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Abstract

Scene Understanding has been a major aspiration of computer vision from its early days. Its root
lies in enabling the computer/robot/machine to understand, interpret and manipulate visual data, in
similarity to what an average human eye does in front of a natural/artificial localized location/scene.
This ennoblement of the machine have a widespread impact ranging from Surveillance, Aerial Imaging,
Autonomous Navigation, Smart Cities and thus scene understanding have remained as an active area of
research in the last decade.

In the last decade, the scope of problems in the scene understanding community has broadened from
Image Annotation, Image Captioning, Image Segmentation to Object Detection, Dense Image Captioning,
Instance Segmentation etc. Advanced problems like Autonomous Navigation, Panoptic Segmentation,
Video Summarization, Multi-Person Tracking in Crowded Scenes have also surfaced in this arena and are
being vigorously attempted. Deep Learning has played a major role in this advancement/development.
The performance metrics in some of these tasks have more than tripled in the last decade itself but these
tasks remain far from solved. Success originating from deep learning can be attributed to the learned
features. In simple words, features learned from a Convolutional Neural Network trained for annotation
are in general far more suited for captioning then a non-deep learning method trained for captioning.

Taking cue from this particular deep learning trend, we dived into the domain of scene understanding
with the focus on utilization of prelearned-features from other similar domains. We focus on two tasks in
particular: Automatic (multi-label)Image Annotation and (Road)Intersection Recognition. Automatic
image annotation is one of the earliest problems in scene understanding and refers to the task of assigning
(multiple) labels to an image based on its content. Whereas intersection recognition is the outcome of
the new era of problems in scene understanding and it refers to the task of identifying an intersection
from varied viewpoints in varied weather and lighting conditions. We focused on this significantly varied
task approach to broaden the scope and generalizing capability of the results we compute. Both image
annotation and intersection recognition pose some common challenges such as occlusion, perspective
variations, distortions etc.

While focusing on the image annotation task we further narrowed our domain by focusing on graph
based methods. We again chose two different paradigms: a multiple kernel learning based non-deep
learning approach and a deep-learning based approach, with a focus on bringing out contrast again.
Through quantitative and qualitative results we show slightly boosted performance from the above
mentioned paradigms. The intersection recognition task is relatively new in the field. Most of the
work in field focuses on Places Recognition which utilized only single images. We focus on temporal
information i.e. the traversal of the intersection/places as seen from a camera mounted on a vehicle.
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Through experiments we show a performance boost in intersection recognition from the inclusion of
temporal information.
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Chapter 1

Introduction

Scene understanding has been an important goal of computer vision systems - to enable machines
identify, interpret and manipulate objects, surfaces and their interactions in images and videos and
interpret relationships between them. Tackling/Attempting problems from the domains of scene un-
derstanding entails compatible data. For example learning to identify faces requires a corpus of face
dataset. The widespread outburst of digital data, enabled by ever speeding network services, increasing
smart electronic devices(mobiles, tablets) and fast-paced lifestyle, has led to a steep rise in data-driven
technologies and has opened up a scope for vast number of complex problems. A decade ago problems
in scene understanding consisted of image-captioning, image annotation, object detection etc while the
current focus is on problems 3D reconstruction from 2D images, panoptic segmentation, multi-person
tracking in crowds, very long video summarization. Currently, scene understanding is in the core of
many imminent successes of modern technology - autonomous driving, human-machine interaction,
remote sensing, among several others. Deep Learning, a subset of machine learning, has been shown to
benefit from huge amounts of data and has been an active area of research. Currently models based on
deep-learning forms state of the art for vast array of problems.

Our focus in this thesis derives both from the paradigm shift in the complexity of the problems in
the domain of scene understanding and the success of deep learning(specifically deep learning features).
To limit the scope of our work, we select two problems from scene understanding (i) Multi-label image
annotation and (ii) Intersection recognition in road junctions. Multi-label image annotation can be
categorized into a traditional scene understanding problem, whereas intersection recognition can be
categorized into modern scene understanding problems. Our work in the image annotation domain
focuses on graph based learning. Here we have focused on two specific directions, Chapter 3 focuses on
traditional(non-deep learning) graph based approach whereas Chapter 4 focuses on graph deep learning
based approach. We also utilize deep learning features in our work. Specifically, we use pre-trained
deep learning models to extract representations for images which we use later in our models. Apart from
deep-learning features Chapters 4 and 5 also utilizes state of the art deep learning architectures.

Now we brief the organization of this chapter. We first detail the motivations and problem definitions
for the task of multi-label image annotation and intersection recognition. We then discuss the associated
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challenges in these tasks and lay down our contribution in this thesis. We finally provide an overview of
the remainder of the chapters in this thesis.

1.1 Multi-Label Image Annotation

The goal of the multi-label image annotation task is to assign all semantically meaningful labels1

to an image. Multi-label image annotation has applications in nearly every application domain of
computer vision ranging from object detection, instance segmentation, captioning, robotics, remote
sensing, autonomous driving, surveillance, medical imaging etc. Multi-label image annotation is one of
the keystone of scene understanding.

The term “semantically meaningful” could lead to a very large number of labels for any image. Hence
to limit this set of labels, a label-set or dictionary of labels/tags/words to chose from is also provided.
Tagging all the relevant words from this label-set/dictionary is the practical scenario of the task at hand.
Its easily observable the the visual content of an image captures a wide variety of semantics at multiple
levels of granularity. Figure 1.1 shows an example from MSCOCO dataset on the left and a dictionary
of words on the right(also indicated is their presence/absence in the image).

Multi-label image annotation is a variant of single-label image annotation (commonly known as Image
Annotation) where each image is tagged with just one relevant label from a dictionary set. It is imperative
to follow that single-label image annotation closely resembles to multi-label image annotation but simple
extensions to single-label task do not perform as good on the multi-label task. This argument is validated
from observing the current state of the arts in two tasks:- while single-label image annotation is close to
being solved (a top-5 accuracy of 98% on the Image-Net dataset is already achieved), multi-label image
annotation is far from solved(F1-score of around 75% on the MSCOCO dataset). We propose two graph
based models (one with a deep-learning setup and another without a deep learning setup) for this task.
We elaborate on these models, their specific backgrounds, datasets used and results in Chapter 3 and
Chapter 4.

1.2 Intersection/Junction Recognition

A road intersection or a road junction 2 typically is a meeting point of three or four road segments. In
this problem, we focus on recognizing weather two given videos consist of same geographical location
while only using a monocular camera mounted on the top of a vehicle. A road intersection is hard to
recognize as the approach to it could be from any of the 3 or 4 road segments its composed of, each of
which have a different view(backgrounds are completely different) of the intersection. Figure 1.2 depicts
the scenario of an intersection and two traversals(in red and green) of this intersection.

1We refer the words labels and tag interchangeably
2We refer the words junction and intersection interchangeably

2



(a) An image from MSCOCO dataset

Person
Grass
Football

Clouds
Cake

Donut

(b) An example of a dictionary
of words. The tick/wrong marks
indicate weather the label/tag is
present in the image on the left

Figure 1.1: Multi-label image annotation problem setup

Recognizing an intersection from a different approach sequence or a sequence of viewpoints different
from those seen before can be pivotal in various applications that include autonomous driving, driver
assistance systems, loop detection for SLAM including multi-robot and multi-session SLAM frameworks.
Intersection recognition from disparate video streams or image sequences is an extremely challenging
problem that stems from the large variations in viewpoint, weather and appearance across traversals.
Complexity also emanates from varying levels of traffic and chaos at a junction, as well as due to changing
levels of occlusion, illumination between two video sequences of a specific junction. Lack of annotated
datasets on intersections also poses a challenge.

Intersections being critical points in road based navigation, are likely to be points of crossover between
trajectories of multiple agents/cars. Owing to their four-way structure, imagery captured in different
traversals of junctions depicts very different views and alignment of common landmarks unlike what is
observed in place recognition datasets(e.g., [68]). If agents can recognize a previously visited place better
in such tricky scenarios, they are endowed with better localization capability. Intersection recognition
also closely follows intersection detection [10], wherein the immediate question to answer upon detecting
an intersection is if the detected intersection is the same as one seen previously. We proposed a novel
LSTM based Siamese style deep network model for this problem while showing competitive results on
real and synthetic datasets. We elaborate on this model, datasets for this task and results in Chapter 5.

1.3 Associated Challenges

A wide variety of challenges can be associated with scene recognition. We provide a small brief of
some of these challenges in this section.

3



Figure 1.2: Intersection recognition problem setup: Given two videos consisting of road traversal(in red
and green) of intersection, identify if they belong to the same geographical place/location.

1. Illumination Changes: Lighting conditions in outdoor images vary drastically. They may range
from very high to very low foreground-background contrast. This might result in highlighting
random objects in the scene. Indoor surroundings and illumination can be manipulated to make the
object of interest in focus with respect to the background. Illumination changes usually results
in challenging problems for many computer vision applications such as recognition, tracking and
motion analysis. Figure 1.3a shows varying illumination conditions highlighting the background
or the foreground obscuring visibility.

2. Occlusion: In general, outdoor images have more than one object or the object interacts with
elements of the surroundings. This leads to occlusion by some other object like a pole, building
etc. These cases like partial or full occlusion create uncertainty in determining the location of
object which are not visible. Apart from the above mentioned occlusions which were caused by an
outside entity (whether living or non-living object), the object of interest can occlude itself, which
is termed as self occlusion. Figure 1.3b shows such examples of occlusion.

3. Dataset Bias: Each image can be tagged with multiple labels from the given dictionary but in
general some labels appear more frequently then others. In-fact the occurrence pattern of labels
follows the long-tail curve. This implies that a few labels appear most of time and the rest occurs
only a few times in the presented dataset. This includes a heavy bias in the dataset which needs to
controlled in order to make recognition unbiased.
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(a)

(b) (c)

Figure 1.3: Challenges: (a) Illumination Changes, (b) Occlusion, (c) Dynamic Background. Images are
taken from Mapillary and Google Images.

4. Incomplete Labelling: Creation of a dataset involves manual labelling of images. This tasks is
done by human annotators who are not good at these mundane tasks. This may result in images
not being tagged with all the potential labels. Figure 1.1 shows such an example where the image
can also be labelled with grass. To curb these error, multiple annotators label the images in more
recent datasets.

5. Dynamic Background: Some parts of the scene may contain movement (a fountain, movement
of other objects, the swaying of tree branches, water waves etc.), but should be regarded as back-
ground, according to their relevance. Such movement can be periodical or irregular (e.g., traffic
lights, waving trees). Handling such background dynamics is a challenging task. Figure 1.3c
shows examples of dynamic background having water waves from the fountain.

6. Weather Change: Outdoor scenes may look very different during different seasons/weathers.
While a foggy/rainy day may hinder capturing the background while a sunny day will have better
contrast and shinier objects. Figure 1.4 (a) shows an image of on a rainy and a summer day.
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7. Object Speed: The speed of the moving object plays an important role in its detection. Intermittent
motions of objects cause ghosting artifacts in the detected motion, i.e., objects move, then stop
for a short while, after which they start moving again. There may be situations in a video, where
the still objects suddenly start moving, e.g., a parked vehicle driving away, and also abandoned
objects.

8. Shape and Structural changes: A single object can have many different structural possibilities
which makes a direct modelling of an object in general near impossible. Similarly, non-rigid
objects can change shape when forces are applied on them. An example of this could be the pose
of a human when he/she is moving. Figure 1.4b shows an example images of chair which are
structurally different.

9. View Variations: Different camera positions may capture the same geographical location but the
corresponding images are likely to different. One such possibility arises when an image captures
the front of a building while the other captures the back-view of the same building. In such case
backgrounds of the two images may overlap partially or not overlap at all. Figure 1.4a shows an
example where the Eiffel Tower is captured from two different viewpoints.

(a)

(b)

Figure 1.4: Challenges: (a) Weather Changes, (b) Structural Changes
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1.4 Our Contributions

The main contribution of this thesis are:

1. Multi-label image annotation We introduced the notion of neighborhood-types and proposed a
new label histogram characterization of image-neighborhoods. The notion of neighborhood-types
is based on hypothesis that similar images in content/feature space should also have overlapping
neighborhoods. Building upon this we used diffusion as label transfer mechanism to associate tags
and derived a closed from solution.
We also explored Graph Convolution Neural Networks for multi-label image annotation where
we propose a graph based deep-learning solution for the problem of multi-label classification.
Through extensive experimentation of our architecture, we explore the effects of graph formation
and the input signals on the performance.

2. Intersection/Junction recognition We proposed a novel stacked deep network ensemble architec-
ture that combines state-of-the-art CNN, bidirectional LSTM and Siamese style distance function
learning for the task of view-invariant intersection recognition in videos. We have collected
annotated data of around 2000 videos from GTA gaming platform and Mapillary consisting of
varied weather conditions and varied viewpoints.

1.5 Thesis Overview

Now we provide the organizational scheme of the upcoming chapters in this thesis. The outline of the
following chapters is:

� Chapter 2 provides the literature survey for image-annotation, intersection recognition and deep
learning in graphs.

� Chapter 3 details out our approach for image annotation via diffusion combined with Multiple
Kernel Learning (MKL) model.

� Chapter 4 describes our approach, experiments and results using graph based deep learning model
for image annotation.

� Chapter 5 dives into the problem of intersection recognition.

� Finally chapter 6 summarizes the main contributions of the thesis.

Furthermore, each of Chapter 3 and Chapter 4 is broken down into (i) Motivation, Brief and Contribu-
tions (ii) Proposed Approach (iii) Dataset (iv) Experiments and (v) Results and Discussions.
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Chapter 2

Related Works

2.1 Image Annotation

Over the last two decades, a plethora of methods have appeared in this area. We brief about a lot of
these methods while our focus is on most relevant, popular and recent methods. We try to categorize the
previous works into 5 categories based on the underlying model’s ideology.

2.1.1 Generative, Discriminative and Hybrid Models

Sahin et al. [25] model the problem from a machine translation perspective where a region is mapped
to a label. Relevance Models [27, 53, 42] model the problem as joint probability distribution between
image features and labels. Multiple Bernoulli Relevance Model(MBRM) [27] proposed regular region
blocks for features and a multiple Bernoulli model using non-parametric kernel density estimate. Topic
Models [8, 70, 25, 101] uses probabilistic method to represent the joint distribution of visual and textual
features by maximizing the generative data likelihood.

Xinag et al. [101] proposed a Markov Random Field model, which captured many previously proposed
generative models, but had an expensive training step as it learnt an MRF per label. Discriminative
models were proposed in [105, 33, 95, 28]. These methods learn label-specific models to classify an
image belonging to the particular label. However they fail to capture label-to-label correlations. A hybrid
model was presented in [71] combining a generative [27] and discriminative (SVM) model aimed at
improving the number of labels recalled.

2.1.2 Nearest Neighbor Approaches

Though simple and highly intuitive, NN methods are among the best performing ones. [34] introduced
metric learning to fuse an array of low-level features. They used cross entropy loss in addition to weighted
(based on distance or rank) label propagation. Recently, [96] defined a Bayesian approach with two
pass kNN for addressing the class-imbalance challenge and subsequently used an extension of existing
LMNN approach [100] as metric learning to fuse different feature sets. One major limitation of these
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approaches is that they are global methods and heavily rely on metric learning construct, which makes it
difficult to scale them to large datasets.

Alternatively, a local variant of NN method proposed in [45] performs the Non-negative Matrix
Factorization (NMF [54]) of features from images in a smaller neighborhood, which are made to follow a
consensus constraint. Here, the class-imbalance is dealt by means of weighting different feature matrices.
However, this is purely a local approach and hence fails to capture the global structure of the latent space.

Recently, [92] and [96] report performance improvement over the NN methods by using cross modal
embedding such as Canonical Correlation Analysis (CCA) or Kernel Canonical Correlation Analysis
(KCCA). This is again an attempt to learn global common latent space. However selection of an
appropriate kernel function and scalability of KCCA poses a major challenge in these methods.

2.1.3 Graph Based Models

A graph based transductive method for explicitly capturing label-to-label and image-to-image similari-
ties was proposed in [97]. Recently, [73] proposed a hypergraph diffusion based transductive method and
exploited multi-scale diffusion to address the class-imbalance problem. However, both these methods
are semi-supervised in the sense that they need access to all test data for prediction. Additionally
the hypergraph diffusion method is not scalable due to requirement of storage and computation of
eigen-decomposition of very large matrices.

2.1.4 Deep Learning Based Methods

Inspired by the recent success of deep neural net architectures in image classification [88, 86], different
approaches involving deep nets have been tried for multi-label classification [40, 67, 99, 64, 102, 35,
107, 15]. [40] modeled these relationship on a hierarchical model exploiting Long Short Term Memory
(LSTM) by incorporating inter-level and intra-level label correlations which were parsed using WordNet.
CNN-RNN [98] learns a joint image-to-label embedding and label co-occurrence model in an end-to-end
way. Semantically Regularised CNN-RNN (S-CNN-RNN) [62] improves on the CNN-RNN model by
using a semantically regularized embedding layer as an interface between the CNN and RNN which
enables RNN to capture the relational model alone. [43] showed that the order of label prediction
mattered while using RNN (or LSTM) for label modelling.

[44] proposed exploiting image metadata to generate neighbors of an image and blend visual
information using neural-nets. Recent works in Deep nets capture label-to-label relationships more
explicitly than before. Another recent work in [72] converted labels to a word2vec vector [67] and
performed label transfer using nearest neighbor methods in embedding space computed using CCA or
KCCA. More recently visual attention models [35, 64, 99] have been on the rise too.
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2.1.5 Graph Based Deep Learning Models

Recently deep-learning methods have been introduced in the context of graphs [24, 38, 80, 58]. Gated
Graph Neural Network (GGNN) [58] is a LSTM variant for graphs which learns a propagation model
that transfers information between nodes depending on the edge types. [66] introduced Graph Search
Neural Network (GSNN) which improves GGNN [58] by diminishing the computational issues. GSNN
is able to reason about the concepts by capturing the information flow between nodes in the noisy
knowledge-graphs. GSNN is different from our model in the propagation modeling in graphs. In Chapter
4, we explicit model the label propagation with diffusion framework on graphs while GSNN learns the
network propagation parameters in the knowledge-graph.

Contemporary to this submission a recent graph based method [18] have been published. Similar to
our work in Chapter 4, Chen et al. [18] models label patterns/co-relations utilizing graph convolution
networks, but they use the formulation from [48]. They also differ in the way they model Joint Space
(refer Subsection 4.2.3) and their formulation of the knowledge graph matrix (refer Subsection 4.2.1.1).
They utilize work-embedding as signals on nodes of the graph while we use Faster-RCNN [77] output
detections as signals.

2.2 Intersection Recognition

In existing literature around robotic perception, there are limited efforts towards intersection detection
and recognition. Some of these use sensors other than cameras such as laser and virtual cylindrical
scanners [108, 55].

Within the robotics community, loop detection methods have used diverse image recognition and
retrieval techniques [32, 29, 5] that have not attempted to detect loops from very diverse viewpoints,
though they perform admirably in the presence of weather changes [61] or under the duress of varying
traffic [36]. In the vision community, CNN [87] features have been used to efficiently compare scenes or
structures which are viewed from varying distances, which give a zoom-in vis-a-vis zoom-out effect with
minor changes in viewing angles.

Recently, a framework for detecting intersections from videos was proposed in [10]. They used
LSTM based architecture to observe the relative change in outdoor features to detect intersection.
Nevertheless, their work did not focus on the recognition task. On the other hand, visual loop closure
detection techniques in the literature [6, 32, 29] mainly focused on image level comparison of scenes.
These techniques try to find re-occurring scene during the driving session based on fast KD tree based
comparison of image features. Although these methods achieve admirable accuracy for loop detection
they cannot be improvised for view-invariant recognition over videos.

In recent years, gaming environments have been created and/or used for generating and annotating
datasets. [78] used Grand Theft Auto V (GTA) gaming-engine to create large-scale pixel-accurate ground
truth data for training semantic segmentation systems. SYNTHIA [79] is a virtual world environment
which was created to automatically generate realistic synthetic images with pixel-level annotations for the
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task of semantic segmentation. [78] and [79] show the added improvement in the real-world setting by
using synthetic-datasets for training deep-network models. CARLA [23] is another open-source simulator
developed to facilitate learning and testing of Autonomous Driving algorithms. GTA environment is
more visually realistic than SYNTHIA and CARLA environments.

Real-world datasets such as [69, 1] are designed with the idea of visual place recognition using
images. These datasets are limited in the pathways covered and the number of intersections. Another real
world street-level imagery platform [4] consist of images and image-sequences with variability in the
pathways and intersections and thus enables sequence learning for intersection recognition. Concurrent
works have used this platform to create Mapillary Vistas Dataset [74] which is a semantic segmentation
dataset consisting of 25k images. We have used Mapillary dataset to showcase our result on real world
scenarios.

Recently [81] and [31] have attempted visual localization under drastic viewpoint changes. [81]
needs various modes of data including: semantic segmentations, RGBD images and camera parameters.
Its a computationally expensive pipeline focused on relocalization, involving 3D voxel grid constructions
of the entire previous traversal sequence and of the query sequence, followed by a matching and pose
estimation procedure. Due to key differences in problem context and usage of multimodal inputs, we
omit a quantitaive comparison with [81]. [31] proposes graph construction from semantically segmented
input data with graph matching using random walk descriptors. We implement and compare against
this method in a limited setup in our baseline experiments in Section 5.2.1. Specifically there has been
no prior effort towards recognizing intersections when approached from different road segments that
constitute the intersection.

2.3 Graphs Deep Learning

In this section we first introduce a graph with notations. Then we provide the motivation for deep
learning in graphs. Then we mention a few existing works on networks on graph while paralelly following
a taxonomical categorization of graph networks. We then discuss in detail the spectral graph theory and
graph signal processing which forms a basis for understanding convolution operator in graphs. We then
move exclusively to graph convolution networks and provide an overview.

A graph is defined as a set of elements and their pairwise connections. Mathematically, the set of
elements are defined as nodes or vertices and connections are known as edges. The set of nodes is
denoted as V = (v1; � � � ; vn) and set of edges as E = f(vi; vj)j(vj � vi) = wi;j � 0g. An edge exists
only if two nodes have a relationship, wi;j is defined as the weight of the relationship between nodes vi,
and vj . Graphs are categorized as non-euclidean data as the pairwise relationship may not necessarily
be an euclidean space distance of nodes. An edge can represent many sorts of relationships; similarity,
dis-similarity, or a constraint. And weights can be used to define the magnitude of this relationship. A
graph can be represented by a matrix, called weighted adjacency matrix, W n�n whose (i; j)th entry wi;j
is the similarity between vertices vi and vj , n being the number of nodes.
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Traditional deep learning has majorly focused on the euclidean-space. In the deep learning era, one of
the major works is CNN which utilizes the shift-invariance, local connectivity, and compositionality of
image data. However, numerous applications, ranging from interactions and activities on social media,
molecular activity and structure in drugs and program verification are based complex graph based data.
Designing machine learning algorithms on such data is difficult as the graph domain is irregular i.e. each
graph has a variable size of unordered nodes, each of which may be connected to a different set of other
nodes. Furthermore these nodes are not independent of each other and are related via edges (which
contains some linkage information). These properties makes it hard for defining a convolution operator
in this domain [12].

As per recent works the graph networks can be categorized under the following categories:

� Graph Recurrent Networks: These networks generalize the concept of recurrent networks in graphs
but instead of learning sequence outputs these networks outputs are node representations, graph
representations, etc which can be further used for classification or detection tasks. The core idea in
these networks are (i) node annotations (ii) information propagation model (which can use gated
equivalents of LSTM) and (iii) output models (which outputs the node/graph representations or
selects specific nodes [80, 58].

� Graph Convolution Networks(GCN): These networks mimick the convolution operators from
traditional data like images or grids to graph data. Specifically, they learn a function which
aggregates a node and its neighbors’ features [13, 21, 48, 56, 30, 75, 22, 16].

� Graph Attention Networks: Similar to GCN, these networks learn a function which aggregates a
node and its neighbors features [93, 106]. The major difference with GCN is the use of parametric
weights to implicitly capture the edge relationship/importance.

� Graph Auto-Encoders: To learn graph representations graph auto encoders employ an unsupervised
approach. They consist of an encoder (underlying network could be GCN) and a decoder which
utilizes a link-decoder prediction [76, 104].

� Graph Generative Networks: Synthesizing complex chemical compounds with requisite physical
and chemical properties is a challenging task. Graph generative networks have shown promise
in this highly specialized domain by alternatively generating nodes and edges and employing
adversarial training [59, 11].

GCN can be further divided among two sub-categories: spectral-based and spatial-based. In spatial
based setup, GCN learns filters which aggregates features of a node and its neighbors. In spectral based
setup, the learned filters are defined from the perspective of graph signal processing [12] which work in a
graphs’ Fourier basis and manipulate/alter the magnitude of the frequencies. We describe this in detail in
Subsection 2.3.2.
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2.3.1 Spectral Graph Theory

For graphs the underlying non-euclidean topology is analyzed in terms of eigenvalue-eigenvector

spectrum of graph in the �eld ofspectral graph theory[19]. Spectral analysis of a graph starts �rst by

constructing its Laplacian matrixL n� n . If D n� n is the degree matrix of the graph with its diagonal

entriesdi;i representing the degree of nodei , thenL is de�ned asL = D � W .

Laplacian matrix represents the second-order derivative operator on the functions on a graph. In this

respect it captures the topology of the graph and becomes a basis for de�ning all the operators over the

graph. Laplacian matrix provides a link between discrete graph representations and vectors in continuous

Euclidean space. Mathematical operators de�ned in the continuous space are extended in the discrete

space via the graph Laplacian matrix. Continuous-space kernels operate on vector valued functions

de�ned by physical processes in that space. The discrete counterparts of these operators are the kernels

de�ned as functions of the graph Laplacian. These kernels operate on functions or signals de�ned on the

nodes of the graph.

One of the important properties of Laplacian matrix is that it is a positive semi-de�nite matrix, hence

it is eigen-decomposable:

L = U n� n � n� nU T
n� n (2.1)

where� is a diagonal matrix andU consists of orthonormal column vectors. Hence this can also be

written as

L =
nX

i

ui � i uT
i (2.2)

whereui is a eigen(column)-vector and� i is the corresponding eigenvalue.

An important random process over a graph is diffusion. These graph kernels operate on the real

valued functionsf : V ! R on the setV of the graph. Diffusion of a function on a graph captures the

spatial extent of spread of the function with time. The kernel that captures the spatio-temporal extent of

diffusion is the diffusion kernel H. The scale dependent diffusion kernel is:

H (t) = U e� �t U T =
nX

i

ui e� � i t uT
i (2.3)

The exponential function of the graph Laplacian is the kernel over the graph that represents the extent

of diffusion of the functionf at thediffusion scalet. Diffusion (or heat) kernel is uniquely de�ned at its

scale given the graph.

All these kernels can be principally put in another framework also. This framework extends the

concepts of signals and systems onto irregular domains such as graphs.

2.3.2 Graph Signal Processing

In the signal processing domain, a function is treated as a signal. If every node of the graph contains

a signal(real-value), the combined signal over the entire graph is called a graph-signals 2 Rn . This
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graph-signal forms a pattern over the graph-topology. The emerging �eld ofgraph-signal-processing

analyzes such graph-signals in terms of their components on de�nedharmonicsbased on the algebraic

and spectral properties of graph-topologies [85].

We will �rst conceptualize the notion of frequency over a graph and the corresponding Fourier basis

de�ning the transform. For a 1-dimensional signals(t) varying with timet, the Fourier transform is as

follows:

U(! ) = < s (t); ej!t > =
Z

R
s(t)e� j!t dt; (2.4)

where! is the angular frequency of the complex exponential basis signal andj =
p

� 1. Every component

of the signal on a Fourier basis signal is the inner product between the two. Consider the eigenfunctions

of the 1-dimensional Laplacian operator:

�( ej!t ) =
@
@t

� @
@t

(ej!t )
�

= j!
@
@t

(ej!t ) = � ! 2ej!t : (2.5)

These eigenfunctions are the Fourier basis signals with their corresponding eigenvalues as the square of

the frequency. Thus the graph Fourier transform is de�ned as the expansion of a graph-signal in terms of

the eigenvectors of graph-Laplacian:

ŝi = < s; ui > =
nX

k=1

sku�
i (k)ŝn� 1 = U >

n� nsn� 1(sinceLu i = � i u i ) (2.6)

whereU > representing the conjugate of the eigenvectors and� representing the square of the frequencies

of the graph-topology.

In the classical Fourier analysis the angular frequencies! carry a speci�c meaning of frequency. The

smaller the! the slower the oscillation of the Fourier basis signal and vice-versa. And for! = 0 the

basis signal takes a constant value. Similarly in the case of graphs, the graph Laplacian eigenvectors

corresponding to lower (higher)� i 's vary slowly (rapidly) on the graph, introducing the concept of graph

harmonics. If there is a strong edge between two nodes, the dissimilarity between the values of the

eigenvector on the two locations will increase with� .

The inverse graph Fourier transform is also easily deducible:

s(t) = < U(! ); e� j!t >

s(t) = U ŝ:
(2.7)

In the above equation, the graph-signalu is represented as a linear combination of graph harmonics

(columns ofU ) where elements of̂s form the coef�cients of linear combination which represent

contribution of each component graph harmonic.

One of the most important aspects of signal processing is �ltering of signals which have applications

ranging from noise-removal, compression, communication etc. Filtering operations in spatial domain

require convolution operations. To de�ne a convolution operation a notion of regular neighborhood of

each point in the given space is necessary. Such a notion of neighborhood regular neighborhood could
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be easily found out in euclidean spaces(or regular-grid spaces) such as temporal signal(audio), spatial

signal(image) or spatio-temporal(video). In these domain the convolution operator could be easily de�ne

by sliding a �lter of �xed size in a pre-de�ned method(example left to right and then top to bottom).

Hence convolution can be simply computed as an integral/summation at each point with the center of the

�lter colliding with the current point in space.

Following equation is example of convolution of a signalg and a �lter h, both de�ned in temporal-

domain.

(f ? g) ( t) =
Z 1

�1
f (t) � g(� � t)d� (2.8)

Here, the symbol? de�nes the convolution operation.. Frequency �ltering of signals preserves this notion

of convolution by modulating the contribution coef�cients of the component harmonics. This implies that

the convolution operation behaves as a pointwise multiplication operator in the Fourier domain. Hence if

the signal(and the �lter) were �rst converted into their Fourier basis, the convolution operation would be

reduced to a Hadamard product of Fourier domain signal. This can be represented as:

ŷ = ĥ � ŝ: (2.9)

whereh ands are the Fourier representation of the �lter and signal respectively. The operator� de�nes

Hadamard product / element-wise product of two vectors.

De�ning a spatial �lter in a graph is non-trivial as the neighborhood is irregular i.e. neighborhood at

each vertexv 2 V is not constant. Hence Signal Processing in Graphs uses Fourier domain to de�ne

convolution operator on graphs. The above operation 2.9 can be generalized by considering spectral

domain signals as functions over the eigenvalues of the graph, which carry the notion of frequency of the

component graph harmonics. Speci�cally in case of graphs this becomes:

ŷ(� ) = ĥ(� )ŝ(� ): (2.10)

Hereŝ, ĥ andŷ are the graph signal, �lter and the �ltered output de�ned in spectral domain respectively.

We can take an inverse graph Fourier transform ofŷ to get the �nal �ltering output in vertex domain:

y = U ŷ(� )

= U
�

ĥ(� )ŝ(� )
�

= U ĥ(� )U > s

= ĥ(L )s

(2.11)

The graph �ltering approach can be used to conduct various techniques such as smoothing, translation,

diffusion etc. As a special case, ifĥ is considered to be an exponential function, we get a diffusion kernel

or heat kernel over the graph Laplacian as de�ned in Equation 2.3.
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Chapter 3

Image Annotations with Multiple Kernel Learning(MKL)

The task of automatic image annotation attempts to predict a set of semantic labels for an image. Ma-

jority of the existing methods discover a common latent space that combines content and semantic image

similarity using the metric learning kind of global learning framework. This limits their applicability to

large datasets. On the other hand, there are few methods which entirely focus on learning a local latent

space for every test image. However, they completely ignore the global structure of the data. In this

work, we propose a novel image annotation method which attempts to combine best of both local and

global learning methods. We introduce the notion of neighborhood-types based on the hypothesis that

similar images in content/feature space should also have overlapping neighborhoods. We also use graph

diffusion as a mechanism for label transfer.

The basic assumption in image annotation is that the visual content of an image captures a wide

variety of semantics at different levels of granularity. Additionally, the label co-occurrence patterns also

model the semantic similarity between images. For example, the possibility of acar and aroad tag

appearing together in an image is highly likely as compared to acar and aplane. Therefore, existing

methods have tried to model label-to-label [65], image-to-image [34] and image-to-label [14] similarities

or a combination of them [97, 63].

In context of image-to-image and image-to-label similarities Nearest Neighbor (NN) based approaches

have been largely successful and intuitive for image annotation. Recent methods either employ a global

(metric) learning technique [96, 34] or a local query speci�c model [45] for addressing the class-imbalance

problem. However, while the former suffers from the problem of scalability due to global metric learning

bottleneck, the latter fails to capture the global latent structure of the data as it is too focused on

query speci�c neighborhood structure. An alternate approach in [73] addresses the class-imbalance by

performing scale-dependent label diffusion on global hypergraph in a transductive setup. However, their

method also suffers from the scalability issue (due to SVD decomposition of large dense matrices). Many

recent deep learning methods also propose to learn end-to-end network for solving image annotation

task [72, 98, 62].

In this paper, we focus on bridging the gap between purely global and local modeling of the image

annotation task. The key hypothesis is that similar images in feature space also have similar labels,
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hence two vicinal images in feature space should also have overlapping neighborhoods. Each of these

neighborhoods (corresponding to an image) can be statistically characterized by constructing the label

histogram of all their associated images. We refer to these label histogram features as Local Label

Distribution (LLD) features. Thus, two similar images should have similar LLD feature representation

which represent similarity in neighborhood. Hence we propose to learn a local label-transfer model for

each such neighborhood-type (cluster) separately. This characterization of images by neighborhood-types

also inherently captures the global latent structure of data.

Subsequently, each local model is formulated as Multiple Kernel Learning (MKL) task, using a

family of multi-scale diffusion kernels. The MKL formulation minimizes the sum of squared error

between the ground truth labels (known for each training image) and the labels predicted with multi-scale

diffusion over the associated local graph. Such diffusion is performed by linearly combining a set of scale

dependent diffusion kernels. A closed form solution exists for obtaining the optimal kernel combination

coef�cients (parameters of local model). Thus, MKL parameters per neighborhood-type are learnt over

the training data. At test time, we construct and map the neighborhood structure of each query image to

an existing neighborhood-type to retrieve the best parameter of local model. Finally, we construct the

local graph for this query image and diffuse the label using these parameters for subsequent prediction.

3.0.1 Our Contributions

In this chapter we contribut in the following ways:

� We propose a new label histogram characterization (LLD features) of the image neighborhood

enabling us to discover the neighborhood-types in the dataset.

� We propose a MKL formulation as local learning model and derived a closed form solution for

obtaining the model parameters.

� We propose a diffusion scale normalization procedure for effectively combining diffusion over

multiple graphs.

3.1 Proposed Approach

This section will provide a detailed description of each individual module in the proposed train and test

phase �ow pipeline depicted in Figure 3.1. LetX tr = f x1; � � � ; xng be the feature-vector representation

of training set of images with corresponding known ground truth labelsZ tr = f z1; � � � ; zng, where each

zi is a binary vector of sizel denoting presence/absence of labels in the imagex i 2 X tr .
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Figure 3.1: Pipeline showing �ow of testing & training phase

3.1.1 Nearest Neighbors Search

This module performs feature space NN search for a given image in order to discover a group of

similar images. Instead of performing a global search, we opt for quantizing the feature space image

representation by employing the paralleizable k-means clustering algorithm1 on training data and �nding

a �xed g number of clusters in an of�ine manner. From all these clusters, we subsequently �nd the

top � closest cluster centers in feature space, then we perform the local NN search in those clusters

by retrieving a �xed� number of similar images from each of them. All such retrieved images form

the neighbourhood of a given image. We denote this set of nearest neighbor images obtained with this

method for a given imagex asN (x). Note thatjN (x)j � �� , as a cluster can have less than� images.

This naturally provides diversity and scalability over the exhaustive NN search.

3.1.2 Local Graph Construction

This module constructs an undirected weighted graphG(V; E; W) for an imagex using the neighbor-

hoodN (x), where the input image and each of the selected images inN (x) images become nodes of

the graph.

We construct a local graph by connecting each node to itsk most similar nodes using an inverse eu-

clidean distance similarity function over the corresponding image features. We use the standard Gaussian

kernel over the feature space as the similarity function, i.e.,Sim(x1; x2) = exp( �jj x1; x2jj l2=� 2) to

assign weights to these edges.

Note that herejV j = � + 1 � �� + 1 wherejN (x)j = �

1https://github.com/serban/kmeans
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3.1.3 LLD Feature Construction, Clustering and Mapping

This module �rst constructs anl-dimensional histogram featureF (x) for each image representing the

LLD of a given imagex, by taking the sum of ground truth labels of all the samples inN (x):

F (x) =
X

8x i 2N (x )

zi : (3.1)

We employ parallelizable k-means clustering algorithm over the LLD features corresponding to

all training images to get a �xed number of cluster-centers (c) which act as representatives of the

neighborhood-types. To map an image to a neighborhood-type we just need to compute its closest

neighborhood-type (cluster-centers) in thisl-dimensional space. As discussed in Section 3, we discover

the clusters in LLD space and learn a local model per cluster.

3.1.4 Diffusion Kernel

In this module we construct a family of diffusion kernels at different diffusion scales for a given local

graph computed in the previous module. In each weighted graphG(V; E; W), training images with labels

acts as heat sources that are diffused/propagated to all the other nodes in the graph where we aggregate

the information and subsequently use for prediction.

We have introduced graph laplacian in Subsection 2.3.1 (Mathematically in Equation 2.1). Diffusion

kernel is a positive semi-de�nite, non-linear family of kernels and can be used for de�ning distances

over non-euclidean spaces and for multiscale-multilabel-diffusion in graphs. It has been used for multi-

scale label diffusion over graphs [90], and a variety of other applications 3D Shape Matching [84]

and Robotics graphSLAM [20] Subsequently, the scale dependent diffusion kernel matrix is de�ned

as: H (t) = Ue� � t UT wheret > 0 is the parameter of the diffusion. Every entryH (i; j; t ) of the

diffusion kernel can be interpreted as the amount of heat diffused from nodevj to nodevi at scalet while

consideringvj as a point heat source of unit magnitude. We use the diffusion kernel matrix atm different

scales to diffuse each label. This is different from [73] as we use multiple scales for all labels rather than

using speci�c scales for different frequency type of labels.

3.1.4.1 Diffusion Scale Normalization.

Instead of manually choosing diffusion scales for all local graphs, we propose to �nd a set of

normalized scales per graph using the structure of the local graph. This structure is captured by the

spectrum (eigenvalues) of the graph. Such a normalization is very important as the diffusion scale value

is relative to the graph structure/topology. Interestingly, if we see the plot of exponential function

f (�; t ) = e� �t = � (3.2)

in Figure 3.2, we see that one can �nd the normalized values of the diffusion scale parametert (varying

from smaller to larger values) by �xing the values of� and index of� .

t = � log(� )=� (3.3)
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Figure 3.2: Diffusion scale normalization on a sample graph of 56 nodes. In this case we use the 12th
(= 0 :2 � j 56j) eigenvalue and� = 0.26 for computing the scale normalizedt value. In general a set of�
values will be chosen for de�ning bank of diffusion kernels

3.1.5 MKL Formulation for Label Diffusion

In this section, we outline our MKL formulation for learning the label diffusion parameters locally for

each LLD cluster/neighborhood type.

Let X tr
c � X tr be the subset ofnc training images andZ tr

c � Z tr be the ground truth labels inc-th

LLD cluster. We can writeX tr
c = [ x1; � � � ; xnc ] andZ tr

c = [ z1; � � � ; znc ].

For each imagexk 2 X c
tr there is a local graphGk (Section 3.1.2) with� k + 1 nodes where the

node with the last index isxk itself. Letzk be the ground truth label ofxk andY k = [ y1 � � � y l ] be the

transpose matrix of ground truth labels (i.e.,[z1 � � � zk ]T ) for all the other� k images (nodes) in the local

graph appended with a0 row vector representing labels forxk itself. Note thaty i is a column vector of

dimension(� k + 1) � 1. The last row is appended for compatibility in matrix multiplication.

Let � = [ t1; � � � ; tm ]T be the set ofm normalized diffusion scale parameters used for de�ning the

diffusion kernels:Hk (t1); � � � ; Hk (tm ) (Section 3.1.4.1). Here eachHk (t i ) is a(� k + 1) � (� k + 1)

dimensional matrix. Lete = [0 ; � � � ; 0; 1] be a(� k + 1) � 1 dimensional vector, thenhi
k = eT Hk (t i )

represents the last row of the (symmetric) diffusion kernel matrix.

It is important to note that since the training imagexk is kept at the last position in the index order in

graphGk , only the last row ofHk (t i ) (i.e.,hi
k ) is suf�cient to perform label diffusion (at scalet i ) from

all other images (nodes) in the graph.

Since we know the ground truth labels for imagexk , and if we take� c
j to represent the diffusion

contributions of the diffusion kernelshi
k8i 2 f 1; � � � ; mg for j th label in thecth cluster, we can obtain

an MKL formulation as a minimization criterion:

min
� c

ncX

k=1

jj � k � c � zk jj2; (3.4)
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where,

� j
c = [ � j 1

c ; � j 2
c ; ::� jm

c ](1� m) (3.5)

� c = [ � 1
c ; � 2

c ; ::� l
c]

T
(lm � 1) (3.6)

� k =

2

6
6
6
6
6
6
6
4

(M ky1)T

...

(M ky r )T

...

(M ky l )T

3

7
7
7
7
7
7
7
5

(l � lm )

(3.7)

and

M k = [ h1
k

T
; h2

k
T

; : : : ; hm
k

T ]T(m� (� k +1)) : (3.8)

By combining Eq. 3.4, 3.6, 3.7 with simple algebraic manipulations, we can write the simpli�ed MKL

formulation as:

min
� c

jj �̂ c� c � Z cjj2; (3.9)

where,

�̂ c = [ � T
1 ; � � � ; � T

nc
]T (3.10)

is a(ncl � lm) matrix and

Z c = [ zT
1 ; � � � ; zT

nc
]T (3.11)

is a(ncl � 1) vector.

The minimization of proposed MKL formulation Eq. 3.9 can be achieved by �nding the optimal value

of parameter� c in a closed form manner as:

� c = ( �̂ T
c �̂ c + �I ) � 1�̂ T

c Z c; (3.12)

It is important to note that thê� c is a very sparse and low rank matrix. This sparse structure can be useful

in ef�ciently computing its singular value decomposition and hence the pseudoinverse of the�̂ c which is

relatively inexpensive as KCCA or hypergraph Laplacian eigenvector-decomposition.

Since our method solves MKL at cluster level in a closed form manner, it is scalable to large data.

3.1.6 Label Diffusion & Prediction

For a test imagexq , F (xq) is used to �nds nearest LLD neighborhood-types represented asP =

[p1; � � � ; ps]. The associated pre-learned MKL parameters[� 1; � � � ; � s] for the selected clusters are used

for independent diffusion over the local graphGq onxq. This is achieved by �rst computing the respective
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Table 3.1: Dataset details: Row 2-4 contain basic dataset information, Row 5-6 denote the statics in the
order- median, mean and max.

Dataset Information PascalVOC-2007 [26] MIRFlickr-25k [41]

Total Number of Images 9963 25000
Vocabulary Size 20 38
Train/Test Split 5011/4092 12500/12500 [92]
Labels/Images 1, 1.51, 6 5, 4.7, 17
Images/Labels 257.5, 379.2, 2050 995.5, 1560, 5216

� q matrix sized (l � lm) and then multiplying it with the pre-learned parameter vector� c sized (lm � 1).

Finally, we take an average of these diffused values. Label diffusion is performed as:

zdiffused
q =

1
s

sX

c=1

� q� c (3.13)

wherezdiffused
q is the (l � 1) vector of the diffused labels. Finally, a �xed set ofr labels is predicted for

xq by choosing labels corresponding to topr values inzdiffused
q .

Explicitly diffusing labels at multiple normalized scales handles the prevalent class imbalance. We

also emphasize the idea of diffusion as a method of indirect in�uence. While a neighbor may not be

connected to the query image but it could still in�uence the query image through other nodes(images) via

diffusion.

3.2 Datasets

We describe the datasets used in this chapter in the following subsections. Table 3.1 summarizes basis

information on these datasets.

3.2.1 PascalVOC-2007

PASCAL Visual Object Classes (VOC) challenge [26] datasets are widely used as the benchmark

for multi-label classi�cation and detection. In this work we use this dataset for the task of multi-label

classi�cation. The VOC 2007 dataset contains9963images. We follow the train/test split from [98]

and obtain5011training images and4952test images. VOC consists of20semantic concepts which are

plane, bike, bird, boat, bottle, bus, car, cat, chair , table, cow, dog, horse, motor , person, plant ,

sheep, sofa, train andtv.
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3.2.2 MIRFlickr-25k

This dataset contains images downloaded from Flickr and was introduced in [41] for evaluating

keyword-based image retrieval. It consists of25000images and we follow an equal split of train and

test (12500images each) as used in [92]. Metadata, GPS and EXIF information are also provided in the

dataset but we do not use any of these in our method.

The dataset is annotated with38 semantic concepts. These38 tags are labeled into two parts: user

tags (a set of20 labels) which are labeled based on a “wide sense” of the word and expert tags (a set

of 18 tags, repeated from20 tags) which are labeled based on “narrow sense” of the word. An example

for “wide sense” is labeling an image ascar when the snapshot seems to be taken from a car, while the

snapshot itself doesn't contain a car. The user tags are noisy, weak and overly personalized but are present

in abundance at an average of8:94 tags per image. The expert tags are accurate but are scarce, tagged

at an average of2:78 per image. The tags areanimals , baby, babyr 1, bird, bird r 1, car, car r 1,

clouds, clouds r 1, dog, dog r 1, female , female r 1, f lower , f lower r 1, food, indoor , lake, male,

male r 1, night , night r 1, people, peopler 1, plant , portrait , portrait r 1, river , river r 1, sea,

sea r 1, sky, structure , sunset, transport , tree, tree r 1 andwater . Note that the suf�xr 1 denotes

expert labels. Additionally we also observe that419 images in the dataset do not have any of the38

semantic label annotations

3.3 Experiments & Results

3.3.1 Features and Evaluation Method

Deep-learning based features have proven to be effective in image representation [73, 96] and hence

we use outputs fromfc7-layerof VGG16 network (pretrained on ImageNet) [86] to represent an image.

We pre-compute these features to avoid re-computations for ablation studies or parameter changes.

To analyze the annotation performance, we consider precision, recall, F1-score, average precision

(AP ) and mean average precision (mAP ). We predict a �xed number ofr labels per image which is

set to be the mean number of labels per image in the dataset. Let a labelwi be present inm1 images

as ground-truth and is predicted form2 images wherem3 of them are correct. The precision forwi

is m3=m2 and recall ism3=m1. Mean precision (P) and recall (R) is the precision and recall values

averaged over all the labels.F 1 measure is the harmonic mean ofP andR. We also reportAP and

mAP by evaluating ranking of all the images.

3.3.2 Experiments

We setk = 6 in kNN graph construction in section 3.1.2 and number of normalized diffusion scale

parameters(m) as100. Additionally we sets = 3 for PascalVOC-2007 ands = 5 for MIRFlickr-25K.
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Table 3.2: Comparison of popular methods on different evaluation metrics for MIRFlickr-25k Dataset for
r = 5

Method P@r R@r F 1@r mAP

SVM [92] - - - 52.3
TagRel [57] 41.5 72.1 52.7 68.9
TagProp [65] 45.5 70.1 55.2 70.8
2PKNN [96] 46.4 70.9 56.1 66.5
SVM [94] 38.8 72.4 50.5 72.7
HHD [73] - - - 75.0

Our Method 51.0 59.9 55.1 66.3

We observed that the performance variation due to change inm from 32 to 100was meager amounting

to less than1%.

In the diffusion scale normalization( Section 3.1.4.1),� is chosen asm equally spaced values between

0:001 to 1:0 (correspondingt will vary from large to small scales of diffusion) and the index of the

eigenvalue is chosen as the closest integer value greater than0:2 � j V j. This ensures that a wide variety

of scales are used in diffusion.

We �nd the values for the rest of the hyper-parameters via cross-validation by dividing the train

dataset into two parts (5 : 1 ratio, treating the smaller part as validation set) while maximizingF 1. The

best performing parameters on validation set were used to evaluate performance on the test data. For�

and� we explore from the following setf 5; 12; 20; 28g to �nd the best performing values. We also vary

the number of cluster centers in LLD (c) and the number of clusters in image-feature space clustering (g).

The best performing values for MIRFlickr-25k were found to be� = 5 , � = 12, c = 100 andg = 30 and

for PascalVOC-2007 were found to be� = 5 , � = 20, c = 45 andg = 20.

3.3.3 Results and Discussions

Table 3.2 shows the performance comparison of the proposed method with existing methods that uses

VGG16 features. The obvious understanding one can make here is that there is non-agreement between

F1 and mAP measures. The mAP considers the global ranking of all images corresponding to each label

instead of just considering topr labels for computation of average precision.

We can see that our method performs very close to the state of the art 2PKNN method and also has

similar mAP. This small disparity in performance can be attributed to the fact that our method does not

consider KCCA and metric learning type of fully global operations.

Figure 3.3 shows the distribution of both ground-truth and predicted label frequency in test images

on two datasets. For MIRFlickr-25k, a large section of predicted label frequency curve (including low

and high frequency labels) closely overlaps with that of ground truth. However, the medium frequency

labels (in the middle) are over-predicted at the cost of suppression of few frequent occurring labels (right
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Table 3.3: Label speci�c (Average Precision in %) for all labels, mAP, P@r , R@r and F1@r with r = 2
on PascalVOC-2007 dataset.

CNN-RNN [98] Our Method

plane 96.7 92.8
bike 83.1 84.7
bird 94.2 91.3
boat 92.8 81.7

bottle 61.2 41.3
bus 82.1 83.9
car 89.1 89.0
cat 94.2 86.3

chair 64.2 55.7
table 70.0 68.4

CNN-RNN [98] Our Method

cow 83.6 71.9
dog 92.4 86.7

horse 91.7 89.4
motor 84.2 82.7
person 93.7 91.8
plant 59.8 54.0
sheep 93.2 75.1
sofa 75.3 57.1
train 99.7 92.6
tv 78.6 66.9

CNN-RNN [98] Our Method

P@r - 53.8
R@r - 77.7
F1@r - 63.6
mAP 84.0 77.2

Figure 3.3: Distribution of label frequency in MIRFlickr-25k and PascalVOC-2007 test images.
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tail). This is prevalent due to the nature of our approach, but we accept this as a trade-off in order to

address the issue of class imbalance by accurately predicting lower frequency labels in images. In case of

PascalVOC-2007, we observe our curve running parallel to the one of ground truth but with a shift of a

few units. This shift is due to the difference that on an average only1:5 labels are associated with image

in the ground truth annotation but we predict2 labels per image.

Table 3.3 reports the label speci�c AP and mAP results along with P, R and F1 measure atr = 2 for

PascalVOC-2007 dataset. Except a few categories likebike; bus, the performance of our method is below

the state of the art but performs decently with respect to the state of the art Deep Learning based methods

in [98] terms of mAP measure. The F1 measure is63:6 which we believe is good. However, we were

unable to �nd any other existing paper reported F1 measure on this dataset. Hence we could not compare

our performance with [98] in terms of F1 measure, which we believe is more relevant to the task at hand.

Figure 3.4 shows the qualitative results on a few examples from the MIRFlickr-25k dataset. Labels

in red-color denote tags which are not present in the ground-truth of the image but are semantically

meaningful. This indicates towards the incomplete-labeling in the dataset. Row1 depicts images which

consists of frequent labels in the ground-truth(male, people) while Row2 consists of images with no

ground-truth and Row3 contains images with rare labels (baby, portrait ) in the ground-truth. From

Row1 and Row3 we observe that our method performs well on the frequent and rare labels. We also

observe that for images with no ground-truth (Row2) the predictions are semantically relevant to the

image-content. As mentioned in Section 3.2.2 we know that tags with suf�xr 1 are clean and belong

to expert labels. From the qualitative results we observe that our model has correctly predicted these

expert tags. Similarly noisy tags and incorrect tags(as in Row2) may also result in poor quantitative

performance.

Figure 3.5 shows qualitative results on a few examples from the PascalVOC-2007 dataset. Row

1 depicts images consisting of frequent labels in the ground-truth(person, car) while Row2 depicts

images consisting of rare labels in the ground-truth(boat, cow). We observe that our model performs

decently on rare labels.
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Figure 3.4: Qualitative results for label prediction on MIRFlickr-25k dataset. Row1: images with
frequent labels(male, people); Row2: images with no ground truth label given; Row3: images with
rare labels(baby, potrait ). Green: Labels present in ground-truth and our model's predictions (true
positives) , Blue: Incorrect predictions by the model and Red: Labels are not present in ground truth but
are semantically meaningful. Red and blue labels combined form False Positives

.
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Figure 3.5: Qualitative results for label prediction on PascalVOC-2007 dataset. Row1: images with
frequent labels(person, car); Row2: images with rare labels(boat, cow). Green: Labels present in
ground-truth and our model's predictions (true positives) , Blue: Incorrect predictions by the model
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Chapter 4

Image Annotations with Graph Deep Learning

In the recent era of deep learning, image annotation models have focused on three modalities:

� Image Representation: Regular grid CNNs have shown tremendous progress in various tasks

such as image segmentation, single label annotation and it has been shown that these features

can be used off-the shelf. This stage is thus focused on �nding the best representation for an

image. Usually pre-trained VGG/Resnet features are utilized in this stage for annotation tasks as

these models are trained for (single-label) annotation tasks. Recent works have also focused on

�ne-tuning this stage to make the model end-to-end and to improve on metrics.

� Label Modelling: This step involves modelling the interdependence and patterns between the

labels. Labels or words are highly correlated but these relations are non-trivial and needs to be

modelled. Biases may arise due to the data annotation techniques as well as due to the underlying

data distribution(eg. set of natural images will have bias towards labels like trees, mountains, seas)

� Joint Space and Prediction: This stage focuses on bringing the representation from the �rst two

stages together for prediction. An effective way of combining the two modalities may result in better

understanding and result in improved performance, for eg. [62] showed generic improvements on

CNN-RNN models.

Our focus in Chapter 3 was bringing the best of global and local methods in the domain of image

annotation. In this work we continue to do so while moving to the realm of graph deep learning. Since

graph deep networks used independently aren't at par with traditional deep learning approaches (such

as VGG, ResNet) even on toy datasets like MNIST, we only model label dependence/co-relations with

them. In deep learning methods, each sample is treated separately both in training and testing phases.

This property categorizes deep learning methods([99, 62]) under local methods. However, our proposed

approach requires all of training data to populate an adjacency graph which is the core of graph deep

learning methods. Hence our approach tries to utilize the best of global and local approaches. Speci�cally,

we model label co-relations and intrinsically capture the diffusion of information through them via the

use of graph convolutions. We also investigate weather graph convolution network (as formulated by

[21]) can be extended to improve the performance in image annotation task.
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As discussed in Section 2.3 a plethora of methods have surfaced in graph deep learning. Initial

works in the domain of graph networks de�ne convolution [13] and LSTM operators [58] on graphs.

These methods have tried to utilize node linkage information, Fourier domain in graphs etc and shown

promising performance in different tasks of graph based data. Recently, other deep leaning networks such

as attention networks, auto-encoders, generative networks [11, 93, 76] etc have also been de�ned/extended

in the domain of graphs. Our focus in this works remains exclusively in the domain of graph convolution

networks. Furthermore, graph convolutions can be de�ned via a spectral approach [13, 21, 48, 56] or

a spatial approach [30, 75, 22, 16]. Since our previous work on image-annotation in Chapter 3 uses

spectral formulation, we use graph convolution networks de�ned in the spectral domain.

4.0.1 Our Contributions

� We propose a graph signal based deep-learning solution for the problem of multi-label classi�cation

� Through experimentation of our architecture, we explore the effects of graph formation and the

input signals on the performance.

4.1 Background

In this section we discuss the formulation from [21] which is used in this chapter and is a continuation

of subsection 2.3.2. Equation 2.11 being a non-parametric �lter suffers from (i) non-localized in space

(ii) learning capacity isO(n)(dimensionality of data). These are resolved by de�ning a polynomial �lter:

ĥ� (� ) =
K � 1X

k=0

� k � k (4.1)

where� 2 R k is a vector of polynomial coef�cients. [37] shows that this polynomial parametrization

makes the �lter K-localized and also reduces the learning complexity of the �lter toO(K ) (support size

of �lter).

Since the cost of matrix multiplication onU ĥ� (� )U > is O(n2), the polynomial parametrization of

Equation 4.1 needs to replicated toĥ� (L ). [37] shows that one way of achieving this can be by formulating

a recursive solution(fromL ) for the polynomial parametrization. This is knows as Chebyshev expansion

and is given by:

y = ĥ� (L )s =
K � 1X

k=0

� kTk ( ~L )s (4.2)

Here� 2 R k is a vector of Chebyshev polynomials, andTk (~(L ) 2 R n� n ) is the Chebyshev polynomial

of order k evaluated at the scaled LaplacianL = 2L =� max � I (I is identity matrix and� max is the

maximum eigenvalue). Denoting�sk = Tk ( ~L x 2 R n , we can use the recurrence relation to compute

�sk = 2 ~Ls k� 1 � �sk� 2 with s0 = s ands1 = ~Ls The entire �ltering operation then becomes:

y = ĥ� (L )s = [ s0; : : : ; sK � 1]� (4.3)
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The entire cost of operations for this parametrization then becomesO(K jE j).

The �nal output feature map for a samplet is given by:

y t;j =
F inX

i =1

ĥ� i;j (L )st;i 2 R n (4.4)

where thest;i are the input feature maps,y t;j is thej th output feature map and theFin � Fout vectors of

Chebyshev coef�cients� i;j 2 R k are the layers trainable parameter. We utilize Equation 4.4 to de�ne

convolution �lter operation, henceforth in this chapter.

4.2 Proposed Approach

In this work, as mentioned before, we focus on �nding an alternative approach to label modelling

i.e. to model the label co-occurrence and dependency patterns. Recent works have approached this by

modelling labels as a sequence of words [98, 62] or by using graph based models [66] for propagating

labels in a controlled way. Motivated by the recent developments in the graph deep learning, we focus

on �nding an alternative to [66]. Our proposed approach is depicted in Figure 4.1. Similar to the recent

annotation models our models also utilizes the three modalities. Now, we describe them in detail:

4.2.1 Label Modelling

Our label model is graph based i.e. each node on the graph represents a label and the edges capture the

interrelations between them. Instead of explicitly expanding nodes as in [66], we focus on intrinsically

capturing the �ow of signals between different nodes of the graph by utilizing the spectral graph

convolution formulation of [21]. For our purposes, we require two inputs (i) a knowledge graph(for

de�ning L ) which remains static for all the samples enabling a single eigen-decomposition of the laplacian

matrix and hence a constant graph Fourier basis. (ii) a graph signal which changes for each input signal.

We now describe these inputs in detail:

4.2.1.1 Knowledge Graph

In most graph based applications, the knowledge graph (or adjacency matrix) is pre-de�ned, which,

however, is not provided in any standard multi-label image recognition datasets. Capturing patterns of

label dependence and co-occurrence in labels could be achieved by quantifying pairwise relation between

them. Since edges on the graph captures pairwise relationship, we use it to capture the label relations.

We use different sources of information to construct our knowledge graph. To de�ne a graph we

need to de�ne the nodes and edges(with weights). Our main idea to de�ne edge weights is to count

co-occurrence among labels. Using the train split of the dataset we count co-occurrences between each set

of pairwise labels, and then discard all edges below a certain threshold. In particular we use2 strategies

to weigh edges and de�ne nodes in the knowledge graph:

31



� MSCOCO Graph: The node set in this graph consist of all the labels in the MSCOCO dataset

ie. 80 nodes. We use the trains set of MSCOCO dataset to de�ne the edge weights. We set the

pairwise occurrence threshold to400, below which all edges are discarded.

� VGML enhanced graphs: We use Visual Genome[46] as an external source for our knowledge

graph. It consists of100; 000 natural images which is annotated as objects, attributes and the

relationships between them. We follow [66] to obtain316labels which forms the nodes of the

graph. These316labels consists of MSCOCO labels,200most frequently occurring objects100

most frequently occurring attributes in Visual Genome (MSCOCO labels overlap with objects from

Visual Genome). We count the object-object and object-attribute pairwise occurrences and prune

edges having fewer than200instances. This knowledge graph is an external source of information

hence the model with this graph remains as a local approach in image annotations.

Figure 4.1: Proposed approach: Given an input image, its representation is computed by passing it
through VGG16(fc7 layer) network with pretrained weights. On other hand Faster-RCNN detections
are passed as input signals to graph which undergoes through2 stages of graph convolution and pooling
layers(as de�ned in [21]. Later both the above representations are concatenated and passed through a
fully connected neural net before �nal prediction. Note that colors denote activated(non-zero) signals
and the width of the edges denote different edge-weights. Notice that one of node is is inactive after1st

convolution layer. This depicts that the diffusion of the signals is limited in the framework due to the
choice of the parameter K(=2 here) in Equation 4.3 (Best seen in color)

We ensure that our graph is connected, so that the signals may diffuse to all nodes/labels. This ensures

that any two nodes which do not have an edge between them may still in�uence one-another by the

virtue of a path between them. In our initial experiments, we enhanced the edge weight by using cosine

similarity between vector representations of labels, but the resulting performance was poorer.
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4.2.1.2 Graph Signals

During training and testing, we need to provide a signal(x 2 Rn ) to each graph-node. We determine

the value on these signals based on likelihood of the concept being present in the image as determined by

an object detector or a classi�er. For our experiments, we use Faster R-CNN(FRCN) [77] for each of the

80 MSCOCO categories. Instead of passing FRCN likelihood for all80 categories, we binarize these

values above a certain threshold. Unless otherwise speci�ed we set the this threshold at0:5.

4.2.2 Image Representation

Following the trends of recent works of [62, 98] we use VGG(fc 7 layer) to extract image representa-

tion. This choice of network also help us in a direct comparisons of the models. We chose not to �ne-tune

this part of the network as we focus on capturing the label dependencies for the graph convolution

networks.

4.2.3 Joint Space

Instead of learning a joint space to project the representations from the above stage, we chose to learn

a network to combine the signal representation and the image representation. Following the work of [66]

we concatenate the representation of both the previous modalities and pass it through a fully-connected

network. Introducing a fully-connected block allows the whole model to be fully-differentiable. For the

prediction we chose top-r labels with highest scores. The value ofr is set as the mean labels per image in

the dataset(rounded off to the closest integer). In case of MSCOCO we setr as3.

4.2.4 Network Architecture

Here, we provide detail about the Graph Convolutional Layers and Fully Connected Block as shown

in Figure 4.1. We stack2 layers of graph-convolution, each followed by a pooling layer (as de�ned in

[21]) and an activation function (leaving the last layer). Similarly for Fully connected block we chose

1 or 2 hidden-layers before the �nal prediction. Each such hidden layer in followed by an activation

function.

4.2.5 Training and Network Parameters

Although our model is end-to-end trainable we train it in a greedy manner (�xing the weights for the

detector network- FRCN and for image representations-VGG). We set an initial learning rate of1e � 4

while using an Adam optimizer, weight regularization of5e � 4 for all parameters of graph convolution

layers, batch-size of16, and trained all our models till convergence (which turned out around20epochs

for most experiments). We set K=2 (Equation 4.4), number of �lters( Equation 4.4) as16, 32respectively

in graph convolution layers and the pooling scale1 (i.e after each graph convolution block all the nodes
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are retained). Relu was utilized as the activation function in Graph Convolution layers and in fully

connected block. We use binary cross entropy loss to train our network.

4.3 Dataset

4.3.1 MSCOCO

2Microsoft COCO (MSCOCO) dataset [60] is an image-recognition, segmentation, and captioning

dataset. It contains123; 287images pertaining to11 super-categories which are further hierarchically

divided into80 objects categories. The images are predivided into two sets: training set and testing

set.82; 783images are utilized as training set images while40; 504images are employed as testing set

images(Furthermore,40; 775images are hidden are used for the online leader-board for detection and

captioning tasks. To obtain labels we utilize the object annotations. On average each image is labeled

with 2:9 tags and hence this forms a suitable dataset form multi-label image annotation.

The labelling of the MS-COCO dataset is done in three stages: (i) Super-Category labelling: In this

stage the annotators were asked to verify if a speci�c super-category was present in the image. (ii)

Instance spotting: Here, annotators were asked to manually mark(a cross symbol) and annotate the object

category for each instance(found in the previous stage). (iii) Instance Segmentation: Here, annotators

were asked to segment an object instance as detected in the previous stage. The labelling process was

also supported by a veri�cation stage where annotators discarded poorly segmented images and the

annotation task was repeated for these images. This ensured good quality labelling i.e. the dataset

was void of incomplete labelling(un-labelled objects) and wrong labels. An interesting property of

the MS-COCO dataset is that most images in this dataset contain multiple objects, and these objects

usually have strong co-occurrence dependencies. For example, baseball glove and sport ball have high

co-occurrence probability, while zebra and cat never appear together.

The11super-categories are: Animal, vehicle, outdoor-objects, sports, kitchenware, food, furniture,

appliances, electronics, indoor-objects and person & accessory. The80 object categories are: person,

chair, banana, handbag, skis, skateboard, bicycle. couch, microwave, umbrella, teddy-bear, hot-dog,

snowboard, car, sink, toilet, apple, scissors, tie, potted-plant, motorcycle, tv, oven , book, keyboard, truck,

�re-hydrant, stop-sign, sports-ball, bird, cow, toaster, boat, backpack, traf�c-light, bowl, refrigerator,

surfboard, broccoli, donuts, cat, airplane, bus, pizza, sandwich, suitcase, vase, dog, train, cellphone,

wine glass, cup,tennis-racket, basket-ball, fork, carrot, cake, basketball-glove, kite, knife, mouse, horse,

sheep, bed, dinning table, remote,zebra, hairdryer, spoon, Frisbee, orange, parking-meter, giraffe, bottle,

elephant, laptop, clock, bear, toothbrush and bench.
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4.4 Experiments

We conduct a few experiments to test various network architectures and parameters in the graph

convolution block. Through these experimentation we try to check for the robustness of the graph

convolution formulation. Apart from this we also compare our best results with other comparable

methods. We now provide the evaluation metrics and the baseline used in this work:

4.4.1 Evaluation Metrics

We report Precision(P), Recall(R), F1 measure(F1) and mean Average Precision(mAP) for all our

experiments. For a detailed explanation about the metrics, refer Section 3.3.1 and for detailed discussions

about metric behaviour/comparisons refer Section 3.3.3.

4.4.2 Baselines

Similar to [66] we de�ne a baseline devoid of label modeling. Speci�cally, we concatenate VGG16

representation with FRCN detections and pass it through the2 layers(1024and512 neurons in the

hidden layers respectively) of fully connected block before �nal predictions. We refer to this baseline as

VGG+Det in further sections.

4.5 Results and Discussions

4.5.1 Quantitative Evaluation

4.5.1.1 Knowledge Graphs and Input Signals

Table 4.1: Ablation Study: Performance variation due to different knowledge graph and graph signal in
our model. In row-5, the graph input signal isnot binarized after thresholding.

Method FRCN threshold Knowledge Graph P R F1 mAP

VGG+Det(baseline) - - 23.71 42.33 30.36 73.93

Ours

0.9(binary) VGML-enhanced 36.35 60.7 45.47 74.0
0.5(binary) VGML-enhanced 37.23 62.57 46.68 74.2
0.9(binary) MSCOCO-graph 40.2 68.49 50.66 74.5

0.5(non-binary) MSCOCO-graph 41.15 67.61 51.16 75.7
Ours(best) 0.5(binary) MSCOCO-graph 43.59 72.41 54.41 76.5

Table 4.1 shows results of ablation study due to different knowledge graphs and graph signals. We

make the following observations:
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� We observe that MSCOCO graph works better than the VGML-enhanced graph consistently over

all the metrics(Row-2 vs Row-4 and Row3 vs Row6). This veri�es our ideology that a combination

of global and local approaches is better than purely local or global approach. It may be possible

to design a generic-graph which is devoid of its dependency on the used data but doing so may

require manual enhancements.

� For graph input signals, higher threshold in FasterRCNN detections degrades the performance for

both VGML-enhanced and MSCOCO graphs(Row-2 vs Row-3 vs Row4 vs Row-6). With higher

thresholds fewer nodes have non-zero values(in graph signals) which may lead to incomplete

diffusion.

� We also observe that the performance from non-binarized input signals (for graphs) is poorer then

binarized signal(Row-5 vs Row-6).

We hypothesize from the above observations that graph based deep learning approaches are susceptible

to underlying knowledge graphs (or adjacency matrices).

4.5.1.2 Comparison with other methods

Table 4.2: Comparison of popular methods on different evaluation metrics for MSCOCO dataset

Method P R F1 mAP

CNN-RNN [98] 69.2 66.4 67.8 61.2
S-CNN-RNN [62] 77.41 73.05 75.16 -
GSNN-VGG [66] - - - 77.57

VGG+Det(baseline) 23.71 42.33 30.36 73.93
Ours 43.59 72.41 54.41 76.5

Table 4.2 provide a comparison of different popular label-modelling methods from the literature. Row

1; 2 consists of methods that uses RNNs to model labels, whereas Row3 uses graph LSTM networks

to model labels. Our observation in Section 3.3.3 still remains valid: “the obvious understanding one

can make here is that there is non-agreement between F1 and mAP measures”. While comparing with

[98, 62],we observe that our method is far behind in precision and F1 but is far better in mAP and

performs equivalent in recall. We also observe that the our method outperforms the baseline on all the

metrics. While comparing with [66] we observed similar performance in the mAP scores1.

One of the potential reasons as to why our precision, recall and F1-scores are effected might be due to

a �xed number of prediction per sample(3 in the case of MSCOCO) which increases the tags belonging

false positives and false negatives. Models utilizing RNN and graph LSTMS can predict a variable

number of samples and hence have fewer tags missing.
1At the time this work was done, authors of [66] did not release the code and were unresponsive on mail
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4.5.2 Qualitative Results

Figure 4.2 shows the qualitative results on a4 randomly selected samples from the MSCOCO dataset.

The model misses on some of the obvious tags such asscissors andbottle in bottom-right andkite in

bottom-left. This may also be possible as our model is �xed to predict3 tags per sample. Detecting a few

tags might be tricky(as the tags are barely visible) as is the case withcar in top-right.

Figure 4.2: Qualitative results for label prediction on MSCOCO dataset.4 randomly selected samples
and their predictions and ground truth labels(color coded). Green: Labels present in ground-truth and
our model's predictions (true positives), Blue: Incorrect predictions by the model (false positives). Red:
Missed Predictions (false negatives) (Best seen in color)
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Chapter 5

View Invariant Trajectory Mapping for Autonomous Driving

We take videos or image sequences as the input to perform the recognition task. The temporal infor-

mation present inherently in such ordered image sequences leverages neighborhood information between

frames, establishing relationships among objects in the scene. This also helps to mitigate the problem of

perceptual aliasing to some extent, a problem that often plagues image-based recognition/relocalization

approaches.

We propose a novel stacked deep network ensemble architecture that combines state-of-the-art

CNN, Bidirectional LSTM and Siamese style distance function learning for the task of view-invariant

intersection recognition in videos. While the CNN component of the ensemble primarily deals with

image-level feature representation, the bidirectional LSTM is the key recurrent network component that

enables learning of temporal evolution of visual features in videos followed by the Siamese network-based

distance metric learning for comparing two input video streams. Our proposed network is conceptualized

in Figure 5.1.

5.0.1 Contributions

In this published paper we contributed in the following ways:

1. Firstly, we propose a novel and pertinent problem of recognizing intersections when approached

from highly disparate viewpoints

2. We propose an original deep network ensemble. The proposed architecture can handle videos of

varying length and compare videos capturing reverse trajectories. This kind of Siamese network

with recurrent LSTM component has been largely unexplored in the video domain. Furthermore,

we use the hidden state of LSTM cells, instead of the traditionally used output state, for video

representation, which has largely been unexplored too.

3. We showcase the ef�cacy of the proposed architecture through competitive results on challenging

sequences while showing decent improvements from the image based baselines. We collect and

annotate synthetic yet highly realistic data from the GTA [2] gaming platform and actual real world

data of Mapillary [4] for this purpose.
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To the best of our knowledge, this is the �rst attempt in this direction using the ensemble of state-of-the-art

CNN, bidirectional LSTM and Siamese network architecture for recognizing intersection in input video

pairs.

Figure 5.1: Proposed model is shown with video pairs as input and binary-classi�cation as the output.
Features from pretrained CNN network are fed into bidirectional LSTM with shared-weights as shown
with hidden units in green (unfolded in time).

5.1 Proposed Approach

In order to achieve view-invariant intersection recognition from video sequences, our overall approach

follows the recent successes of deep network models in learning useful representations of visual data

[9]. Our overall strategy comprises of three speci�c sub-objectives: (i) capture representations of

individual video frames that can help identify the intersection in a view-invariant manner; (ii) leverage the

temporal correlations between video frames to better capture the unique identity of an intersection across

different views; and (iii) use an appropriate distance metric to compare the thus learned spatiotemporal

representations of intersection video sequences. We use a stacked deep network ensemble architecture to

realize the above strategy.

Our stacked ensemble consists of a state-of-the-art Convolutional Neural Network (CNN) to learn

video frame representations, a Bidirectional Long Short-Term Memory (LSTM) Network (a variant

of Recurrent Neural Networks, that addresses the vanishing gradient problem) that captures temporal

correlations across video frames, and a Siamese Network that learns a suitable distance metric that can

uniquely identify an intersection from these video sequences across views. Figure 5.1 summarizes the

proposed ensemble strategy.
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5.1.1 Convolutional Neural Networks (CNNs)

CNN based models have shown tremendous success in a variety of tasks like [50], [7], etc. and it

has been shown that representations learned by the CNN can be used as off-the-shelf features for other

tasks [83], [89].

From a plethora of CNN pretrained models, we choose the model most relevant to our tasks which

provide invariance in lighting and pose. In particular, we employ AmosNet [17] as our CNN architecture.

AmosNet is a variation of CaffeNet [50] trained for Visual Places Recognition under varying weather

conditions. We use pooled outputs from last convolution layer of AmosNet as the CNN features.

5.1.2 Bidirectional LSTM

Long Short-Term Memory Network (LSTM) [39], is a variant of Recurrent Neural Network (RNN)

with the ability to capture long-term dependencies [47]. It has a hidden representation which is updated

at each time step, and also consists of a memory state which holds the relevant information at each time

step. The information entering and exiting out of cell states is controlled by gating mechanisms (sigmoid,

andtanh functions).

Bidirectional LSTMs [82] incorporate future and past context by running the inverse of the input

through a separate LSTM. The proposed model employed Bidirectional LSTMs capture the temporal

correlations between video frames. This enables our model to identify the intersection uniquely whether

a vehicle approaches it in the forward or opposite direction. Instead of using averaged/fused output of

unfolded LSTM units or output from last unit we use the hidden-representation from the last unfolded

time step as a feature vector for the videos as shown in Figure 5.1.

5.1.3 Siamese Network

The third component of our deep network ensemble is a Siamese network, which is used to learn

data-driven distance metrics. A Siamese Network [103] consists of two independent networks with same

architecture and shared weights. Both these networks are merged to learn a distance metric,d, between

the two inputs provided to the respective networks.

During training, Siamese networks work on triplets (x1, x2, y) wherey is the ground truth similarity

betweenx1 andx2, i.e.,y = 1 if the videos denote the same intersection, elsey = 0 . The networks'

weights are then updated by minimizing the loss function described below.

Contrastive Loss: The total loss function over a datasetX = f (x i
1; x i

2; yi ); 8i = 1 ; � � � ; ng is given

by:

L W (X ) =
nX

i =1

L i
W (( � (x i

1); � (x i
2)) ; yi ) (5.1)
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whereW are the weights/parameters of the network,� (x) denotes the output of the last layer of the

shared network architecture for each individual inputx, andL i
W is

L i
W = yi L pos(� (x i

1); � (x i
2)) + (1 � yi )L neg(� (x i

1); � (x i
2)) (5.2)

where

L pos(� (x i
1); � (x i

2)) = d(� (x1); � (x2))2 (5.3)

L neg(� (x i
1); � (x i

2)) = max (1 � d(� (x1); � (x2)) ; 0)2 (5.4)

At test time, the learned distance function is used to predict the similarity in the videos using the

expression in Eq. 5.5.

ŷ =

(
0 : d(� (x1); � (x2)) > �

1 : d(� (x1); � (x2)) � �
(5.5)

We set the value of� to be0:5 in our experiments. Since the number of possible negative pairs can be

very high as compared to positive pairs, we scale the loss function for each positive by a constant factor

(> 1), given by the ratio of negative pairs to positive pairs in the dataset.

5.1.4 Training and Network Parameters

Although our model can be trained in an end to end manner we train it in a greedy way due to

negligible effect on performance as compared to end-to-end training. We use pretrained weights from

previous state-of-the-art CNN models which provide a meaningful weight-initialization to our model and

reduces training time. We use the contrastive loss described in Eq. 5.1 to train the Bidirectional LSTM,

as shown in Figure 5.1. The proposed model is trained using the ADAM optimizer which is a variant of

Stochastic Gradient Descent (SGD).

In our initial experiments, we varied the number of Bidirectional LSTM-layers (upto3), but the

performance gain was negligible. Similarly, we experimented with different values for hidden-unit

dimensions in the LSTM cell. Empirical results found250to be the best performing after which the

performance saturates. Thus, we �x the number of Bidirectional layer to one and hidden layer dimension

to be250in all further experiments.

5.2 Experiments & Results

In this section, we �rst de�ne the baselines used for comparison with our proposed method. Next, we

proceed to provide description about synthetically generated and real datasets for various experiments.

Subsequently we describe the various experimental scenarios which is followed by the explanation of the

quantitative and qualitative results.
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5.2.1 Baselines / Evaluation Settings

In this subsection, we discuss two different baselines for comparisons with our proposed method.

Siamese-CNN:We de�ne a deep learning approach void of extrinsic temporal modeling using Siamese

Network on CNN. Prior work on Siamese-CNN have included application for face-veri�cation [91], one

shot recognition [49] etc. First, we train a Siamese-CNN using positive and negative pairs of images

depicting same and different intersections respectively. Then, given two videos (x1, x2) comprising ofn

andm frames respectively, we use learned Siamese-CNN for prediction (using Eq. 5.5) for all possible

frame comparisons (nm scores) and combine these predictions into a single score by computing their

sum. We then learn a threshold maximizing the accuracy. During testing we then use this threshold in

Eq. 5.5 to predict similarity in videos. For fair comparison the Siamese-CNN is initialized with same

pretrained weights.

X-View: For the purpose of comparison with recent works on drastic-viewpoint changes we focus

on [31]. Since [31] uses multiple data-modalities, for a fairer comparison, we limit the data-modalities to

those strictly necessary for the model, using robot odometry (GPS coordinates and heading changes) and

semantic-segmentation on RGB images. We ignore the backend needed in [31] as we do not focus on

localization task, instead replacing it with a match pruning procedure. Each node in the query graph votes

for k frames in the memory graph, based on matches with component nodes of these frames. Windows

of frames in the memory sequence covering a threshold of votes from the distinct nodes/frames from the

query graph, are taken as candidate matches corresponding to the query sequence.

We found this method to be prone tosemantic perceptual aliasing, as semantic blobs of the same

class are non-discriminative as their neighboring nodes' relations are their only descriptors. Thus, a direct

comparison of [31] in the same context as ours (one shot recognition, instead of relocalization within a

previous traversal sequence) wouldn't be meaningful.

Figure 5.2: Data Visualization: Random snapshots from GTA environment [2] (Row 1) and Mapillary [4]
(Row2). Images show different weather and day/night conditions as well as various outdoor scenes for
urban scenarios. The game-environment snapshots look visibly similar to that of real world images and
have signi�cantly higher variations in weather and lighting. (Best seen in color)
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Table 5.1: Number of video pairs in training, testing and the validation set for the different experimental
scenarios

Dataset! GTA
Lighting Setting! day and night day

Trajectory Relations! All combinations Overlap in view and trajectory All combinations

Train
1509 640 864
1440 1440 1166

Val
459 168 300
612 212 653

Test
106 62 72
104 104 82

Dataset! Mapillary
Lighting Setting! day

Trajectory Relations! All combinations Overlap in view and trajectory

Train
3080 6409
3328 6976

Val
421 350
428 318

Test
400 425
400 420

5.2.2 Dataset Description

Dataset Collection:Each video/sequence consist of a series of frames collected around junction points.

Each junction can be traversed in multiple pathways. We refer to the set of all such possible traversals as

trajectories.

5.2.2.1 GTA

Here, we collected videos in two different scenarios. Firstly, we choose a set of intersections in the

game-environment and then sample them in adensemanner, i.e., each possible trajectory in the junction

is traversed. Secondly, we traversed a car from one point to another via means of an AI-car driving

mod [3]. From such traversals, we break the captured video into small chunks involving intersections

and non-intersections. We discard video chunks without intersections.

In the �rst scenario, we selected27unique junctions where9 of them had arbitrary lighting conditions

and the rest were in normal daylight condition. In the second scenario, we captured12 traversals in two

arbitrary different lighting variations.
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5.2.2.2 Mapillary

We download images from [4], which is a community-led service with more than 200 million street-

level images. These images are captured in various modes including walking, riding (either a bike or car),

panorama and photo-spheres. We use mapillary's API to download images and constructtrajectories. We

�rst query for all the images in a bounding box de�ned by the longitudes and latitudes. For every image

in the bounding box, the API provides a tuple consisting of image-key, latitude, longitude, orientation

and the (video-)sequence it belongs to along with other metadata information. These images can be then

downloaded using the image-key. Using two orthogonally overlapping sequences we get a location in the

map which is used to identify the intersection. Subsequently, this is used to download all sequences ( a

set of continuous images) passing through that intersection. We mined around300; 000images which

consisted of around1700usable sequences from around500junctions.

Figure 5.2 shows random snapshots captured from GTA environment (Row1) and Mapillary (Row

2). One can infer from the �gure that the snapshots from GTA environment are visually realistic as

well as similar to real-world data from Mapillary and contain the key challenges associated with real

environments (as listed in Section 1.3). However, the GTA environment offers more complexity in terms

of weather and lighting variations as compared to Mapillary.

Dataset Annotation: From the extracted dataset, we �rst annotate positive and negative video pairs.

Positive (videos involving the same intersection) pairs are mined from the above datasets exhaustively,

i.e., we select all possible positive pairs. Negative pairs generated from the datasets can be very high as

any two trajectories from different junction are treated as a negative pair. Hence we limit the number of

negative pairs by randomly �xing a subset. We keep the test, train and validation sets mutually exclusive

by sampling them from different junction and/or non-overlapping traversals.

Table 5.2: Accuracy, Precision, Recall and F1 of our method on different datasets for the different
experimental scenarios

Metrics
Dataset! Mapillary

Lighting Setting! day
# Trajectory Relations! All combinations Overlap in view and trajectory

Accuracy
Our Method 72.1 81.0

Siamese CNN 63.0 71.6

F1 Score
Our Method 61.9 82.4

Siamese CNN 428 318

Metrics
Dataset! GTA

Lighting Setting! day and night day
# Trajectory Relations! All combinations Overlap in view and trajectory All combinations

Accuracy
Our Method 70.95 78.2 76.72

Siamese CNN 65.3 65.3 68.0

F1 Score
Our Method 62.3 60.0 72.7

Siamese CNN 47.9 52.8 51.1
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5.2.3 Experimental Setup

For a pair of videos involving the same junction there exists a trajectory-relation between them, which

can be categorized in terms of overlap in view and/or trajectory. Overlap in trajectory refers to the

proximal relation in the two trajectories while overlap in view refers to trajectories, viewing the larger

part of the same area. For example trajectories moving in opposite direction can be proximal in distance

but can have minimal view overlap.

For the purpose of our experiments we categorize the trajectory-relations into two primary setups:

Overlap in view and trajectoryandAll combinations. The former refers to parallel and overlapping

trajectory-relations while the latter refers to all the possible trajectory-relations. Similarly, we categorize

the lighting setting into two categories:dayvsday and night. The names are self-explanatory.

We test the robustness and generalizing capability of our model under various trajectory-relation and

lighting (day/night) settings. The details of the experiment-wise distribution of samples can be found in

Table 5.1.

Evaluation Metric: We report percentage accuracy and F1 as the metric in our experiments. Accuracy

is de�ned as the ratio of the number of correctly classi�ed samples (both positive and negative pairs

combined) to the total predictions made. F1 is de�ned as the harmonic mean of precision and recall. We

note that while accuracy focuses on both positive and negative predictions, F1 is focused toward positive

predictions (as precision and recall focuses on true-positives).

5.2.4 Quantitative Results

Table 5.2 shows performance on various metrics on GTA and Mapillary dataset under varying

scenarios using our proposed model and baseline Siamese-CNN. We show different comparisons based

on lighting setting, trajectory relation and baseline approach.

GTA: We observe that our proposed method performs better than the Siamese-CNN baseline on both

Accuracy and F1. Additionally, among different models in the proposed approach (for different lighting

conditions) we observe that the model improves on accuracy (by5:76%) and F1 (by10:4%) in day

scenario as compared today and nightscenario. Similar trend of values is also observed in the Siamese-

CNN baseline. This trend of results can be attributed to the reduced complexity in lighting variations.

Interestingly, under theday and nightcondition, the model performs better at accuracy (7:25%

increase) when video-pairs have anOverlap in view and trajectoryas compared toAll combinations.

However we observed an inverse trend for F1 measure. This anomalous behavior can be explained based

on the performance on negative samples in this scenario. In this case we found that the true negative rates

performance forOverlap in view and trajectoryis 83:0%as compared toAll combinationsat52:8%(30%

increase). Nevertheless, the performance of proposed model is still signi�cantly higher than baseline

method.

Mapillary: Similar to GTA, we observe that our proposed method performs better than the Siamese-CNN

baseline on both accuracy and F1. Among models in our proposed method, the performance is better
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Table 5.3: X-View results on Mapillary: F1-scores at different experimental threshold (query sequence
length: 15)

Localization Threshold Inlier Frames % F1
20m 70 51.5
40m 70 50.9
40m 80 47.7
60m 70 43.7
60m 80 46.7

on all metrics (accuracy:8:9%increase, F1:20:5%increase) when the trajectory-relations are limited

to Overlap in view and trajectoryas compared toAll combinations. Similar change in values can be

observed in the Siamese-CNN baseline.

GTA vs Mapillary (for proposed method): In the common scenario ofdayandAll combinations, we

notice that the performance on GTA is better than Mapillary for accuracy (4:62%increase) and F1 (10:8%

increase). This can be explained due to complexity of data annotation in real-world where visually

dis-similar videos can be annotated as same based on their GPS coordinates.

Table 5.3 shows experimental results of X-view on Mapillary in relocalisation scenarios. We used12

relevant and reliably segmented semantic categories. Localisation Threshold(maximum distance from

Ground Truth for a match) and Inlier Frames%(% of dictinct valid frames voting for a window of frames

in the memory sequence) were varied to obtain the best F1 scores. We observe that F1 scores obtained

are always lower than F1 scores for Mapillary data in Table 5.2. The method had high recall but low

precision across multiple thresholds. This can partly be attributed to the fact that [31] requires15or more

overlapping frames for reliable localization whereas in case of orthogonal trajectories in Mapillary only

5-7 frames have overlapping structures.

5.2.5 Qualitative Results

Figure 5.3 shows3 positive samples from Mapillary that are successfully predicted by the network.

Each sample depict a unique trajectory-relation and view-overlap as shown by theintersection-map

(bottom-most row). We color encode (green, cyan, red, brown) the visually perceptible common structures

(using ellipses) in the trajectories. We follow the same encoding while plotting the respectiveintersection-

mapin the last row. In video pair1 and video pair3, we observe that the overlapping part of trajectories

are in the opposite direction but our network managed to exploit the common structures seen from

different views. In video pair2, though the partially overlapping trajectories are in the same direction,

we can observe thatshadowspose a challenge that is successfully handled by the network. This indicate

the ability of proposed network to generalize on varying lighting conditions. Moreover, we also observe

occlusion in a few trajectories (video pair3 trajectory2) due to vehicles.
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Figure 5.3: Three correctly classi�ed samples from Mapillary. Each sample depicts unique trajectory-
relation and view-overlap between trajectories as shown in theintersection-map(bottom-most row)
which represents thetop-viewof the intersection. We color encode the visually perceptible common
structures (cyan, green, red, brown) in the Video pairs. Video pair2 and Video pair3 show examples
where trajectory direction and view overlap. Video pair1 depict cases when the overlap in trajectories
and/or the view is minimal. (Best seen in color)

Figure 5.4 depicts2 positive samples from GTA that are successfully predicted by the network. For

example: video-pair1, capture the different view of the same structure in rainy weather. Similarly, in

video-pair2 the model is able to predict similar videos in presence of view and lighting variations. Due

to space constraints we only show6 aligned contiguous frames in these video-pairs, where we manually

crop the relevant contiguous frames for illustration purpose.

Figure 5.5 shows some incorrect predictions made by the network. Video pair1 consist of trajectories

from different intersections (negative sample) but is predicted as the same intersection. We believe this

may be due to lack of unique structures in the scene as most of it has trees. Additionally, the variance in

lighting conditions (as the network was trained ondayconditions in Mapillary) can also pose a challenge

if not trained on other conditions. In contrast, video pair2 are trajectories from the same-intersection but

are predicted as different intersection. In this video pair, we observe a complete lack of visual features in
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Figure 5.4: Two correctly classified samples from GTA. Video pair 2 show examples where trajectory
direction and view overlap. Video pair 1 depict case when the overlap in trajectories and/or the view is
minimal. (Best seen in color)
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Figure 5.5: Failure Cases: Three wrong predictions by the network. Video pair 1 consist of trajectories
from different intersections but is predicted as the same intersection. In contrast, video pair 2, 3 consist
of trajectories from the same-intersection but are predicted as different intersection
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