I with pretrained features

X, the objective is to learn the pose P = [p, q] where the position p = [x, y, z] and

the orientation in a quaternion form q = [qw, qx, qy, qz] of this image in an arbitrary

reference frame as

P = fθ(X) (5.1)

where fθ is the neural network to be trained.

5.3.1 Linear-PoseNet

Given the pretrained features X extracted from the input image I, each image is

represented as a 1D vector of size 2048. We propose using only one layer of linear
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Figure 5.1: Linear and Dense-PoseNet architectures.

regression with the pretrained features to regress the pose of the image P . Specifically,

the objective function of the Linear-PoseNet is to minimize the linear least squares

with L2 regularization known as ridge regression expressed as

||P −Xw||22 + λ||w||22 (5.2)

where λ is a positive hyper parameter that relates to regularization strength and w

is the learning parameters or the weights . The pose P = [p, q] ∈ R7 and the features

X ∈ R2048 make the weights w ∈ R2048×7. We use ridge regression instead of the

simple least squares as the regularization is considered as a norm penalty term which

will lead to simpler solutions and prevent overfitting by constraining the values of w

to lie on the L2 ball [90]. The tuning of the hyperparameter λ is detailed in Section

5.5.
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5.3.2 Dense-PoseNet

For complex environments such as outdoor scenes, we propose Dense-PoseNet that is

composed of 3 fully connected layers of 256, 128 and 64 neurons. The architecture is

designed by following experiments similar to Chapter 2 for the positional error and

the number of layers. As shown in Fig. 5.1, the pretrained features X of the input

image I are input to the 3 fully connected layers to learn the pose of the image. We

use the L2 loss function to learn the pose P = [p, q] as

loss(X) = ||p− p̂||2 + α||q − q̂||2 (5.3)

where p, q are the ground truth position and orientation, p̂, q̂ are the predicted

position and the normalized predicted orientation and α is a hyper parameter that

scales the errors for orientation and position as they are in different scales. Based on

our experiments similar to Chapter 4, We choose α to be 100 for big outdoor scenes

and 10 for small indoor scenes.

5.3.3 Using PCA for dimensionality reduction

In this section, we explore the following question: can we further reduce the pre-

trained features dimensionality without affecting the performance dramatically? As

discussed in Section. 5.2, we use the pretrained features of ResNet50 with size 2048

but do we need all these features for the pose estimation task? The dimensions of pre-

trained features is designed for the classification of the ImageNet and Places datasets

which is different from the pose regression task that may need different number of

features. The dimensionality reduction of features will save the training time and

also reduce the storage and memory requirements needed to store the features. PCA

is well known for features extraction and dimensionality reduction [92]. Here, we use
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PCA to extract fewer features and study the effect of dimensionality reduction on

the localization accuracy. The new downsampled feature set X ′ with K dimensions

(principal components) is obtained by the linear projection of the pretrained features

X as

X ′ = WX (5.4)

where W ∈ RK×2048 contains the eigenvectors corresponding to the largest K

eigenvalues of the covariance matrix of the pretrained features X. The effect of

number of principal components K on the performance is studied in Section 5.5.

5.4 Time and storage space analysis

We do experiments and validate the proposed systems using 7 scenes indoor dataset

and Cambridge outdoor dataset used in Chapter 4. In this section, we show the

saving in time and space achieved using the proposed systems compared to the

other single image localization methods including SURF-CNN [12], SURF-LSTM [13],

PoseNet [1], Pose-LSTM [14] and Pose-Hourglass [3] in Table 5.1. Specifically, for time

analysis, we can see that Linear-PoseNet can be trained in only 0.46 seconds on CPU

and this time can be further reduced by almost one half if we downsample the in-

put features using PCA. This huge reduction in the training complexity compared

to other methods which need significant training time on GPU suits the application

of single image localization where we can train the system when the agent moves to

new environments. Moreover, the simple training scheme encourages the implemen-

tation of the system on low-power and low specification hardware with no need for

GPU, such as an embedded device. This allows edge computing not only implement

a testing model, but also train/retrain the model as needed in an edge device. For
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Table 5.1: Time and storage space comparison
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Dense-PoseNet, despite that it needs to be trained on GPU, we can see that it can

be trained in only 3 minutes with significant reduction in time compared to the other

methods. The training time can be reduced further by around 50 % using PCA as a

preprocessing step. Not only the training time is saved by our systems, but also the

testing time which includes loading the saved model, loading the image and predict-

ing the pose. We can see in Table 5.1 that the testing time per image is substantially

reduced by Linear-PoseNet with testing time in microseconds instead of nearly half

a second for other methods. Dense-PoseNet reduces the testing time by 1.5 times or

more per frame. For both systems, the testing time per frame can be further reduced

with PCA downsampling. Here, we discuss the storage space comparison, the number

of learning parameters or weights are shown in Table 5.1 where the Linear-PoseNet

reduces the number of weights by more than 26 times compared to the other works

and by more than 190 folds when PCA is used. Although Dense-PoseNet has com-

parable number of weights to SURF-CNN and SURF-LSTM, it can work in outdoor

environments where SURF-CNN and SURF-LSTM are only limited to indoor scenes.

Moreover, Dense-PoseNet has lower number of weights than PoseNet, Pose-LSTM

and Pose-Hourglass and using PCA can make the learning parameters lower than

all other methods by 2 times or more. For some cases, training or fine tuning the

networks can not be done on the client side where the computation budget is limited.

In this case, we need lower sizes of weights file and image frames to be sent to the

server side where further processing is done. Here, we show in Table 5.1 that using

our systems, the frame size can be reduced to only 0.0082 MB as we use features

of the original images and can be sent to the cloud very easily. Compared to other

methods, Linear-PoseNet and Dense-PoseNet need up to 11 times lower space to store

the images. For the single image pose estimation application, the networks need to

be fine-tuned again if new environment is encountered or new images are available.
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Fine tuning requires using the available weights as initial weights for the new training

procedure. So having small size of weights is beneficial. Only 0.1615 MB is needed to

store the Linear-PoseNet weights with about 49.8 MB reduction compared to CNN-

image based localization systems. The weights file size can be further reduced to 0.023

MB using PCA. Further, Dense-PoseNet needs 2.2 MB using full features which is

comparable to SURF-CNN and SURF-LSTM and 0.47 MB using PCA features which

is lower than all other methods.

5.5 Design Analysis

In this section, we discuss the design considerations and hyper parameter tuning

procedure for our systems including :

1. Pretrained features

2. Regularization multiplier for Linear-PoseNet

3. The number of principal components for PCA

5.5.1 Pretrained features

In our system, we use the ResNet50 features pretrained on ImageNet and Places

datasets. Here we discuss the effect of using either datasets on the performance of

indoor and outdoor localization. Fig. 5.2 shows bar plot comparison of the position

error in meters of the Linear-PoseNet (left) and Dense-PoseNet (right) of the 7 scenes

and Cambridge datasets using ImageNet pretrained features (in orange) and Places

pretrained features (blue). We can see that for indoor scenes of the 7 scenes dataset,

using ImageNet features always produces lower error than Places features. However,

the opposite is true for the outdoor scenes of the Cambridge dataset where Places
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Figure 5.2: Effect of using ImageNet and Places datasets features on the performance
of Linear-PoseNet and Dense-PoseNet.

dataset is better by 1 meter on average. One reason for such observation is that

ImageNet dataset is an object classification dataset where each image mostly contains

one type of objects and the image details are not complex which is similar to the indoor

scenes in the 7 scenes dataset where each image contains few number of objects.

However, Places dataset is a scene classification dataset with very complex images of

many objects and many details and mostly outdoor scenes which explains the good

performance for outdoor environments. So the conclusion is ImageNet pretrained

features are good for simple indoor environments and Places pretrained features are

suitable for more complex outdoor scenes.

5.5.2 Regularization multiplier for Linear-PoseNet

For Linear-PoseNet, we use the L2 objective function described in (5.2) where there

is a regularization hyperparameter λ which models the weight given to the L2 regu-

larization term. In Fig. 5.3, we show the effect of choosing different values of λ on

the pose estimation error for King’s and Shop scenes from the Cambridge dataset on
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Figure 5.3: Effect of regularization multiplier on the position and orientation error of
the 7 scenes and Cambridge datasets.

the left y axis (blue) and Office, Chess and pumpkin scenes from the 7 scenes dataset

on the right y axis (orange). We can see that for all the scenes for both position and

orientation, λ values ranging from 2 to 12 are the best possible candidates for better

performance. Searching for the best value of λ in this range will be fast given that

training only needs 0.46 seconds on CPU.

5.5.3 The number of principal components for PCA

For more dimensionality reduction of the input image, we use PCA to select the

principal components of the pretrained features of the input image. The number of

the principal componentsK is also a hyperparameter to tune for the best performance.

In Fig. 5.4, we study the tuning of K for 2 indoor scenes (Heads and Chess) and 2

outdoor scenes (King’s and Shop). We can notice that the error begins to saturate

after about 50 components for all the scenes for both systems with small drop on

the error till we reach around 280 components to reach the lowest error. Specifically,
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Figure 5.4: The effect of the number of principal components of the pretrained features
on the performance of multiple indoor and outdoor scenes compared to using the full
set of features.

for Shop scene, we can see that using only 30 PCA components for Dense-PoseNet

outperforms the Linear-PoseNet employing the full 2048 features for the position and

orientation, leading to a reduction factor of more than 100 in the input size. Moreover,

We can use only 30 PCA components for Linear-PoseNet and reach very comparable

results to using the full features for Shop and Chess scenes. However for King’s and

Heads scenes, more components are needed to reach comparable results to the full

feature setting for both systems.

5.6 Experimental analysis

We compare the median positional error in meters and median orientation error

in degrees of Linear-PoseNet and Dense-PoseNet using both ImageNet and Places

dataset with other single image pose estimation methods in Table 5.2 for the 7 scenes

and Cambridge dataset. As shown, Linear-PoseNet using ImageNet features reaches
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Table 5.2: The median error in position (m)/ orientation (degrees) for the 7 scenes and
Cambridge dataset for the proposed models, compared with SurfCNN [12], SURF-
LSTM [13], PoseNet [1], G-Posenet [4], Posenet-U [5], Pose-L [14], [6] and G-PoseNet
[11], BranchNet [6] ,Mobile-PoseNet [9],VidLoc [7] and Pose-Hourglass [3]
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0.27m/10◦ error which is better or comparable to other methods but with training

time less than a second in CPU while other methods require hours of training on

GPU. In contract to the good results achieved by Linear-PoseNet for the 7 scenes

dataset, the performance is poor for the outdoor scenes compared to other methods

with slight enhancement using Places pretrained features. Outdoor scenes are more

complex with more details and one layer of linear regression is not enough to learn

good features for the pose estimation. However, we solve this issue using Dense-

PoseNet which on average outperforms all other methods for the 7 scenes indoor

dataset with median error 0.19m/8.4◦. For outdoor scenes, Dense-PoseNet reaches

comparable results to the other methods using Places pretrained features instead of

ImageNet pretrained features with significant reduction in the training complexity. As

mentioned in Subsection 5.5.1, we can see the advantages of using Places pretrained

features for complex outdoor scenes as lower error is achieved for both position and

orientation for all the outdoor scenes.
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5.7 Conclusion

We propose Linear-PoseNet that can reach comparable or better accuracy for the sin-

gle image indoor localization systems with using only one layer of ridge regression and

pretrained features of ResNet-50 architecture with training time less than a second

on CPU instead of hours of GPU training needed by the state of the art. For outdoor

scenes, we show that using only 3 fully connected layers on top of pretrained ResNet50

features without fine-tuning can perform well compared to the state of the art with

only minutes of training. For more complexity reduction, we show that downsampling

the pretrained ResNet-50 features by more than 10 times using principal component

analysis (PCA) has a little effect on the performance but can save both training time

and storage space
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Chapter 6

Generalizable Sequential Camera

Pose Learning Using Surf

Enhanced 3D CNN

6.1 Introduction

Learning SLAM systems are based on neural networks that are trained on certain

dataset for estimating the pose of the camera. Despite the ability of these systems to

mitigate the drawbacks of geometric SLAM systems, they do not generalize well in

scenes that are different from the training ones which limit their practical application.

Further, the complexity of training procedure is high due to the high dimensional

input and networks complexity. Image based localization has been well studied in

literature trying to find the absolute pose or the relative pose between two images [93].

However, finding the relative poses between images of video with different frame

lengths (video localization) is not well studied despite the great amount of sequential

data and features present between the frames of video that can be used to enhance the
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localization accuracy. In this chapter, we study the video localization problem trying

to mitigate high input dimension (training complexity) by using SURF descriptors

of the original image similar to Chapters 2 and 3 and also solve the generalization

problems. In particular, we propose two neural networks architectures based on

convolutional neural networks (CNN) [33] and recurrent neural networks (RNN) [94].

In one architecture we use the combination of 2D CNN and RNN and the other using

3D CNN only. Further, to reduce the input dimension and the training complexity,

instead of using RGB images and pre-trained network such as state of the art methods,

we use SURF descriptors [17] which reduces the image dimension by a factor of 48

without the need for a pre-trained network.

Our system accepts a video of N images’ SURF descriptors and finds the relative

poses (position and orientation) between the first image and the consecutive (N − 1)

images. The relative pose of the nth frame is represented in the form of a 3D camera

relative position ∆xn of size 3 and relative orientation represented by quaternion ∆qn

with size 4 as given by Eq. (6.1)

Pn =[∆xn,∆qn]

∆xn = xn − x0

∆qn = q−10 qn

(6.1)

where x0, q0, qn and xn are the position and orientation of the first and nth image in a

video respectively. Finding the relative poses of all images relative to the first image

in the video will help to reduce the drift that can happen if relative poses between

consecutive frames are used. Further, it increase the generalization ability of the

system.
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6.2 Proposed Work

Here, we discuss the components of the current system which takes a video as input,

extracts SURF descriptors and then regresses the relative pose between the first image

and all the other images in the video using either the combination of CNN and RNN

or 3D CNN.

6.2.1 2D CNN-RNN Architecture

......

Time
Distributed

CNN

BI-LSTM BI-LSTM BI-LSTM BI-LSTM
...

SURF
Descriptors

...

P0 P1 P2 PN

Figure 6.1: 2D CNN-RNN Architecture

In this model, 2D CNNs are used to extract the features from the 2D feature

map. As shown in Fig. 6.1, SURF descriptors of all the images of the input video are

fed independently to 2D CNN to extract more features and reduce dimension. For

finding the relative poses of images relative to the first image, the network needs to

learn the temporal features between the extracted features. RNN are well known for

its ability to learn from sequential data [94]. Among all RNN types, long short term
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memory (LSTM) [56] is very effective in learning sequential features with mitigating

the vanishing gradient problem in the vanilla RNN [95]. LSTM consists of input,

output, forget and memory gates used to update and learn the sequential features.

To learn the sequential relation in both forward and backward direction, we use

bidirectional LSTM [18] which consists of the same 4 gates of LSTM but with learning

happening from both previous and successive frames which will help learning the

relative poses.

Hence, as shown in Fig. 6.1, the network consists of 2 layers of time-distributed

2D CNN across all the images of the input video. The first CNN layer is composed

of 64 filter of size 7 x 7 while the second one is 64 filters of 3 x 3. Each CNN layer

is followed by RELU activation function, batch-normalization to prevent over-fitting

and average pooling layer of size (2 x 2) to reduce the dimensions of the feature

maps. Then, bidirectional LSTM with 100 units is used to find the relation between

the extracted features. Following that, time-distributed dense layer with 3 neurons

for relative position and 4 neurons for relative orientation in quaternion. For the

training, the loss function is given by:

L1 = ‖∆xt −∆xp‖22 +

∥∥∥∥∥
N∑
j=1

(∆xt(j))−
N∑
j=1

(∆xp(j))

∥∥∥∥∥
2

2

+ β ‖∆qt −∆qp‖22

(6.2)

where ∆xt,∆qt are the ground truth position and orientation of all the images in the

video respectively and ∆xp,∆qp are the predicted ones. N is the total number of

the images in the video. ∆xt(j) and ∆xp(j) are the true and predicted position of

image j in the video. The first and third terms in Eq. (6.2) are Euclidean loss for

the relative position and orientation respectively following previous work [1, 7]. We
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added the second term to prevent overfitting and make sure that the summation of

all the relative positions along the trajectory is correct and avoid the positions to be

clustered around the first position which is a sign for overfitting that happened when

we used first and third terms only. The hyper-parameter β is used as the position and

orientation are of different units. For our calculation, we found that the best value of

β is between 200− 300.

6.2.2 3D CNN Architecture

....

....

Video of N images 

SURF descriptors 
N x No of features x 64

3D CNN 

1000

∆x 
 (N x 3)

∆q
 (N x 4)

Figure 6.2: 3D CNN Architecture

In addition to 2D CNN-RNN architecture, we propose using 3D CNN to find the

relative poses of the images in a video. It is mentioned in the seminal work [96] about

using 3D CNN for human activity recognition that 2D CNN-RNN is not as good as

the 3D CNN for applications including motion in images. This is because in the case

of 2D CNN-RNN, spatial features are extracted independently from all the images

and then temporal information is learned using RNN. However, using 3D CNN, the

features are extracted in both space and time simultaneously capturing the motion in

the video in a better way. As shown in Fig. 6.2, in this model, SURF descriptors of

the input images are stacked to form one block with size (number of images, number

of features, 64). This block is input to 2 layers of 3D CNN each of which consists of
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64 filters with size (3 x 3 x 3) to extract features in both space and time dimensions.

Each 3D CNN layer is followed by RELU activation function and average pooling of

size (1 x 5 x 5) to reduce the dimensions of the feature cubes. The first dimension is

1 to maintain the number of images of the input to be the same at the output. Next,

the extracted features cube is flattened and fed to input to dense layer of 1000 neurons

and then the output layer with 3 neurons for the relative position and 4 neurons for

the relative orientation. For the loss function we used during training, we found that

the Euclidean distance loss function given by (6.3) is sufficient for training without

the need to add extra term like the case in 2D CNN-RNN loss function,

L2 = ‖∆xt −∆xp‖22 + β ‖∆qt −∆qp‖22 (6.3)

6.3 Experiments

In our experiments, we use the 7-scenes dataset [57] to validate the proposed systems.

In this section, the performance analysis of our two architectures compared with

neural networks-based and classical image-based localization systems is discussed. In

addition, we compare between 2D CNN-RNN and 3D CNN architectures in terms of

accuracy and visualization of learned features.

6.3.1 Generalization

Classical localization systems do not depend on training on certain datasets for finding

the poses of images, so they can be generalized to ideally any scene. However, neural

network-based localization systems can not be generalized well [3, 7] . Here, our

proposed system is designed to mitigate this problem by relating all the poses to

the first image in the video. In detail, for the 7 scenes dataset, we train both of
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Figure 6.3: Visualization of generalization capability of our system to unknown scenes.

the proposed networks on the heads scene only and test it on all the other different

scenes without including any image of them in the training. We show that our system

can be generalized to unknown scenes, while all the state of the art work are either

trained and tested on the same scene or combine scenes together for training and

testing. In Fig. 6.3, the ground truth and predicted trajectories of heads, chess,

office and pumpkin scenes with videos of 50 images for the 3D CNN network are

plotted with marking the beginning of the video as a black dot. As shown, although

the network is trained on the heads scene only, the system is able to predict the

positions in the other scenes even for complex environments like the office scene with

high accuracy and create trajectories that are consistent with the true ones. The

generalization capability of our system will make the learning-based SLAM systems
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easier to implement in real time applications as the training is done off-line and testing

take only few seconds.

6.3.2 Comparison With Neural Network-Based Systems
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Figure 6.4: The average position error with variable number of imaged per video for

the two proposed architectures compared to state of the art

Firstly, we compare the performance of the two proposed architectures with state of

the art image-localization work that use neural networks to find the poses. In detail,

in Fig. 6.4, we investigate the average position error for the 7 scenes dataset with

changing the number of images per video from 2 to 400 images where the current

work (2D CNN-RNN and 3D CNN) in orange and yellow curves are compared to

video localization method (Vidloc) [7] represented in blue curve as well as single

image localization methods including posenet [1], Pose-LSTM [2], Pose-hourglass [3]

and NNET [97] represented as dots as they only accept one image as input. As

shown, 3D CNN network outperforms the 2D CNN-RNN network, specifically when

the number of images increases to be more than 50 images which follows the claim

that 3D CNN is more suited for motion-specific applications than CNN-RNN which is
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evident with large trajectories. Further, despite that Vidloc’s position error is getting

lower with increasing the number of images, 3D CNN is outperforming Vidloc for up

to 400 images per video and the same case for 2D-CNN RNN system for up to 300

images. Also, our work can be extended to unknown scenes while Vidloc only works

for the same training scene as it regresses absolute poses not relative ones which

has limitation for use in practical localization and SLAM systems. Finally, taking

two images as input, both proposed methods outperform NNET. It is not surprising

that posenet, pose-hourglass and pose-LSTM works that accept only one image have

higher error than sequential image data localization. The complete analysis for each

Table 6.1: Comparison of median position and orientation error to the state of the
art localization methods.
Scene Vidloc Posenet Pose-LSTM Pose-Hourglass NNET Ours(2D CNN-RNN) Ours(3D CNN)
Heads 0.14m, NA 0.29m, 12 0.21m, 13.7 0.15m, 6.53 0.13m, 6.46 0.187m, 7.26 0.148m, 6.25
Chess 0.18m, NA 0.32m,8.12 0.24m, 5.77 0.15m, 6.53 0.26m, 12.72 0.22m, 8.00 0.16m, 7.28
Fire 0.26 m, NA 0.47m , 14.4 0.34m, 11.9 0.27m, 10.84 0.14m, 12.34 0.195m, 9.89 0.156m, 7.00
Office 0.26 m, NA 0.48m, 7.68 0.30m, 8.08 0.21m, 8.48 0.21m, 7.35 0.25m,10.05 0.201m, 9.02
Red Kitchen 0.31m, NA 0.59m,8.64 0.37m, 8.83 0.27m,10.15 0.24m, 6.35 0.211m , 7.5 0.16m, 6.5
Pumpkin 0.36m,NA 0.47m,8.42 0.37m, 7.00 0.27m,7.01 0.24m, 8.03 0.22m,7.26 0.155m, 8.05
Stairs 0.26m, NA 0.47m,13.8 0.40m, 13.7 0.29m, 12.46 0.27, 11.82 0.197m, 7.67 0.15m, 6.3
Average 0.25m, NA 0.37m, 10.43 0.31m, 9.88 0.23m, 8.85 0.21m, 9.29 0.21m, 8.23 0.164m, 7.2

scene in the 7 scenes dataset of median position error and orientation error for videos

of 2 to 400 images for both the proposed work and Vidloc along with the median

position error for other single and relative image localization systems is detailed in

Table 6.1. It is evident from the table that the errors for CNN-RNN and 3D CNN

architectures are consistent for all the scenes which prove the capability of our system

to work on different environments. Also, the 3D-CNN on average is better than all

the state of the art in terms of position and orientation error despite being trained on

one scene only while the others do not, which proves the effectiveness of our system.
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6.3.3 3D CNN vs 2D-CNN-RNN

Here, to investigate what makes 3D CNN architecture outperform CNN-RNN, we

visualize the output of different filters at different layers of both networks. To do

so, we train the same networks on raw RGB images instead of SURF descriptors in

order to see what each network is learning and what are the features extracted at

each layer. Training is done on the heads scene of the 7 scenes dataset. Images of size

(480 x 640 x 3) are centered-cropped to be (224 x 224 x 3) and same networks are

trained to find the relative poses of images in a video. Outputs of random filters after

the convolution and activation of the first and second layer of 2D CNN-RNN and 3D

CNN are plotted in Fig. 6.5. As shown, the features extracted from 3D CNN are

more distinct than CNN-RNN and features like edges are more obvious in 3D CNN

while features from CNN-RNN are not clear to see. Further, starting from the second

layer, it is hard to see the output of CNN RNN while features from 3D CNN are very

strong. Using this visualization, we can have an insight about the optimality of 3D

CNN over CNN-RNN.

(a) 3D CNN

(b) 2D CNN-RNN

Figure 6.5: From left to right: the visualization of the output of convolutional1,
activation1, convolutional2 and activation2 of the first and second layers for 2D
CNN-RNN and 3D CNN architectures.
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Figure 6.6: The trade off between training time and median position error with

changing the number of features per image

6.3.4 Effect Of Varying The Number Of Features

As our system is based on using SURF descriptors instead of RGB images, choosing

the number of SURF features to use is very critical. In this subsection, we discuss the

effect of varying the number of features of the proposed 3D-CNN system on the error

and training time. Training is done on Nvidia TITAN-XP GPU for 30 epochs using

ADAM optimizer with learning rate 0.00001. The median position error and training

time of videos of 50 images for the heads scene of the 7 scenes dataset are plotted

in Fig. 6.6 with changing the number of features per image from 5 to 300 features.

As shown, The system can reach 0.29 m error using only 5 features with training in

2 minutes. This will enable us to train for larger videos with lower complexity as

the input dimension decreases significantly .The error drops down to 0.19 using the

full 300 features with training time equals 32 minutes. Moreover, this plot shows

the trade off between training time and complexity, depending on the situation and

available computational power. Form this figure, we can choose the best number of

features depending on the trade-off between the error and the training time.
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6.4 Conclusion

We have proposed two neural network architectures based on 2D CNN-RNN and 3D

CNN to find the relative poses of images in videos of different lengths with showing the

superiority of 3D CNN for pose estimation. Our system has the ability to generalize

well to unknown scenes with simple training by the usage of SURF descriptors of the

input images, making the design applicable in real time applications.
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Chapter 7

Conclusions and Future Work

7.1 Conclusions

In this dissertation, we have studied indoor and outdoor localization using camera

images. Both single image and video localization using multiple machine learning

algorithms are analyzed thoroughly. Our proposed methods can reach good localiza-

tion accuracy with orders of magnitude reduction in the complexity compared to the

state of the art. We conclude from our work with indoor and outdoor scenes that

although generally indoor scenes are simpler than outdoor scenes, it is all related to

the number of features extracted from each image. In Chapters 2 and 3, we extracted

SURF features from the input images before feeding them to the neural networks.

These systems only work for indoor environments and failed to generalize to complex

outdoor environments as the number of features needed is much higher due to the

large field of view and the number of objects in the outdoor scenes. Moreover, for

the indoor scenes, the proposed systems work in some scenes much better than the

other scenes depending on the number of features in each scene. So it is more related

to the complexity of the environment than being indoor or outdoor. To propose sys-
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tems that can perform well in complex scenes, we have to use pretrained CNN that

is trained on million of images to extract features that represent the image in these

complex scenes.

These are the contributions we have achieved.

• In Chapter 2, for a low complexity application, the proposed SurfCNN system

utilize the use of SURF descriptors to represent the important features of the

input image. A convolutional neural network (CNN) with 5 layers is used

to process the SURF descriptors and learn the single image absolute pose in

an arbitrary reference frame. The proposed system reaches good localization

accuracy with as low as 300 features per image reducing the input dimension

by more than 48 times and also reduces the training time to an average of 37

minutes instead of hours needed by other methods.

• In Chapter 3, we extend the idea of using SURF descriptor as a feature rep-

resentation for single image pose estimation. However, instead of using CNN

to process the descriptors, long short term memory (LSTM) network is used to

extract the sequential relation between the SURF descriptors sorted from the

strongest to the weakest. Using SURF-LSTM, only 50 features are needed to

reach similar accuracy to SurfCNN with 300 features and other neural networks

based methods. This reduces the training and testing time and storage space

of the weights file and image frames.

• In Chapter 4, a single image localization system is proposed using graph neural

networks. The features extracted from pre-trained CNN are used for learning

the pose which is formulated as graph learning problem. Two approaches are

proposed by either representing each image as a node or as a graph. Both of

the proposed methods outperform the start of the art for indoor scenes and
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produces comparable results for outdoor scene with the superiority of image as

a node method over image as a graph architecture.

• In Chapter 5, Linear-PoseNet is proposed which consists of one layer of linear

regression for single image pose estimation with the pretrained ResNet-50 fea-

tures that do as good as or outperforms other methods that use complex neural

networks. Linear-PoseNet can be trained in less than a second on CPU which is

a huge reduction in the training time compared to other works which needs min-

utes or hours to train on GPU. Moreover, Dense-PoseNet is introduced with 3

fully connected layers that performs well in outdoor scenes without the need for

training large CNN networks. It has been shown that down-sampling the input

pretrained features using principal component analysis can make the training

faster without sacrificing the performance.

• In Chapter 6, two systems have been proposed based on 3D-CNN and 2D-

CNN-RNN for multiple images or video pose estimation that generalize beyond

training scenes. The images represented by SURF descriptors are fed to both

architectures which are proven to generalize well for multiple indoor scenes.

Moreover, the 3D-CNN method outperforms the other architecture as the fea-

tures are extracted in both space and time simultaneously.

7.2 Future Work

In this section, we discuss the plan for future work beyond this dissertation. In the

next subsections, we go through the possible future directions.
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7.2.1 Single image pose estimation using RGBD data

In this dissertation, our focus is to use single RGB image for localization and reduce

the complexity of these localization systems. Recent state of the art works use the

3D depth data with the RGB data and show very promising results. However, these

systems have a very complex training procedure. So the research in the direction of

reducing the complexity of these systems can be very fruitful.

7.2.2 Solve the localization problem using other sensors such

as LiDAR and WiFi access points

RSSI-CSI Indoor localization using graph neural networks

Using WiFi signals is one of the main topics for indoor localization due to the avail-

ability of the devices that can send and receive these signals. WiFi fingerprinting

is one of the main approaches for WiFi indoor localization where multiple WiFi

fingerprints such as received signal strength indicator (RSSI) and channel state in-

formation (CSI) are used to distinguish between different locations [98]. Multiple

methods were proposed in the literature for WiFi fingerprinting indoor localization

using different approaches including KNN [99], SVM [100], convolutional neural net-

works (CNN) [101], recurrent neural networks [102] and probabilistic methods [103].

We are planning to propose a novel WiFi fingerprinting system using graph neural

neural networks (GNN) using both RSSI and CSI. Specifically, we can formulate the

problem as follows:

1. Location as a graph where each location is modeled as a graph consisting of

many nodes where each node is one received RSSI-CSI scan.

2. Location as a node where location is represented as a node characterized by the

average RSSI-CSI received at this location.
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2D Lidar relative pose estimation (Lidar odometery)

We are planning to use ranges information of 2D lidar scans for lidar odometery

estimation using recurrent neural networks. We can use bidirectional long short term

memory (Bi-LSTM) to model the sequential relation between the consecutive N lidar

scan ranges to find the relative translation and orientation between the last two scans.

The number of ranges per scans depends on the resolution of the lidar used. We can

use multiple lidar sensors with different angular resolution and different frequency

1. 360 degrees LDS lidar sensor [104] which has 360 range readings per scan with

5HZ scan rate.

2. Hokuyo Lidar which has angular resoltion of 0.36 degree with total 1080 ranges

readings per scans and scan rate of 25 HZ.

7.2.3 Spatio-Temproal graph neural networks (STGNN) for

video pose estimation

In Chapter 4, we propose a single image pose estimation system based on graph

neural networks and we show that it can outperform all the other state of the art

work for indoor scenes. We can use the same idea but with multiple images or videos

by representing each image as a graph and processing the video as multiple graphs

and using STGNN to process the graph and extract features spatially between nodes

in one graph and sequentially between nodes in the subsequent graphs.

7.2.4 3D semantic mapping using graph neural networks

To have a simultaneous localization and mapping (SLAM) system, the agent should

be able to simultaneously localize itself and build the map of the environment. In
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this dissertation, we only focus on the localization part and a very plausible future

direction is the map generation. Most of the literature fuse Lidar and camera data

using CNN with either early, middle or late fusion [105]. They use U-Net [106] like

architecture with convolutional and de-convolutional layers. This approach is very

expensive as they require to generate very large output dimensions which takes very

long time to train. Moreover, working on sparse data structure makes more sense

for point cloud data. We can take a different approach by using GNN to solve this

problem.

• Each graph can be one down-sampled point cloud fused with camera image

frame.

• Each node has long feature composed of the Cartesian coordinates of the point,

the intensity of the reflected laser and RGB pixel value corresponding to the

point [x,y,z,I,R,G,B].

The edges can be calculated using the Euclidean distance in a certain radius. The

GNN will try to learn new set of edges corresponding to the semantics of the input.

Moreover, we can learn a label for each node which consists of object class of the

point.
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