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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-{Moving Away, Moving Towards Us, Parked/stationary, Lane
Change, Overtake}.

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.

vi
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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. 7 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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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
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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
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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,
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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
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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 ¢ with relations between objects as one of the following {top-left,
bottom-left, top-right, bottom-right}. 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 {Moved Ahead, Moved Backward, Moved left-to-right, Moved right-to-left}. 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

e 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.

o 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.

e 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: {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.

Scene GraAph Construction

Attention

Frame-10

Instance seg.

Video Semantic seg. Object Tracks Bird’s eye View Scene graphs Proposed Dynamic Scene
Sequence Dense Optical Flow (c) Generation (e) Network Understanding
(a) (b) (d) (U] (9)

Figure 3.1 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.

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 to the Bird’s eye View Generation(3.2.2) 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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(a) (b)

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 7" 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 through 7' time-steps.

3.2.1 Vehicle and Landmark Detection

The three major components required for dynamic feature extraction are instance segmentation
[50], semantic segmentation [51] and per-pixel optical flow [52] in a video frame. Mask-RCNN [50]
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 image in white on the road.

The optical flow is computed between two consecutive frames in the video using python dense optical
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(a) (b)

Figure 3.3 Semantic segmentation. Top row is the original image, bottom contains the segmented output.

Sflow [52]. Each of the objects in the scene is tracked by combining optical flow information with features

from the instance and semantic segmentation.

The obtained tracks for cars Cp € N1 *T x d and Ly € Ny * T * d where N7 and Ny denotes the
number of tracked vehicles and lane-markings respectively for 7' frames and d 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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(a) Image (b) Bird’s Eye View

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.

Let b = (z,y, 1) be the reference point in homogeneous coordinates of the image. We transfer these
homogeneous co-ordinates b to a Bird’s-eye view as follows.

—~hK~'b

nTK-1b 3.1

B = (B,,By,B.) =

Here K is the camera intrinsic calibration matrix, 7 is the surface normal, and A is the camera height
from the ground plane and B is the 3D co-ordinate (in the bird’s-eye view) of the point b in 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 an angle «, at a height &
from ground. 7 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, n 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 denote Spatial Scene graph as the graph generated from the above obtained 3D tracks per time-
step t. The spatial information in a video frame at time ¢ captured as a scene graph S, is based on the
relative position of different objects in the bird’s-eye view. The spatial relation, Sf, ; between a subject,
¢ and an object, j at time, ¢ is the quadrant in which the object lies with respect to the subject, i.e.,
Sf? ; € Rs, where R = {top 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 figure, (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-1 are behind the lane in yellow and in the final 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 step ¢, an independent graph is generated while the number of nodes (or objects

tracked) is constant in all 7" graphs.

(a) (b) (c)

Figure 3.6 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.
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3.4 Proposed Architecture

We obtain Spatio-temporal representations of vehicles i.e., relations between objects and their evo-
lution with time into a representation. This is done by modeling the temporal dynamics of their spatial
relations with other vehicles and landmarks over time. The Spatio-temporal representation is obtained
by stacking three different neural network layers. Each network satisfies it’s own purpose in predicting
the behaviours. First, we use a Multi-Relational Graph Convolutional Network (MR-GCN) [2] layer to
encode the spatial information of each object (node in graph) with respect to its surrounding objects at
time ¢ into an embedding E*.

Then, for all nodes, it’s spatial embedding from all time steps, {E', E?, ..., ET} is fed into a
Long Short-term Memory layer (LSTM) [3] to encode the temporal evolution of the embeddings. The
Spatio-temporal embeddings, {C*, C?, ..., CT'} obtained at each timestep from the LSTM is then passed
through a (multi-head) self-attention layer to select relevant Spatio-temporal information necessary to
make behaviour predictions. The details of the different stages in the pipeline follow in order below.

The overall pipeline is best illustrated in Fig.3.1.

341 MR-GCN

The first part of the architecure is the Multi-relational Graph convolutional Networks (MRGCN) [2],
originally proposed for knowledge graphs that handles multi-relational interactions between objects.
The reason for choosing MRGCN is due to it’s ability to handle multiple relations unlike the GCNs [1]
which assume unique nature of edges between all nodes. We generalize graph convolution first, and
then apply it for individual Scene graphs independently.

General Formulation of MRGCN: MRGCNs, similar to GCNs, perform graph-convolution for each
relation 7 independently. Finally, aggregate information from all relations for each node, which is output
of a layer of the MRGCN.

Given any Multi-Relational Graph G with set of relations R, G = (V, S) with vertex set V' and Edge
set S, where S; ; € R is an edge between node ¢ and j. Feature for node 4 under relation r in I*" layer
of MRGCN is defined as follows:

1
hLli] = WEn=j 32
A= D, W (3.2)
JEN[1]
where, N, [i] denotes set of neighbour nodes for v; under relation r, N;[i] = {j € V | S;; = r} and

¢r[i] = |N;[4]| is a normalization factor. Here W! € R%* is the weights associated with relation r in
the [*? layer of MR-GCN; d’, d are dimensions of [ — 1 and [ th layers of MRGCN.
Neighborhood information aggregated from all the relations are then combined by a simple summa-

tion to obtain the node representation as follows:

h'[i] = ReLU(W!H = il + > i) (3.3)
reRy
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where the first terms correspond to the node information (self-loop) and Wsl is the weight associated
with self-loop.

Applying for each Scene graph: Hence, in our case we apply Eqn.3.2, 3.3 for each scene graph G*
independently where, G* = (V, S*) with vertex set V and Edge set S* where S}, € R is an edge

between node ¢ and j. Thus the equations are as below:

1
hl q_ lpl—17,; i

r,t[z] . Z . Crt[i] tht [j] (3 4)

]ENr,t[Z] ’
where, A, ;[i] denotes set of neighbour nodes for v; under relation 7 in graph G* ie; N,.,[i] = {j €

V| S5, =r}and cpli] = [NGuli]].
hili] = ReLU (Wb '[i] + Y bl i) (3.5)
reRy

where, h![i] denotes the output from /** layer of MRGCN for node i (in graph G*).

To account for the nature of the entity (static or non-static), we learn entity embeddings, &; € ROl

for node v; where O = {Vehicles, Lane Markings}. The input to the first layer of the MRGCN hY[i]
is the embedding &; based on nature of node i.

The MRGCN layer defined in above equations provides a relational representation for each node
in terms of its immediate neighbors. Multi-hop representations for nodes can be obtained by stacking
multiple MRGCN layers, i.e., stacking k layers of MRGCN provides a k-hop relational representation,
Rh¥[i]. In essence, MRGCN processes the spatial information from each time-step ¢ and outputs a k-hop
spatial embedding, E* = h}.

342 LSTM

Once the spatial relations are obtained from the MRGCN, to capture the temporal dynamics of spatial
relations between objects, we use LSTM to obtain Spatio-temporal embeddings, C. At each time-step
t, the LSTM takes in the current spatial embedding of the objects, £ and outputs a Spatio-temporal
embedding of the objects, C* conditioned on the states describing the Spatio-temporal evolution infor-
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mation obtained until the previous time-step as defined in Eqn.3.6.

C', H' = LSTM(E',C"™ 1), where (3.6)
Ct = ftxC ' 44t % Ct, (3.7)

H' = o x tanh(C") (3.8)
where, it = o(w;[H ™, B + b)) (3.9)
= o(w[H'™ E' 4+ by) (3.10)

o' = ( o[H'™ 1, B + b,) (3.11)

Ct = tanh(w[H"™, E'] + b,) (3.12)

where, 7', f*, o' represent input, forget and output gates of the LSTM respectively. w,, w;, wy and
w, denoting the weights and b.., b;, by and b, being the bias for their respective gates. H =1 s the hidden
state of LSTM in time-step ¢t — 1.

3.4.3 Attention

The third component in the set of networks is the attention. We observe that capturing a change
in relation is the core step. A change in relation between two objects could occur in any time-step
t € {0,1,...,T}. Hence, we improve the temporal evolution of spatial relations by weighting them.
Specifically, here we use Multi-Head Self-Attention described in [5] on the LSTM embeddings. At-
tention helps us weight the LSTM embeddings by giving more weight to those capturing important
information removing redundancy.

The Self-Attention layer, originally proposed in the Natural language processing (NLP) literature,
obtains a contextual representation of a data at a time, ¢ in terms of data from other time-steps. The
current data is referred to as the query, (), and the data at other time-steps is called value, V/, and is
associated with akey, K. All three matrices Q, K and V are learned parameters of same dimension. Q*K
generates scores for each time-step w.r.t the other time-steps depicting their correlation, and multiplying
finally with V gives the weighted embeddings. Overall, it gives weight of each time-step with other
time-steps. Attention function outputs a weighted sum of value based on the context as defined in
Eqn.3.13.

QKT
Vi

where, dj, is the dimension of the key vectors. Herein our task, at every time-step, the query is

Attentiony,(Q, K, V') = softmaz( )1 (3.13)

based on the current LSTM embedding, and the key and value are representations based on the LSTM
embeddings from other time-steps. For a particular time-step ¢, the attention function looks out for tem-
poral correlations between the LSTM embeddings at the current time-step and the rest. Softmax helps
in determining the weight that needs to be given to the LSTM embeddings and V' captures information

from all time steps. Hence, this weighting from the softmax function helps in determining important
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Figure 3.7 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).

information. High scores are given to those time-steps with relevant information. Herein, we use the
multi-head attention, which aggregates (concat) information from multiple attention functions, each of
which may potentially capture different contextualized temporal correlations. A multi-head attention
with M heads is defined below:

m=M
Zt= || Attention,,(C* WS, CtWE ctwY) (3.14)
m=1

where || represents concatenation, WS ¢ Réxdk | WE ¢ R¥d and W)Y € R¥¥4v are parameter
projection matrices for m!" attention head. Z* € R"*M® is the concatenated attention vectors for ¢
time-step from M heads .

A clear understanding as to how the attention function is applied in our case across time-steps is
depicted in Fig.3.7. Fig.3.7(a) denotes the T' embeddings obtained for each time-step from LSTM.
These are passed through self-attention (b) to generate attention vectors (c). Attention vectors from
each time-step are concatenated across heads to generate Z¢, shown in (d). These are projected back to
same dimension as that of (a) to form (e).

Information from all the time-steps, Z, are average pooled along the time-axis and label predictions
are made with them. All the three components in the behaviour prediction stage, are trained end-end by
minimizing a cross-entropy loss defined over the true labels, Y and the predicted labels, Y. The final

prediction components are described below.

U= POOlAvg(Z)
Y =UW, (3.15)

min CrossEntropyLoss (Y,Y)

where, W, projects U to number of classes.
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3.5 Experiments and Analysis

We evaluate our vehicle behaviour understating framework on multiple publicly available datasets

captured from moving cameras.

3.5.1 Datasets

Our Method takes in monocular videos to understand the vehicle behaviour. We evaluate our frame-
work on three datasets, two publicly available datasets namely, KITTI [54] and Apollo-scapes [55] and
our proprietary dataset, Indian Dataset which is captured in a more challenging cluttered environment.

For all the three datasets we collected human annotated labels for the vehicle maneuvers.

3.5.1.1 Apollo-Scape Dataset

Apollo-scape harbors a wide range of driving scenarios/maneuvers such as overtaking, Lane change.
It is a dataset by the Baidu team from China. The dataset includes mainly wide 4-lane roads in cities as
well as main highways with 4-lane roads. All the images are recorded from a camera mounted on top
of an SUV. We selected this dataset as our primary dataset because it contains considerable instances of

complex behaviours such as overtaking, Lane change which are negligible in the other datasets.

3.5.1.2 KITTI Dataset

This dataset is constrained to a city and regions around the city along with few highways. We pick
sequences in tracking dataset, 4, 5, 10 for our purpose. We have asked manual annotators to label the
behaviour of the car by looking at the video at each frame of the video sequence. Though KITTI does
not have too many sequences as compared to Apollo-scape, KITTI consists of wider roads with higher
visibility, better image quality and decent traffic conditions unlike slightly occluded and congested ones
as in Apollo-scapes.

3.5.1.3 Indian Dataset

Although all the datasets specified above address most of the problems for autonomous navigation,
they lack in terms of variations of the vehicles on the road. To account and infer the behaviour of
the objects with high variation in object types, we capture a dataset in the Indian driving conditions.
This dataset contains Non-Standard vehicles such as Buses, petrol tankers and mini-vans which are not
previously modeled by the framework. This dataset helps us show that our framework is independent of

the vehicle nature.
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GT redicted MVA | MTU | PRK | LCL | LCR | OVT | total
MVA 691 1 13 16 4 83 808
MTU 1 212 21 0 2 0 236
PRK 8 39 1330 | 19 7 10 | 1413
LCL 10 0 6 137 0 8 161
LCR 6 0 5 3 112 3 129
ovT 18 0 1 0 0 53 72

Table 3.1 Confusion matrix for model trained on Apollo dataset. We have used abbreviations for label names, 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 and GT : Ground
truth.

3.5.2 Quantitative Results

We show that our framework is capable of learning complex behaviours such as overtake and lane
changes. We provide multiple experimental values on all the datasets along with transfer learning results.
In-depth analysis of our model’s performance is available in the form of confusion matrix, ref Table.
3.1. The values in Table. 3.1 are count of the instances for each class, with columns being predicted
count and rows showing the actual class. Values provided as accuracies in any table are recall values
as we are more concerned about how good our model performs on a particular class independently. For
the sake of simpler and cleaner figures and tables, we have used abbreviations for label-names. 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 in both the tables 3.1, 3.2.

3.5.2.1 Ablation Study on Model

To study the importance of each component of our system, we perform an ablation study on the
model. We observe the importance of encoding spatial information along with temporal aspects by
comparing variations of our network with each other, as described in table 3.2. First, we use MR-GCN
followed by a simple LSTM (G + L), which provides below-par results but performs comparatively
better than MR-GCN followed by a single-head attention (G + SA). Adding a single head Attention to
MR-GCN and LSTM (G + L + SA), helps to weight the Spatio-temporal encodings as described in 3.4.3
providing a huge improvement in accuracies. The final model with multi-head attention (G+L+MA)
attains improvement, specially for overtake showing it’s complex behaviour. Overall, each component

in the network provides a meaningful representation based on the information encoded in it.
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Classes MVA | MTU | PRK | LCL | LCR | OVT
Architecture
G+L+MA | 85 89 94 84 86 72
G+L+SA 84 75 95 51 65 51

G+L 78 72 74 37 49 41
G+ SA 70 18 54 38 14 40
L 37 35 34 6 24 15

L +MA 56 41 46 8 27 13

Table 3.2 Baselines and model variations, trained on Apollo. Values provided are accuracies. Abbreviations for model architectures (rows)
are, G : MR-GCN, L : LSTM, MA : Multi-Head Attention, SA : Single-Head Attention. Nomenclature in the architecture names reflect the
components in it. Column abbreviations are MVA : moving away from us, MTU: moving towards us, PRK: parked, LCL: lane change left to
right, LCR: lane change right to left and OVT: overtaking

3.5.2.2 Baselines Comparison

We observe the importance of spatial information encoded as a graph by comparing the performance
of our method (G+L+MA) against a simple LSTM (L) and a LSTM followed by Attention (L + MA)
models, which encode relational information with a 3D location based positional features; ref Table.
3.2. To train these models (L and L + MA), we give 3D locations of objects obtained from the bird’s eye
View (3.2.2) as a direct input. For each object in the video, we create a feature vector consisting of it’s
distance and angle with all other nodes for 7" time-steps. The distance is a simple Euclidean distance.
To account for the feature of the object (lane-markings/Vehicles), we create a 2 dimensional one-hot
vector {1,0} representing Vehicles and {0,1} representing static objects. To create a feature vector for
ith object, we find distances and angles with all other nodes for 7" time-steps in the scene. In both the
cases, the above features are fed to the LSTM at each time-step. We pool the output from LSTM for L
and output from Attention layer for L + MA, along time dimension and project to number of classes by
using a dense layer.

Table.3.2 shows clear improvement in accuracy for models having a MR-GCN to encode the spatial
information when compared to the simple recurrent models (L and L + MA). Our method outperforms

the baselines by a good margin for all classes.

3.5.2.3 Transfer Learning

As embeddings obtained from MR-GCN are agnostic to the visual scene, they are dependent on the
scene graph obtained from the visual data (images). To show this, we trained the model only on Apollo
dataset and tested it on Indian and KITTI. While testing, we removed the lane change and overtaking
behaviour as it is not present in KITTI and Indian dataset. In Table.3.3 we observe that results are better
with model trained on Apollo dataset as compared to models trained on their respective datasets, this

could be attributed to the presence of more complex behaviours (overtaking, lane change) in Apollo
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Trained on Apollo KITTI | Indian

Tested on KITTI | Indian || KITTI | Indian
Moving away from us 99 99 85 85
Moving towards us 98 93 86 74
Parked 99 99 89 84

Table 3.3 Transfer learning. All values are accuracies. The 2 columns under Apollo denote the model trained on APOLLO and tested on
KITTI and Indian datasets. Last two columns are results with models trained on their respective datasets; i.e., trained on KITTI and tested on
KITTI, trained on Indian and tested on Indian data.

dataset and shear difference in the size of datasets (Apollo has 4K frames as compared to 651 and 722
frames as in Indian and KITTI datasets).

All the values in the table are accuracies. The first column is the classes, second, third being the
results of testing on KITTI and Indian with the model trained on Apollo-scape. The last two columns

are also tested on KITTI and Indian but with the model trained on the same datasets respectively.

3.5.2.4 Ablation Study on LandMarks

Landmarks are the stationary points (lane marking, poles, etc.), which along with other vehicles, are
used by MR-GCN to encode a spatially-aware embedding for a node. We carry out an ablation study to
understand the effects of how the number of landmarks available in sequence affects the performance of
our pipeline. We train three models, one with 50 percent landmarks available, another with 75 percent
available and the last one with all the landmarks available. The results mentioned in above experiments
are tabulated in Table. 3.4 under their respective rows ours (50%), ours (75%), ours (full). Behaviours
which are directly dependent on landmarks (lane change, moving ahead and back) show a difference of
atleast 10% when comparing the full model and the model trained with 75% landmarks and a difference

of atleast 15% when compared with a model trained with 50% landmarks.

Tested on Apollo-Scape
Ours Oours Ours
Method (50%) | (75%) | (tull)
Moving away 72 76 85.3
Moving towards us 67 75 89.5
Parked 97 97 94.8
LC left - right 66 74 84.1
LC right - left 71 72 86.4
Overtaking 68 65 72.3

Table 3.4 Ablation study on landmarks. Comparison between models trained with 50% of landmarks and 75% and 100% of landmarks.
Values provided are accuracies.

The observed results make it evident that the performance improvement is achievable with the uti-

lization of more information in the form of increased landmarks.
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MOVING AWAY MOVING TOUS PARKED LANE CHNG-L LANE CHNG-R OVERTAKE

Figure 3.8 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

3.5.3 Implementation Details

All the graphs are constructed for a length of 7" = 10 time-steps on all datasets. Each of our dataset is
split into train and test as 70 and 30 percentage respectively. We empirically found that using two layers
for MR-GCN provides us with the best results, with first and second layers being 128, 32 respectively.
Input and Output dimensions of LSTM are both equal to 32. In the Multi-Head Attention layer, we
choose 16 heads and 1024 as the dimension of the feed-forward network. To train on Indian and KITTI
datasets, we use a smaller version of the network with the dimension of first and second layers being
64 and 32. The LSTM dimensions are also reduced to 16 in case of Indian and KITTI. The output
dimension of Attention is 32, equal to input for Apollo while is 16 for other two datasets. We pool the
output from the attention layer and apply a dense layer to project to number of classes. Single head and
multi-head and no attention almost have similar run time. All models are trained and tested on a single
NVidia Geforce Gtx 1080 gpu.

3.5.4 Qualitative Analysis

The following color coding is employed across all qualitative results. Blue denotes vehicles that
are parked, red is indicative of vehicles that are moving away, and green the vehicles that are moving
towards us. Yellow indicates lane changing: left to right, orange indicates lane changing: right to left
behaviour with magenta denoting overtaking. Complex behaviours such as overtaking and changing
lanes can be observed in Fig.3.10, which shows qualitative results obtained on Apollo dataset. Fig.3.10
(a) depicts a car (right most car) in the midst of overtaking (seen with magenta color). Fig.3.10 (b) and
3.10 (c) present us with cases of lane change. In Fig.3.10 (b) we see a van changing lane, along with a
moving car, In Fig.3.10 (c) we observe a bus changing lane from left to right along with two cars parked
on the right side.

Object class agnosticism can be observed in Fig.3.9 (Indian dataset), where behaviour of several non-

standard vehicles are accurately predicted. In Fig.3.9 (a) we can see a car on the left side of the road
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LANE CHNG-L  LANE CHNG-R  OVERTAKE

VING AWAY MOVING TOUS PARKED
— —

(a) (b) (c)

Figure 3.9 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.

MOVING AWAY MOVING TOUS PARKED LANE CHNG-L LANE CHNG-R OVERTAKE

(a) (b) (c)

Figure 3.10 Results on Apollo Dataset. Figures depict complex Vehicles maneuvers such as overtaking, which can be seen in (a), 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.

(predicted changing lane) coming onto the road along with parked cars and one car coming towards
us. In Fig.3.9 (b) truck and bus are parked on left side of the road while another bus is accurately
classified as moving forward and not overtaking. Note that behaviour is classified as overtaking only if
a moving vehicle overtakes (moves ahead of) another moving Vehicle. Fig.3.9 (c) provides a case with
a semi-truck and bus moving away from us, along with a truck parked. Fig.3.8 shows qualitative results
obtained on KITTI sequences 4, 5, 10.

3.6 Summary

In this chapter we have shown the complete pipeline of our method for behaviour detection into
the following categories : {Moving Away from Us, Moving towards Us, Parked, Lane-Change (left-
right), Lane-Change(right-left), Overtake}. Videos are pre-processed to obtain object tracks. These
are converted to 3D co-ordinates. Graphs generated using these tracks are passed through our network
consisting of MRGCN, LSTM and Attention to predict the final behaviours.
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Chapter 4

Relational Attentive GCN

In this chapter, we would mainly focus on limitations in the framework discussed in Ch.3 (we call it
MRGCN-LSTM in short) and propose a novel model, which is a variation of Graph Attention Networks
[6] which we name Relational-Attentive-GCN (Rel-Att-GCN). Two major changes compared to the
MRGCN-LSTM would be the formulation of a single graph for a complete video and the attention is
applied within the MR-GCN unlike at the end as in MRGCN-LSTM.

4.1 Overview

Similar to MRGCN-LSTM, we first track all objects of interest in the scene as described in sec.3.2.1.
The tracked objects are then projected to 3D space from image space using Bird’s Eye view as in
sec.3.2.2. A single graph is generated for a video sequence using these 3D tracks and fed to our network
for predicting the behaviours. The prediction classes remain the same i.e., {Moving Away from Us,

Moving Towards us, Lane-Change left-right, Lane Change right-left, Overtake}.

4.2 Temporal Interaction Graph Generation'

In our problem of behaviour prediction, it is important for the model to learn the nature of some sim-
ple temporal evolution of interaction between entities such as Ry = {move-forward, move-backward,
moved left to the right, moved right to left, no-change}. Owing to these relations, we found that mod-
eling such information explicitly was highly beneficial rather than making it an end-end model. Hence,
a single graph is generated from the obtained tracks that we name as Temporal Interaction graph. The
spatial relation between every 2 objects in the scene is observed over 7' time-steps. Unlike MRGCN-
LSTM where spatial relations are encoded into each graph, we encode evolution of spatial relations
over time known as temporal relations into a single graph. The Temporal Interaction graph summarizes

the temporal evolution of spatial relations from 7" frames into relation r € Ry, Ryq = {move-forward,

!This section is contributed by co-author M.Sandhu. It is included here only to maintain a flow for the reader and
is not a part of this thesis.
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Frame1 Frame 5 Frame 10

SPATIAL RELATIONS

Bottom Left
Top Left

Top Right
Bottom Right

TEMPORAL INTERACTION

- = = Move forward
Move backward

~ =~ Moved left to right
Moved right to left

~~ ” No-change

Interaction Graph

Figure 4.1 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 at each time step. The thick edges in the bird’s eye
view denote the spatial relations between objects, and color coding for the spatial relations are shown in legend beside. The red, blue edges
between car, L1 in first and the final frame, denote the spatial relations between them. The car moves forward with respect to L1 and has no
relational change with L2. These temporal relations are represented with dotted lines in the graph shown as Temporal Interactions at the right.
Corresponding color coding is shown in legend Temporal interactions.

move-backward, moved left to the right, moved right to left, no-change}. The edge, E; ; € Ry, denotes
the temporal relation between subject entity, + and object entity, j. FE; ; is computed by deterministic
rule based approach, that takes in their spatial relations over 7" frames, i.e., {SZ1 i Si% oo SZT]} These
Spatial relations and the quadrants, Sf, ; are equivalent to those used in Ch.3-3.3.

For example, an object entity, j that is initially in the botfom-left quadrant with respect to subject
entity 4, changes it’s spatial relation to top-left with respect to 7 at some time ¢, will have the temporal
relation E; ; as move-forward. Similarly, an object entity, j that is initially in bottom-left quadrant
changes to bottom-right quadrant with respect to subject 7 at some time ¢, will have temporal relation
E; j as moved left-to-right. Since these edges have a proper direction semantics, we can’t treat the graph
is undirected. Thus, we also introduce inverse edges for complementary relations such as moved forward
and backward and moved left-to-right and moved right-to-left. An overview of the temporal interaction

graph generation is presented in Fig.4.1.

4.3 Proposed Architecture

We propose a Multi-relational Graph Convolution Network (MRGCN) with a relation attention mod-
ule induced into it, that automatically learns relevant information from different temporal relations and

helps predict behaviours. The complete pipeline can be seen in Fig.4.2.

4.3.1 Multi-Relational Graph Convolution Networks

A Graph Convolution operation for a relation r here is a simple neighborhood-based information
aggregation function. In the MRGCN, information obtained from convolving over different relations
is combined by summation. Similar to MRCGN-LSTM, we define MRGCN at node level and provide
equations similar to sec.3.4.1 for flow of the reader and better understanding.
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Generated

Interaction graph Relational

Attentive
GCN

Video Instance seg. Generated Rel-Att-GCN Dynamic Scene
Sequence Semantic seg. Bird’s Eye view Layer Understanding
(a) Dense Optical Flow (c) (d) (e)

Figure 4.2 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.

The temporal Interaction Graph G = (V, E) with vertex set V' and Edge set E, where E; ; € R, is
an edge between node i and j. The i*" node feature in relation  obtained from a graph convolution over

relation,  in [*" layer is defined as follows:

hi[i] = 'Z' C:mwy%hl‘l[j] (4.1)
FEN:[i]
where, N, [i] denotes set of neighbour nodes for v; under relation r, N,.[i] = {j € V | E;; = r} and
c[i] = |N,[i]| is a normalization factor. Here W} € R¥*? is the weights associated with relation r in
the I*" layer of MR-GCN; d’, d are dimensions of [ — 1 th and [ th layers of MRGCN.
Neighborhood information aggregated from all the relations are then combined by a simple summa-

tion to obtain the node representation as follows:

h'[i] = ReLU (WA [i] + ) hL[i]) 4.2)
reRy
where the first terms correspond to the node information (self-loop) and Wj is the weight associated

with self-loop.

4.3.2 Relation-Attentive MRGCN

The MRGCN defined in Eqn.4.2 treats information from all the relations equally, and this might be a
sub-optimal choice to learn discriminative features for certain classes. Note that the graphs in all our
experiments are fully connected. Hence there is a clear chance of redundant data (noise) which
the attention in MRGCN-LSTM (ref: Ch.3.4.3) helped overcome.

Motivated by this, here we propose a simple attention mechanism that scores the importance of the

node information along with neighborhood information from each relation. Our mechanism of attention

27



is similar to Graph-attention networks [6] (GAT) but we use attention across relations while GAT uses it
across a limited number of neighbours. To our knowledge, we are the first to use attention over relations
in Graph-convolutional networks.

The attention scores, « are computed by concatenating the information from its relational neighbors
(hl). Then, we transform these with a linear layer to project to dimension 1, which denotes scores
for each component. The predicted scores are softmax normalized and multiplied with the original

relational-neighbor information (h.). The attention scores are computed as defined below.
ol[i] = softmaz([ RL[i] || R[i].... | thd| Wl 4.3)

where, || represents concatenation and ol[i] € Rt with W! being the linear attention layer
weights. These probabilities depict the importance of a specific relation conditioned on that node and
its neighborhood.

The attention scores are used to scale the node and neighbor information accordingly to obtain the

node representation as follows.

h'[i] = ReLU(W!H =i + > ol [i]L]i]) (4.4)
reRy
The node representation obtained at the last layer is the final prediction for that node. The whole model
is trained in an end-end fashion by minimizing the cross-entropy loss.
Z = Argmazx(h!)

R 4.5)
min CrossEntropyLoss (Z,Z)

where, Z and Z are predictions, ground truth respectively. h! denotes the output of the [*" layer of the
MRGCN that includes output of all nodes.

4.4 Experiment and Analysis

4.4.1 Dataset

Various datasets have been released in the interest of solving problems related to autonomous driving.
We choose 4 datasets for evaluating our framework, of which 3 are publicly available. Namely, Apollo-
scapes [55], KITTI [56], Honda Driving Dataset [57] and our Indian dataset which is proprietary .
These datasets provide hours of driving data with monocular image feed in various driving conditions.
We reuse the Apollo, KITTI and Indian datasets used in Ch.3.5.1.

Earlier, we used Apollo as the only main dataset containing complex classes like lane-change be-

haviours. For this, we adapt one more well-known dataset, the Honda dataset.

e Honda Driving Dataset: Honda driving dataset consists of multiple datasets in itself. From

among them, we choose the H3D dataset for our puprpose due to its variety in classes like lane
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changes. H3d comprises driving in urban city conditions where lane changes are prominent.
It mainly includes driving in narrow lanes with many parked cars around. We do not consider

overtake here due to fewer occurrences in the dataset. It consists of a total of 1.5K frames.

4.4.2 Baseline Comparisons

To depict the importance of encoding spatial information into a graph based network, we compare our
model with Structural-RNN [17], a temporal-graph based network and MRCGN-LSTM that processes
a time based ordered set of spatial graphs. Results are as seen in the Table.4.1. It consists of evaluation

on all five classes in Apollo dataset.

4.4.2.1 Adapting St-Rnn

St-RNN originally includes Human activity detection, Human motion modeling and forecasting and
Driver maneuver anticipation. As Driver anticipation classifies only ego-vehicle behaviour, we consider
Human activity detection for our comparison due to it’s similarity with our method in terms of mod-
eling objects and relations between them. Similar to our non-static (Vehicles) and static objects (Lane
Markings), St-RNN uses Humans and static-objects to model relations for activity recognition. Hence,
we use Vehicles as Humans and Lane Markings as Objects in their architecture.

Structural-RNN (St-RNN) encodes the spatial representation for each frame in a graph and then
reasons over the temporal evolution of these graphs by feeding it to a Recurrent Neural Network. Hence,
based on spatial information obtained at each time step ¢, we pose our relational information between
Vehicle-Vehicle, Vehicle-Lanes and Lanes-Lanes as their Human-Human, Human-Object and Object-
Object interactions and train it to predict vehicle behaviours. Based on spatial relation r; ; between
objects 7 and j, and the nature of objects (static or non-static), we define an embedding at each time step
t which is given as input to the St-RNN.

Due to lack of its spatial encoding, St-RNN assumes every object in the scene to exhibit every relation

possible. In cases where a relation r, exists between two nodes ¢ and j, we provide the corresponding

Moving | Moving Lane Lane
Method away | wards change | change | Qver
Used from us us Parked | L-R R-L take
St-RNN 76 51 83 52 57 63
MRGCN-LSTM 85 89 94 84 86 72
MRGCN 94 95 94 97 93 86
Rel-Att-GCN 95 99 98 97 96 89

Table 4.1 Bascline comparisons on Apollo Dataset. Columns 2 to 7 denote the classes we predict. First column denotes the methods used.
Columns for each method denote the class-wise accuracies in percentage.
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embedding S; ; = r from our trained MRGCN-LSTM model. And incase 7 and j do not exhibit relation

r, we provide zeros here and train the complete model.

4.4.3 Quantitative Results

Similar to Ch.3, all values mentioned as accuracies denote the recall values. In Table.4.1, though
in case of simpler classes like Parked, do not show huge increment with respect to MRGCN-LSTM,
overtake and Lane-Changes have a significant improvement. The Rel-Att-GCN clearly outperforms
the MRGCN-LSTM model by a margin of 10% in all classes and nearly 16% in case of overtake.
We can see that Rel-Att-GCN outperforms St-RNN also by a significant margin and the gap is even
more prominent when comparing the complex classes such as lane changing and overtaking, where we
observe an average difference of 40% and 26% respectively. The key point to observe is that MRGCN-
LSTM also outperforms St-RNN. We attribute this to the lack of graph based embedding in St-Rnn.

4.4.4 Relational-Attentive MRGCN (Rel-Att-MRGCN)

Attention takes into account the fact that different relations have different relevancy for predicting
different classes. Such importance of the relational-attention in classifying the vehicle behaviours is
visualized by analyzing normalized attention scores across relations for each class. This is depicted in
the Fig.4.3 where rows denote classes and columns denote the temporal interactions. Higher values in
each row (class) denotes higher importance given by the attention function to that relation to predict that
class. 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.

e The attention map clearly shows how classes such as overtake depend on moving forward.

o It also shows how lane changes depend on moving forward and moved left to right or right to left.

e Despite how both MVA and OVT classes have high probability mass on move-forward relation,

they have the ability to distinguish themselves based on the attention score spread over the other

relations.

4.4.5 Transfer Learning

Evaluation results for the model trained and tested on validation sets of the same dataset can be found
in Table.4.3. Results on model trained on Apollo and tested on the other three datasets can be found in
Table.4.2.

To showcase the generality of our proposed pipeline we trained the model only on Apollo dataset
and tested it on validation sets of Honda Driving Dataset, KITTI, and Indian datasets. At the testing
phase, we removed the classes which were not present in corresponding datasets. We are able to achieve

fidelity across all datasets; this can be seen in Table.4.2.
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Figure 4.3 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.

In Table.4.2, we see the attentive model performs on par with MRGCN-LSTM in case of both Indian
and KITTI. In these datasets, due to lack of complex behaviours, we only observe a minor improvement.
Models trained and tested on Indian and KITTI are shown in Table.4.3. We observe an improvement
of nearly 10% in all the three classes. This can be attributed to the attention function along with the
modified pipeline.

While the discriminating dataset can be said to be Honda due to its complex lane-change behaviours.
We observe that Rel-Att-GCN outperforms MRGCN-LSTM in both cases, training on Apollo with
testing on Honda (transfer) and Training and testing on Honda. We clearly see how the temporal model
is unable to generalize on a newer dataset in case of complex classes but is able to learn when trained
on it explicitly. Relational attention helps remove noise in the first case inside the MR-GCN. This will

help generalize on any dataset easily and effectively.

4.4.6 Implementation Details

Each Interaction graph is independently generated for 7' = 10 time steps. We empirically found that
using 3 layers of MRGCN with dimensions 64, 32 and 6 (number of classes) respectively works best
for our task. In case of Rel-Att-GCN, simple attention is applied over output of MRGCN for each node
individually with 2 heads. Outputs of the heads are concatenated across relations and projected back
to output dimension of the MRGCN layer with a linear transformation. Note that the input and output
dimensions of attention are equal. Hence, the dimension is not affected upon using multiple attention
heads too.

We find adding skip connection from every layer [ to [ 4 2 th layer is beneficial. We also observe
time of prediction for the two models, MRGCN-LSTM and Rel-Att-GCN to be 0.02 and 0.04 seconds
respectively averaged over 1K graphs. While comparing the time of prediction, Rel-Att-GCN includes
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Trained on Apollo
Tested on Honda KITTI Indian
MRGCN | Rel-Att || MRGCN | Rel-Att || MRGCN | Rel-Att
Method LSTM GCN LSTM GCN LSTM GCN
Moving away from us 55 92 99 99 98 99
Moving towards us 79 92 98 98 93 97
Parked 91 929 99 99 99 99
Lane-Change(L) 65 94 - - - -
Lane-Change(R) 87 92 - - - -

Table 4.2 Transfer learning results. We provide results of transfer learning on all datasets. We train on Apollo Scapes dataset and test on
Honda, KITTI and Indian. The second row denotes the datasets and third row denotes the method used. Accuracies of each class are depicted
from 4th row onwards . Both the pre-trained models, MRGCN-LSTM and REL-ATT-GCN are tested on all three datasets and all accuracies
reported are in percentages.

Trained and
Tested on Apollo Honda KITTI Indian
MRGCN | Rel-Att || MRGCN | Rel-Att || MRGCN [ Rel-Att || MRGCN | Rel-Att
Method LSTM GCN LST™M GCN LSTM GCN LSTM GCN
Moving away from us 85 95 83 99 85 98 85 97
Moving towards us 89 929 79 90 86 98 74 97
Parked 94 98 85 929 89 99 84 929
Lane-Change(L) 84 97 75 91 - - - -
Lane-Change(R) 86 96 60 85 - - - -
Overtake 72 89 - - - - - -

Table 4.3 Test results on all datasets. We provide accuracies for different models trained and tested on multiple datasets. The top row
denotes the dataset used for training, and testing on the same with a validation split. The second row denotes the method used. The 2
Columns under each dataset denote the class wise accuracies for both the models , MRGCN-LSTM and REL-ATT-GCN on that dataset. All
the accuracies are in percentage.

time for creating interaction graph and prediction using the model. In the case of MRGCN-LSTM
model, it includes only prediction as it is a temporal method and consumes graphs at each time step t.
All the training and testing is done on a single Nvidia Geforce Gtx 1080 GPU.

4.4.7 Qualitative Analysis

Fig.4.5 and 4.4 showcase the qualitative results. We follow a consistent convention for color-coding
to depict behaviours. Red depicts vehicles Moving forward, Blue denotes Parked ones and Green for
Moving towards Us. Yellow and Orange depict Lane Change left to right and Lane Change right to
left respectively while Magenta corresponds to overtaking vehicles. Fig.4.5 (a), (b) shows instances of

Vehicles moving ahead and Moving backwards on the Kitti dataset. In Fig.4.5 (c) and (d), we showcase
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results on our Indian Dataset, in (c), we see a bus and truck parked and in (d) we see Lane change
behaviour depicted by the car on the right.

In Fig.4.4 (a) we see a car changing lane and in Fig.4.4 (b) we observe a car correctly classified as
overtaking. Fig.4.4 (c) and (d) show fidelity of our pipeline in traffic scenarios. In Fig.4.4 (c) we observe
a car changing lane and merging into the road on the right and two cars coming towards us, in (d) we see
a car changing a lane (on the right), a car parked on the left and two pickup trucks moving away from
us. To summarize, the qualitative result validates the proposed model’s generalizability across datasets
even in the presence of new vehicles such as trucks and cars. We also showcase accurate classification

of all behaviours through these results.

4.5 Summary

In this chapter, we have shown the advantage of using deterministic methods to obtain relations
between objects. We use the same pre-processing techniques used in chapter 3. The network shows
improvement over baselines MRGCN-LSTM and St-RNN by a good margin. The major difference in the
network is that Attention is applied inside the MRGCN instead of applying at the end as in MRGCN-
LSTM. Quantitative results over various real-world datasets along with transfer learning shows that our
framework is capable of adapting to new environment. An improvement over baseline methods depicts

that our formulation is more effective and can be applied to various domains.

MOVING AWAY MOVING TO US PARKED LANE CHNG-L LANE CHNG-R OVERTAKE

(a) (b) (c) (d)

Figure 4.4 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 of overtaking with the car in magenta
overtaking the car moving forward in red.
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MOVING AWAY MOVING TO US PARKED LANE CHNG-L LANE CHNG-R OVERTAKE

Figure 4.5 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.
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Chapter 5

Conclusions and Future Work

In this chapter we summarize the work done in the thesis and provide possible future directions in

behaviour prediction.

As stated, behavioural prediction can be helpful in making decisions for autonomous driving. Current
methods such as Li et al [38] consider classification of only ego-centric vehicle and Structural-RNN [17]
does not have graphical structure. Our method can be adapted to predict the ego-centric behaviour if
the 3D co-ordinate tracks of ego-car are available. We can use SLAM methods like ORB-SLAM [58]
to find trajectory of the ego-vehicle which have been extremely accurate on well known datasets like
KITTIL. In practical applications, we can get it through a GPS to make it real-time and introduce just one

more node in our graph.

Apart from detection, we could extend our model to predict trajectories using regression instead of
classification. There have been multiple methods (ref Ch.2) that confine to predicting trajectories of
the ego-vehicle or predicting the actual 3D co-ordinates of other vehicles. But predicting behavioural
change is a much complex task as it requires a longer range of prediction (generally 10 time-steps). This
can be possibly done incase the 3D tracks of all objects are available and are accurate upto few mm.
Datasets such as Honda and KITTI have been releasing new data where all vehicles are tracked using
LIDAR. In such cases, a simple GCN can be used in our Spatio-Temporal Graph Modelling (Ch.3) with
the LSTM predicting trajectories for each time step instead of the final time-step. The behaviour can be

further estimated with the currently available architectures.

Our model transfers seamlessly across datasets and could be configured to various applications apart
from those presented above. Since it is independent of the appearance of the object, it could be used
to model any data that involves multiple objects with different nature. Specifically, it can be used for
activity-recognition of humans or pose-estimation in case of sports athletes. In case of pose-estimation,
landmarks can be a racket/bat (in the hands of the athlete) and tracked body-joints (of the athlete) can be
the non-static objects. Relations between the racket and human joints determine the current pose. This
will be a more complex and a challenging task to solve due to numerous possible poses a human can
exhibit.
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Having proposed both the approaches, we hope our architectures could be helpful in tackling detec-

tion and prediction tasks in multiple domains and not just pertaining to robotics and vision.
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Chapter 6

Appendix

In this chapter, we provide other experiments and observations to guide the direction of research
for further study which helps in reducing repetitive work. Through the course of our experiments, we
majorly found two methods that are both effective and intuitive. Hence we present the advantages and

disadvantages of both methods in a precise manner.

6.1 Overview

The two main methods are Gating and Temporal Edge described in sec.6.2 and 6.3. While Gating is
similar to our approach in Ch.4, where we use attention to weight relations, gating weights neighbors
instead. Tedge (Temporal Edge) is a special case where we generate graphs at each time step similar to
Ch.3. But here we connect edges of a node across time steps. Detailed explanation of each method is

provided in further sections.

6.2 Gating

As stated, gating is similar to attention except that it applies weight across neighbours of a node.
Advantage here is that we remove major noise inside the RGCN itself and is extremely simple to imple-
ment.

Similar to Ch.4, Temporal Interaction Graph G = (V, E) is defined with vertex set V' and Edge set
E, where I; j € Ry is an edge between node 7 and j.

We define gates for each relation r in layer / based on a gate matrix er - The value of gate would be
in [0, 1] denoting its importance. These gate values are multiplied by the original information thereby
weighting it. Each layer consists of its own set of gates allowing weighting the information at multiple

levels independently.

Gk = Sigmoid (h'[u] . W} ) (6.1)
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where, gfw is the gate value between two nodes v and v with edge E, , = 7. Wf o 1s the gate-matrix
associated with relation 7 in layer . h![u] is the embedding obtained from MRGCN layer for node u, as
defined in Ch.4.

The *" node feature in relation r obtained from a graph convolution over relation,  in [*" layer is

defined as follows:

, 1 1
Wili] = ReLU( D oy o Weh' ™ []) (6.2)
FEN[i] "

where, gi ; 1s the gating value between node 7 and 7, N..[i] denotes set of neighbour nodes for v; under
relation 7, N,[i] = {j € V | E;; = r} and ¢,[i] = |N;[i]| is a normalization factor. Here W} € R¥*?
is the weights associated with relation - in the I*" layer of MR-GCN; d’, d are dimensions of [ — 1 th
and [ th layers of MRGCN.

Neighborhood information aggregated from all the relations are then combined by a simple summa-

tion to obtain the node representation as follows:

h'[i] = ReLU(W!H T i + > hlfi]) (6.3)
rERy

where the first terms correspond to the node information (self-loop) and Wj is the weight associated
with self-loop.

An example of how gating is performed can be seen in the Fig.6.1. The information from neighbor
nodes is passed through the corresponding gates as shown in (b). This helps in weighting important
information and reducing redundancy. Colors of the edges denote edge type and the rectangular boxes
denote the gates for each relation.

Q_,{O o-Ea-¢— 10

(@) (b)

Figure 6.1 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.
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6.2.1 Difference between Gating and Attention

Though attention and gating look similar, the weighting approach is different in both. In attention,
weighting is applied individually for each node across all relations, » € R,. For gating, we apply
gating mechanism for each node except that a matrix is learned for each relation that helps in weighting
neighbors of a node. That is, neighbouring node information is aggregated after passing through a gate
based on their relation, hence the name gating.

We have applied gating for our data and have produced results on Apollo-Scape. Table 6.1 shows
a similar performance with respect to our relational-attention method. Though it is on par with our
relational attention in other classes, it falls behind by 5% in Overtake.

Note : We have tried only few improvements like skip connections for gating method. Other complex

mechanisms may yield better results. We leave this for future scope and present only possible directions

here.
Moving | Moving Lane Lane
Method away towards change | change | Over
Used from us us Parked L-R R-L take
Gated-GCN 95 99 97 98 98 84
Rel-Att-GCN 95 99 98 97 96 89

Table 6.1 Comparison is based on Apollo Dataset. Comparison between Gating and Rel-Attention mechanisms. Values are accuracies in
percentage.

6.3 Temporal Edge

This method is similar to our MRGCN-LSTM (Ch.3). We generate independent graphs at each time
step. But to incorporate temporal information, instead of using a recurrent network, we add a special
kind of edge between every two time steps. This is the femporal edge as we name it and is the edge
between node i; and i;;;. That is, this edge is between the same node i, at two time steps. Hence
a single complete graph for the scene is formed with such connections across time steps as shown in
Fig.6.2. This graph is passed through a MRGCN for final prediction.

Similar to Ch.3, we define a Graph G = (V, E) with vertex set V and Edge set E, where E; ; € R;
is an edge between node i and j. Here, Ry = { Top left, Bottom left, Top right, Bottom right, temporal }.
temporal edge is the one that helps in capturing information across time steps. This edge does not have
a complementary edge like the { Top-left and Bottom-right }, { Top-right and Bottom-left }. Temporal
edge exists for every object in the scene (node in graph) originating at time ¢ and ends at time ¢ + 1 of
the same node.

A simple graph convolution is performed on the obtained graph. The difference is that we have a
single graph G containing spatial graphs from each time step, which are connected through temporal

edges. Graph convolution is performed as described in Eqn.4.1 and 4.2 to obtain final node features
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t-1 t t+1
(a) (b) ()

Figure 6.2 Figure shows an example graph used for Temporal Edge Method. (a), (b), (c) show Spatial graphs at time steps t-1, t, t+1
respectively. These graphs hold spatial relations between nodes (blue, red, black and green edges) individually. The golden-yellow edges from
t-1 to t and t to t+1 depict the temporal edges. Such a single graph for T time steps is created and passed to the network.

h![i] for each node i. Loss is calculated and propagated only through the last time step predictions T as
it includes information propagated from all time steps through temporal edges.

Temporal Edge does not work very well in our case, i.e., it produces sub par results even for simpler
classes. We observe this to be caused by our fully connected graphs. As general GCNs are not good
at handling noise and this noise is carried all along 7" time steps making the graph huge and unwanted
information flowing across nodes.

Note: Gating was published in the ACL 2019 by Yale University [59]. A similar formulation as
Temporal Edge was published in AAAI by Honk kong University [60]. Further advancements in these

methods could be found in the papers.
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