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Abstract

Autonomous driving has evolved with the advent of deep learning and increased computational ca-
pacity in the past two decades. While many tasks have evolved that help autonomous navigation, under-
standing on-road vehicle behaviour from a continuous sequence of sensor data (camera or radar) is an
important and useful task. Determining state of other vehicles and their motion helps in decision making
for the ego-vehicle (Self/Our Vehicle). Such systems can be a part of driver assistance systems or even
path planners for vehicles to avoid obstacles. Instances of such decision making could be, deciding to
apply brakes incase an external agent is moving into our lane or coming opposite to us. Another instance
would be keeping distance from an aggressive driver who is changing lanes and overtaking frequently
could be helpful and safer. Specifically, our proposed methods classify the behaviours of on-road vehi-
cles into one of the following categories-FMoving Away, Moving Towards Us, Parked/stationary, Lane
Change, Overtakeg.

Many current methods leverage 3D depth information using expensive equipment, such as Lidar and
complex algorithms. In this thesis, we propose a simpler pipeline for understanding vehicle behaviour
from a monocular (single camera) image sequence or video. This will help in easier installation of
the equipment and helps in Driver Assistance systems. A simple video along with Camera parameters,
scene semantics (Detected Objects in the images) are used to get information about the objects of interest
(vehicles) and other static objects like lanes/poles in the scene.

We consider detecting objects across frames as the pre-processing pipe-line and propose two main
methods, 1.Spatio-temporal MRGCN (Chapter:3) and 2.Relational-Attentive GCN (Chapter:4) for be-
haviour detection of vehicles. We divide our process of identifying behaviours into learning positional
information of vehicles first, and then observing them across time to make a prediction. The positional
information is encoded by a Multi-Relational Graph Convolutional Network (MR-GCN) in both the
methods. Temporal information is encoded by recurrent networks in Method 1, while it is formulated
inside the graph in Method 2. We also showcase how Attention is an important aspect in both our meth-
ods through our experiments. The proposed frameworks can classify a variety of vehicle behaviours to
high fidelity on datasets that are diverse and include European, Chinese and Indian on-road scenes. The
framework also provides for seamless transfer of models across datasets without entailing re-annotation,
retraining and even fine-tuning. We provide comparative performance gain over baselines and detail a

variety of ablations to showcase the efficacy of the framework.
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Intuitive Explanation. The figure depicts how objects (vehicle) behaviour can be modelled as a graph. The evolution
pattern of this graph helps us to classify the behaviour. Here the car (red) moves ahead of a lane marking (yellow). This
change in relation helps us identify that the car is moving ahead.

Simple and relational Graphs. (a) denotes a simple graph with all edges of same nature. (b) shows a multi-relational
graph where the color of edge denotes its nature. For e.g, all orange colored edges are of the same type/relation, similarly
all blue colored are of one type/relation.

LSTM. A simple block representation of LSTM with the corresponding notations.

This illustrates the overall pipeline of our framework. The input (a) of the system consists of consecutive frames of a
monocular video from cameras mounted on the cars. We use traditional object tracking pipelines, as shown in (b) to
extract features. These extracted features/tracklets are then transferred into the bird’s-eye view as in (d). Using these
pre-processed features in bird’s-eye view, we generate spatial scene graphs as illustrated with examples in (e). MR-
GCNss are used to encode spatial-relations between objects from this scene graph. Subsequently, this spatial information
from MR-GCNs over different frames are passed to an LSTM to model the temporal evolution of relations and predict
the different vehicle behaviours as in (g). The two cars in (g) in Red and Green depict Moving Away from Us and Moving
towards Us respectively.

Instance segmentation. Top row is the original image. Second row shows detected vehicles.

Semantic segmentation. Top row is the original image, bottom contains the segmented output.

Bird’s Eye-View Example. (a) shows detected cars in red and green and lane markings in yellow. (b) shows correspond-
ing Bird’s eye view we want to achieve with objects as a single point on the road.

Bird’s Eye View generic case. Generic case of a camera capturing images. The camera is tilted at an angle , at a height
h from ground.  denotes the normal to the ground surface.

Scene Graph generation. In the figure, (a) denotes Image frames at t=1, t=5 and t=10 with detected objects (vehicles and
lane-markings). (b) shows Bird’s Eye View for each time-step. Generated scene graphs at each time step are shown in
(c). The colored edges in the graphs denote different relations between objects as described in the legend.

Multi-Head attention Explanation. Attention is applied for each node independently across time-steps. In the figure, (a)
denotes the obtained LSTM embeddings. These are passed through self-attention layers (b), which generate attention
vectors Z as shown in (c). Each box in (c¢) denotes output from a single head, and each head has 10 vectors for 10
time-steps. These are concatenated across heads as shown in (d). t=1 is colored in red, t=2 in green and t=10 in orange.
In (d), we see concatenated attention vectors with the same color-coding depicting concatenation is done among vectors
of equal time-step. These are back projected to required dimension to obtain (e).

Results on KITTI dataset. Accurate classification of Vehicle behaviour can be seen based on the color over the vehicle.
Red denotes Moving Away, Green denotes Moving towards Us

Results on Indian dataset. We can see Vehicle class agnosticism of our Pipeline as non standard Vehicles such as bus

and oil-tanker are correctly classified. .
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3.10 Results on Apollo Dataset. Figures depict complex Vehicles maneuvers such as overtaking, which can be seen in (a),
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the car on the right represented in magenta color and lane change which can be seen in image (b) and (c) with yellow on

the Apollo dataset.

Temporal Interaction Graph Generation: The figure shows the detailed process of generating a temporal interaction
graph after tracking objects in the scene. The top row contains image frames at t=0, t=5, t=10 time step with tracked
objects. The bottom row shows the corresponding bird’s eye view. In the scene, a car and two lane-markings are tracked
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This illustrates the overall pipeline of our framework. The input (a) to the pipeline is monocular image frames captured
from a camera mounted on a vehicle. Similar to Ch.3, various object tracking pipelines are used to detect and track
objects as shown in (b). Objects are tracked in each frame. Extracted tracklets for each object are projected to 3D
space using Bird’s eye-view Generator at each time step (c). We leverage the spatial relations obtained from bird’s eye
view and generate Interaction Graphs that are passed through a Rel-Att-GCN (d). (d) captures relational information
to classify objects in the scene. (e) shows two vehicles in red and green classified as Moving-away from us and Moving
towards us respectively.

Attention Map with rows as class-labels and columns as relations. Higher scores for a particular relation shows higher
dependence of the class on that particular relation. Abbreviations for class labels are, MVA : moving away from us,
MTU: moving towards us, PRK: parked, LCL: lane change left to right, LCR: lane change right to left, OVT: overtaking.
Results on Apollo and Honda datasets. Figure shows multiple scenarios depicting various behaviours such as overtaking
and lane changing. (a), (b) are samples from Apollo scapes dataset while (c) and (d) are from Honda dataset. In (a), (c)
and (d) we observe the model accurately classifying lane change, both left to right and right to left. (b) depicts the case
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Results on KITTI and Indian datasets. Figure depicts accurate behaviour classification of standard and non-standard
vehicles. (a) and (b) show cases from KITTI dataset with standard vehicles. Predictions on Petrol Tanker and Bus in (c)

depicts object class agnosticism and (d) denotes complex behaviours like lane changes.

Figure shows the Gating mechanism for a single node surrounded by neighbors with different relations between them.
(a) shows the various relations between the center blue node and its neighbors. (b) shows the way gating is applied by
passing information from neighbors through a GATE (shaded boxes) based on the type of relation. The gating value
helps in determining the importance of information obtained from a neighbor node.

Figure shows an example graph used for Temporal Edge Method. (a), (b), (c) show Spatial graphs at time steps t-1, t,
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Chapter 1

Introduction

Autonomous vehicles have emerged since the mid of the twentieth century. With the rise of compu-
tational power and portable equipment like radars and depth cameras, it has become a significant field
of research and study in the last twenty years. A rise in the industrial market and a possibility for au-
tonomous vehicles has been observed with the advent of computer vision, robotics and deep learning.
The field of autonomous navigation has many tasks and behaviour understanding of other vehicles is
one of the crucial tasks as it helps in taking decisions for the driver control. Many pre-existing methods
fall into two major categories. Modular pipelines, leveraging information from the environment such as
rpm, acceleration, steering-angle from hardware equipment and predicting the required output. Imita-
tion learning, an end-end process where images are directly fed to the algorithms that detect objects of
interest and predict outputs. The outputs are fed to the controls of the vehicles directly. Our work falls
into the recently proposed third paradigm where low level understanding of the scene is obtained using
deep networks by mapping them to an intermediate representation. These representations are used by
various algorithms to predict the corresponding outputs. Our problem confines to understanding vehicle

behaviours in a given scene using such intermediate representations with a learning based approach.

Scene Understanding in terms of vehicles is a vast research-area and laden with many applications
from autonomous driving to traffic violations. Categorizing on-road vehicle behaviours into one of the
following categories: parked, moving away, moving towards us, lane change from left, lane change
from right, overtaking helps in motion detection. Instances of decision making in autonomous driving
could be avoiding and maintaining distance from aggressive drivers who generally tend to overtake,
change lanes continuously. Another instance could be a vehicle cutting into our lane and our decision
being opposite to it, i.e., vehicle cutting in from right to left would indicate us to move from left to
right to avoid collision. Our model is generalizable and could be modeled in other segments such as

activity-recognition of humans, pose estimation etc (not part of the current work).

Considering each object to be a single point in the scene, in both the frameworks (Ch.3, 4) we
decompose the traffic scene into a graph. This graph is used by our models to predict behaviours.
Intuitively, a car’s temporal evolution with landmarks like lanes/poles help us, humans, to identify its

behaviour. As seen in the Fig.1.1 the change of car’s spatial/positional relation with lane marking tells us



(c) Positional change between frames

Figure 1.1 Intitive Explanation. The figure depicts how objects (vehicle) behaviour can be modelled as a graph. The evolution pattern
of this graph helps us to classify the behaviour. Here the car (red) moves ahead of a lane marking (yellow). This change in relation helps us
identify that the car is moving ahead.

that the car is moving away from us. The figure depicts how objects (vehicle) behaviour can be modeled
as a graph. The evolution pattern of this scene graph helps us to classify behaviours. Here the car (red)
moves ahead of a lane marking (yellow) . The change in spatial-relation helps us identify that the car
is moving ahead. In a similar vein, an object’s relational change with respect to static objects decides
its lane change behaviour while its changing relations with another moving car in the scene governs its

overtaking behaviour.

Many existing methods (ref Ch.2) use LIDAR, facial expressions of the driver with additional in-
ternal camera, to detect the intention/motion of the driver/vehicle. In our case, we explicitly need the
camera intrinsic parameter and camera height (from the ground) as the only additional information apart
from the monocular videos. Capturing behaviour of moving vehicles is a complex task due to multiple
possibilities involved. Hence to overcome this, we assume all objects to be on a planar surface. First,
we detect and track objects of interest (vehicles) and landmarks (lanes or poles) in the video frames in
image space using existing pre-processing techniques. Tracked objects are then projected onto a planar
surface, which are then used to generate a graph with nodes as objects in the scene. To detect vehicle
behaviours, we use a model consisting of two main components, Graph Convolutional Networks and

Recurrent Networks in our frameworks.



1.1 Graph Convolutional Networks

Graph Convolution Networks (GCN)[1] have shown promising results in learning graph-structured
data. Hence, we show that modeling data using graph based method like ours is better than those lacking
graph structure modeling. Apart from the graphical structure modeling, possibility to train the model
with varying number of objects is a major motivation to use GCNs unlike many other existing methods
where number of objects are constant. GCNs are capable of capturing information from neighbors,
which help in classifying behaviours. As seen in Fig.1.1 (c), information from lane-marking (yellow)

that the car (red) has moved forward, helps in classifying the behaviour of the car (red).

L7 L7

'~/

(a) (b)

Figure 1.2 Simple and relational Graphs. (a) denotes a simple graph with all edges of same nature. (b) shows a multi-relational graph
where the color of edge denotes its nature. For e.g, all orange colored edges are of the same type/relation, similarly all blue colored are of one
type/relation.

In general, GCNs are used to model graph data where edges in the graph are all similar. In our case,
we quantize the edges between objects into multiple relations between them and hence require a Multi-
Relational Graph Convolutional Network (MRGCN)[2]. Edges in our graph have a particular relational
value. MRGCN helps capture spatial relations between objects for each relation independently. These
embeddings obtained from MRGCN are then fed to a recurrent network(red Ch.3) .

Fig.1.2 above shows two graphs similar in structure but varying in terms of the number of relations.
Fig.1.2 (a) contains edges of a single type through out while (b) consists of edges with multiple relations

between objects. Different colors in (b) depict the type of relations in the graph.

1.2 Recurrent Networks

Recurrent networks (Long Short Term Memory-LSTM) [3] have been promising in learning temporal
information and are highly effective. As positional information is being captured by the MRGCN,
temporal aspect of the relations need to be captured across frames. For this, we use LSTMs as shown
in Fig.1.3, due to their ability to handle exploding and vanishing gradients. We do not use GRU (Gated
recurrent units) [4] even though they are comparatively faster than LSTM as the dimensions to recurrent

units are very small and training/testing time is negligibly effected in our case.
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Figure 1.3 LsT™. A simple block representation of LSTM with the corresponding notations.

1.3 Overview of Proposed Methods

We propose two main methods, 1.Spatio-Temporal MRGCN (Ch.3) and Relational-Attentive GCN
(Ch.4). In both cases, the objective is to classify behaviour of vehicles. We show how method 1 outper-
forms other existing methods and later show how method 2 is a better formulation over 1 and provide

results for both.

1.3.1 Spatio Temporal MRGCN

Spatio Temporal Graph Convolutional Networks have been used in modeling skeletal graph structure
to effectively predict action of a human. This confines to human joints alone with a restriction on the
number of nodes. We incorporate MRGCN and LSTM as two individual modules which helps in dealing

with any number of nodes in the scene.

This formulation is a complete end-end model wherein given a video sequence, we predict vehicle
behaviours (except ego-centric). A graph is generated containing objects tracked in the video frames. A
single graph exists for each time step t with relations between objects as one of the following Ftop-left,
bottom-left, top-right, bottom-rightg. Spatial relations per each time-step are encoded by the MR-
GCN. Temporal aspect of such encodings is modelled through recurrent networks like LSTM. A key
component for this framework is detecting change in relation between objects. Hence, to improve
encodings obtained from the LSTM, we weight them using self-attention [5] for predicting the behaviour

of vehicles.



1.3.2 Relational-Attentive GCN

In contrast to the above method, this method is not end-end. Two major changes in the framework
are 1. The creation of a single graph instead of multiple graphs and 2. Attention is incorporated in the
MR-GCN itself, unlike the previous case where it was applied at the end. The relations here would
be TMoved Ahead, Moved Backward, Moved left-to-right, Moved right-to-leftg. We have removed
the recurrent networks as in previous method and incorporated the temporal and spatial information
together within a single graph instead of learning them individually for each time step. This requires
lesser parameters to learn and more definitive information is fed into the MR-GCN.

This graph when fed to the MR-GCN predicts the behaviours of vehicles. Even in this architec-
ture, attention plays a key role by helping to eliminate redundancy (ref Ch.4). We proposed a novel
Relational-Attentive mechanism inside the MR-GCN similar to the Graph Attention Networks [6] but
over relations instead. This formulation is more accurate, and dividing the pipeline into smaller compo-

nents helps in identifying flaws in case of wrong predictions.

1.4 Contribution of the thesis

Specifically the thesis contributes as follows

We propose a novel yet simple scheme for spatial behaviour encoding from a sequence of sin-
gle camera observations, making use of straight forward projective geometry techniques. We
showcase using Multi-relation GCN (MR-GCN) as an effective way of modeling Spatio-temporal
relations in on-road scenes. Though Graph Convolutional Networks (GCNs) have gained traction
recently in the context of modeling relational aspects of a scene, to the best of our knowledge this
is perhaps the first such reporting of using an MR-GCN in an end-to-end framework for on-road

temporal-scene modeling.

Critically we show incorporating an attention function [5] in both the frameworks leads to high

performance which the MRGCN without attention function is unable to replicate.

We reproduce the performance benefits of our frameworks over a variety of datasets, namely
KITTI, Apollo-scape, Honda-H3D and Indian datasets to showcase its versatility. We achieve an
improvement of at least 10% for simple classes (Moving ahead, Parked) and 20% for complex
classes (Overtake and lane-changes) over baselines in both our architectures (ref Table.4.1). We
show seamless transfer across multiple datasets preventing any entailment for annotation, retrain-
ing and fine-tuning. Extensive experiments on various on-road participants (not restricted to cars)

such as in Indian roads along with multiple ablation studies is another feature of this effort.



Chapter 2

Related Work

Vehicle behaviour understanding is a well known task, but as mentioned, is constrained to have
costlier equipment and generally used for driver assistance. To the best of our knowledge, there has
not been much prior art that deals with classifying the behaviour of objects in outdoor scenes by just
leveraging monocular images. There have been works involving complex setup for such tasks using
LIDAR and face-cameras. We present works in the field of robotics, vision and action recognition

segregating them based on the method and task.

2.1 Vehicle behaviour Understanding

Few of the closest works are [7, 8, 9, 10]. In [9, 10] vehicles behaviour is classified using a proba-
bilistic model. The classification is with respect to the ego-vehicle (Self/Our Vehicle from which outside
world is captured), for example, a car is only to be classified as overtaking if it overtakes the ego vehi-
cle. Similarly, a car is classified as lane-change only if the ego-vehicle changes lane. Whereas in our
proposed method, we classify vehicle behaviours with respect to a global frame, i.e., we are able to
identify and classify overtaking and other behaviours of all the objects present in the visible scene. [7]
uses probabilistic methods along with stereo input and determines the direction a car would be taking at
an intersection. Our framework is able to classify more complex behaviours based only on monocular
images using a simpler setup. [11] classifies road topology, which assists the driver similar to ours,
but we use cues from static objects on road and classify object’s behaviour rather than just a simple

classification of the road-surface.

Methods [12, 13, 14] predict trajectories based on the object’s previous interactions and trajectory.

These methods are concerned with predicting future motion rather than classifying maneuvers.

Geng et al. [15] follows a hard rule-based approach for the task of maneuver prediction in contrast to
our learnable approach, which is more generic and applicable to other fields not pertaining to robotics

alone.



In Chen et al.[8], traffic scenes are summarized into textual output. Based on the objects in the
scene, a specific understanding of the agents is given as input. Though similar to our approach here, it

generates a textual output for the complete scene.

2.2 Action Recognition and Driver Prediction

The works [16], [17], [18] are close to our proposed method but uses various external sensors such
as GPS, face camera and vehicle dynamics, and the classification is for the ego-vehicle alone.

Incase of Jain et al. [16], the authors have used dual camera setup wherein there exists an internal
camera and external camera. The external camera captures the road scene while the internal camera
captures facial expressions of the driver. In a case of intersection or a possible left/right turn, they
predict the action the driver would take based on the facial movement and the information from the
outside camera. They have used a hidden markov model for predicting the driver decision.

Specifically, St-RNN [17] lacks graphical structure but is extremely close to ours as it uses multiple
relations between objects. While all other methods that have used graph based neural networks have
confined to single relation between objects, the authors have proposed multiple relations between ob-
jects. St-RNN [17] proposed mainly for activity recognition, also includes other domains such as human
skeletal motion modeling. In terms of activity recognition, it uses static objects and humans to encode
relations between them in a video sequence. They predict the behavior of the humans based on the
relations between humans and objects over time. They use recurrent networks for their purpose where
a LSTM exists for each relation. The only difference being the lack of graph based network like ours,
to encode relational information between objects. Though driver anticipation is a part of the work, it

classifies only ego-vehicle behaviour and uses external sources like face-cameras.

2.3 Lane Change and Recurrent Networks

[19, 20] estimate the nature of a vehicle, whether it is keeping lane or changing lane. While [19]
uses HMMs, [20] uses SVM with bayesian networks to predict the probability of lane-change. Both use
many other parameters like steering angle, velocity etc and classifies ego-vehicle alone. [21, 22] both
predict lane changes with the help of radars and multiple cameras placed around the ego-vehicle. These
don’t use rich available features from the images but depend on dynamic inputs from the vehicle during
run-time and classify whether there could be a lane change or not. [21] uses information from multiple
inputs, captures features and classifies using an SVM at the end.

Scheel et al.[23], also uses attention on top of recurrent networks similar to ours, to predict lane
changes of other vehicles in the scene. But the method still uses many additional features from the
surroundings like speed of vehicles, their angle etc. Tracking all objects and their velocities, it learns a
recurrent based network along with attention to detect lane changes for other vehicles. Also, the number

of vehicles in the scene is fixed in the whole network with the nearest vehicles in all directions. Our



approach is more diverse and allows addition of more classes apart from just lane changing. We can

also include classes such as Merging into lane, Exiting the road etc with no constraint on the nodes.

2.4 Graph Based Formulations

Graph-RQI [24] identifies driver behaviours of other vehicles in a video sequence from road-agent
trajectories. Their work detects driving traits, such as aggressive or conservative driving by processing a
set of monocular videos. These inter-agent interactions are represented using unweighted and undirected
traffic graphs and use topological graphs across time to classify the behaviour. A vehicle is aggressive
if the topological graph for it changes too frequently with other vehicles in the scene. A vehicle is
conservative if the graph is merely constant across time. This is similar to our case where we check for
relational changes. Our approach detects objects and also static landmarks across frames and generates
graphs, similar to it to classify agents at the final step, difference being their Eigen vector based method
for classification.

In Li et al.[25], the authors create a graph based formulation for activity recognition by using image
features and relations between objects. They generate a graph with nodes denoting verbs or roles/nouns,
with their edges showing relation between the roles and these verbs. They use recurrent networks on
this graph based structures with each layer of the graph predicting the roles/verbs in the next layer with
the help of recurrent networks. The final understanding of the image is the root of the graph in the form
of a text and is the understanding of the complete image. Though similar to our approach in terms of

creating relations, it generates classification for the whole scene in the form of a textual output.

2.5 Graph Neural Networks

Scene understanding has been traditionally formulated as a graph problem such as [26, 27]. Graphs
have been extensively used for scene understanding, and most of them were solved using belief propaga-
tion [28], [29]. Though a clear notion of graphical structure was present, did not include learning based
approaches. With the success of deep learning approaches into structured data prediction, problems of
scene understanding like semantic segmentation and motion segmentation have been successful. There
has been relatively sparse literature on scene understanding in the non-euclidean domains like video and
behaviour understanding.

Recently there have been multiple successful attempts at modeling learning algorithms for graph data
and specifically, [1, 30, 31, 32, 33] have proposed algorithms to generalize deep learning to unstructured
data. With the success of these methods on the graph classification task, multiple recent works have ex-
tended the methods to address multiple 3D problems like Shape segmentation [34], 3D correspondence
[35], CNN on surfaces [36].

Classification in terms of activity and ego-centric vehicles have become popular with the advent of

GCNs [1]. Wu et al.[37], close to our approach deals with classifying action as a whole and individually



but leverages image features and only deals with classifying activity recognition for humans. It generates
graphs individually for each object and assumes other objects as neighbors in it. For an example video
sequence, the authors have tracked humans across frames and generated graphs for each detected human.
We handle multiple objects by incorporating relations between them rather than creating graphs for each
object, which is a better and clean formulation.

Closest to our approach using GCNs is Li et al.[38], which classifies only ego vehicle behaviour,
unlike our method that classifies all objects in the scene. While [37] tracks objects through the frames,
[38] only detects objects independently across frames. Reason for such independent detection is their
task of ego-vehicle classification. In their graphs, ego-vehicle is the only consistent node through all
the frames. In their method, the authors have created individual graphs at each time step with the
originally detected objects. Based on this information, they pass the graphs through a GCN and LSTM
for classification of the ego-vehicle behaviour. This method is the only other method that has used
GCNs, LSTMs and static landmarks as similar to our approach. [39] (STAG network) similar to [38] in
terms of extracting features detects collision in a given video sequence. It extracts image features using
object detection techniques and generates relational and independent features similar to [38]. It rather
uses local and non-local operators[40] for detection whereas Li et al.[38] generates independent graphs
and leverages GCNss for detection.

In the Computer Vision community, event recognition for stationary surveillance video is well re-
searched over standard datasets [41], [42]. In the robotics community, motion detection methods such
as [43, 44, 45, 46, 47] segment objects through frames using CNN based features into categories and
are not concerned with classifying object behaviour. While [48, 49] have included semantics along with
motion bear some resemblance, it aims to segment vehicles and generate a 2D mesh around the objects.
The proposed methods go beyond the traditional task of motion segmentation and recognize complex
behaviours of objects.

2.6 Summary

In this chapter, we have listed out the existing work in the field of vision and robotics that have some
similarities with our work and have shown the difference between their and our approaches. We provide
quantitative results and show that our formulation is effective in the chapters 3, 4 along with few other

works in this chapter.



Chapter 3

Spatio-Temporal MRGCN

Given a video sequence, we aim to classify all vehicles in the scene into one of the following be-
haviours: f Moving Away from Us, Moving Towards us, Lane-Change left-right, Lane Change right-
left, Overtake@. In this chapter, we provide our architecture along with experimental results on multiple
datasets for our task.

Figure 3.1 Thisillustrates the overall pipeline of our framework. The input (a) of the system consists of consecutive frames of a monocular
video from cameras mounted on the cars. We use traditional object tracking pipelines, as shown in (b) to extract features. These extracted
features/tracklets are then transferred into the bird's-eye view as in (d). Using these pre-processed features in bird's-eye view, we generate
spatial scene graphs as illustrated with examples in (e). MR-GCNs are used to encode spatial-relations between objects from this scene graph.
Subsequently, this spatial information from MR-GCNs over different frames are passed to an LSTM to model the temporal evolution of
relations and predict the different vehicle behaviours as in (g). The two cars in (g) in Red and GreeNldejigtAway from UsindMoving

towards Usrespectively.

3.1 Overview

From given video frames, tracks for all objects are obtained using pre-processing methods (3.2) in
image space, which are used as input toBird's eye View GeneratidB.2.2) that generates tracks in
3D representation. These tracks are used for generation of Scene graphs in 3.3. Generated graphs are
processed by our network for predicting vehicle behaviours. The overall pipeline can be seen in Fig.3.1
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Figure 3.2 Instance segmentation. Top row is the original image. Second row shows detected vehicles.

3.2 Pre-Processing

For a complete scene understanding, we require non-static objects as well as static landmarks. While
it is naive and obvious to model only vehicles in a video for scene understanding, we found that ad-
ditionally modeling lane markings as landmarks can facilitate in obtaining rich relational information
about the vehicles.

This includes detection of vehicles and landmarks (lane markings) and tracking them through a
window of T frames. These are general heuristics and we have used existing state of the art detection,
tracking techniques for our purpose. At the end of the pre-processing we obtain individual tracks for
each object througfh time-steps.

3.2.1 Vehicle and Landmark Detection

The three major components required for dynamic feature extractiomstance segmentation
[50], semantic segmentatiof51] andper-pixel optical ow [52] in a video frameMask-RCNN50]
is used to compute instance segmentation of moving objects in the scene. An example of instance
segmentation can be seen in Fig.3.2.

In case of static objects like poles and lane markings, which act as landmarks, we follow the method
of Inplace-ABN[51] and compute the semantic understating of the scene. Few images from our datasets
are depicted in Fig.3.3. The corresponding lane detections can be seen in the imvhijean the road.

The optical ow is computed between two consecutive frames in the video psithgpn dense optical
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Figure 3.3 semantic segmentation. Top row is the original image, bottom contains the segmented output.

ow [52]. Each of the objects in the scene is tracked by combining optical ow information with features
from the instance and semantic segmentation.

The obtained tracks forcadr 2 N7 T dandLt 2 N, T dwhereN; andN, denotes the
number of tracked vehicles and lane-markings respectively fisames andl denotes the dimension
of image-co-ordinates, which is 2. All the tracked objects are in image space.

3.2.2 Bird's Eye-View Generation

As the tracks for objects, static and non-static are in image space, we found that moving those into
3D space would better capture the relative positioning of different objects. Our aim is to create a graph
with all objects on a single plane similar to the one shown in Fig.3.4.

For the conversion from image to bird's-eye view/ Top-View, we employ Eqn.3.1 as described in
[53] for object localization in bird's-eye view. [53] requires only camera height and instrinsic matrix
of the camera (K) that are simpler to obtain rather than general techniques like LIDAR for depth. For
the creation of a graph, we assume objects to be on a 2D planar surface. In our case, since camera is
mounted on top of the ego-centric car, the road ahead in the image is the planar surface. For this, all
objects in image space are assigned a reference point. For lanes, it is the center point of lane marking,
for vehicles it is the center of the bounding box that intersects with the road. An example of a top-view
can be seen in Fig.3.4(b).
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Figure 3.4 Bird's Eye-View Example. (a) shows detected cars in red and green and lane markings in yellow. (b) shows corresponding
Bird's eye view we want to achieve with objects as a single point on the road.

Letb= (x;y; 1) be the reference point in homogeneous coordinates of the image. We transfer these
homogeneous co-ordinatb$o a Bird's-eye view as follows.
hK b
B =(By;By;B;) = K 1h (3.1)
HereK is the camera intrinsic calibration matrix,is the surface normal, arfdis the camera height
from the ground plane arl is the 3D co-ordinate (in the bird's-eye view) of the pdirit the image.

The visualization of the above formulation can be seen in Fig.3.5.

Figure 3.5 Bird's Eye View generic case. Generic case of a camera capturing images. The camera is tilted at anargleeighh
from ground. denotes the normal to the ground surface.

Fig.3.5 shows a generic case of an object on a surace and a camera on top that is tilted with respect
to the road at an angle. h, are height of camera from ground and normal to the surface of the road
respectively as explained earlier.
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3.3 Scene Graph Generation

We denoteSpatial Scene grapas the graph generated from the above obtained 3D tracks per time-
stept. The spatial information in a video frame at tirneaptured as a scene gragh is based on the
relative position of different objects in the bird's-eye view. The spatial relaﬁ@jn,between a subject,

i and an objectj at time,t is the quadrant in which the object lies with respect to the subject, i.e.,

S};j 2 R, whereRg = ftop left, top right, bottom left and bottom right An example of a spatial

scene graph and Spatial-relations is illustrated in Fig.3.6. In the gure, (a) denotes the image frames,
(b) shows the bird's eye-view and (c), the generated scene graphs. In (a), the two cars in red, orange
in frame-1lare behind the lane in yellow and in theal frame move ahead of the lane marking. The
relational change between car (orange) and lane (yellow) can be observed by looking at the change in
color of the edges between them in the graphs.

Note that at each time stépan independent graph is generated while the number of nodes (or objects
tracked) is constant in all graphs.

Figure 3.6 scene Graph generation. In the gure, (a) denotes Image frames at t=1, t=5 and t=10 with detected objects (vehicles and
lane-markings). (b) shows Bird's Eye View for each time-step. Generated scene graphs at each time step are shown in (c). The colored edges
in the graphs denote different relations between objects as described in the legend.
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