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Abstract

The footprint of partial or fully autonomous vehicles is increasing gradually with time. The existence
and availability of the necessary modern infrastructure are crucial for the widespread use of autonomous
navigation. One of the most critical efforts in this direction is to build and maintain HD maps efficiently
and accurately. The information in HD maps is organized in various levels 1) Geometric layer, 2)
Semantic layer and 3) Map prior’s layer. The conventional approaches to capturing and extracting
information at different HD map levels rely heavily on huge sensor networks and manual annotation.
This is not scalable to create HD maps for massive road networks. We propose two novel solutions
to address the mentioned problems in this work. The first solution deals with the generation of the
geometric layer with parametric information of the road scene and other one to update information on
road infrastructure and traffic violations in the semantic layer.

Firstly, the creation of the geometric layer of the HD map requires understanding the road layout in
terms of structure, number of lanes, lane width, curvature, etc. Prediction of these attributes as part of
a generalizable parametric model with which road layout can be rendered would suite the creation of a
geometric layer. Many previous works that tried to solve this problem rely only on ground imagery and
are limited by the narrow field of view of the camera, occlusions, and perspective shortening. This work
demonstrates the effectiveness of using aerial imagery as an additional modality to overcome the above
challenges. We propose a novel architecture, Unified, that combines aerial and ground imagery features
to infer scene attributes. We quantitatively evaluate on the KITTI dataset and show that our Unified
model outperforms prior works. Since this dataset is limited to road scenes close to the vehicle, we sup-
plement the publicly available Argoverse dataset with scene attribute annotations and evaluate far-away
scenes. We quantitatively and qualitatively show the importance of aerial imagery in understanding road
scenes, especially in regions farther away from the ego-vehicle.

Finally, we also propose a simple mobile imaging setup to address and audit several common prob-
lems in urban mobility and road safety, which can enrich the information in a semantic layer of HD
maps. Recent computer vision techniques are used to identify street irregularities (including missing
lane markings and potholes), absence of street lights, and defective traffic signs using videos obtained
from a moving camera-mounted vehicle. Beyond the inspection of static road infrastructure, we also
demonstrate the applicability of mobile imaging solutions to spot traffic violations. We validate our
proposal on the long stretches of unconstrained road scenes covering over 2000Km and discuss practi-
cal challenges in applying computer vision techniques at such a scale. Exhaustive evaluation is carried
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out on 257 long-stretches with unconstrained settings and 20 conditions-based hierarchical frame-level
labels for different timings, weather conditions, road type, traffic density, and state of road damage. For
the first time, we demonstrate that large-scale analytics of irregular road infrastructure is feasible with
existing computer vision techniques.
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Chapter 1

Introduction

Transportation plays a prominent role in serving the people’s fundamental personal and economic
needs. It helps link people and connect societies. Thus, enabling the ecosystem for development by
promoting trade through markets. Road Transport has emerged as the dominant segment in the trans-
portation landscape worldwide. For example, in India, road transportation contributes around 4.5% of
its GDP and accounts for 87 % of the passenger traffic and 60% of the freight traffic movement [59]. De-
spite of its importance, road transport infrastructure around the world is poorly planned or managed, and
the result is often inadequate and poorly maintained road infrastructure. The growing urban population,
especially in Asia and Africa, compounds the challenges of road transport/mobility [61].

The United Nations’ report on sustainable transportation defines it as the provision of services and
infrastructure for the mobility of people and goods, advancing economic and social development to ben-
efit today’s and future generations in a manner that is safe, affordable, accessible, efficient, and resilient
[61]. This recent definition of sustainable transport shifts the focus away from only the availability of the
mobility infrastructure and emphasizes safety and inclusion in terms of affordability. This focus change
sets ambitious goals and challenges to reshape the road transport/mobility sector towards sustainability.
These challenges are enormous, and an opportunity to increase the use of innovative technologies such
as computer vision and deep learning.

The commercial availability of ADAS and partially autonomous navigation systems is gradually
increasing over time. Visual perception and understanding of the ego-vehicle surroundings, such as
scene layout geometry, infrastructure, play a crucial role in downstream tasks such as path planning,
motion forecasting etc. Modern infrastructure like high definition (HD) maps provides detailed infor-
mation about the surrounding semantically and parametrically to become a critical component in the
transportation infrastructure stack. HD maps released as part of the Argoverse dataset [13] provides
information about lane level geometry as a vector map, driveable area and ground height in rasterized
format. Nuscenes [11] HD maps provide lane geometry and status of infrastructure such as traffic lights.
However, the HD maps are not ubiquitous; their production and maintenance costs are very high due to a
wide range of expansive sensors used in data collection and the massive manual labour required to anno-
tate this data. Automatic generation of HD maps and crowd-sourced maintenance methods are proposed
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in [20], [63], [44]. These proposed methods only use either perspective view imagery or aerial imagery
for the creation and maintenance of HD maps. As a result, they suffer from a lack of complementary
understanding of both views.

Many techniques and control modules used in driver assistance systems rely on driver behavior, road
infrastructure inspection, motion forecasting, and planning. Tasks such as regular road infrastructure
audits and maintenance and traffic violation monitoring are crucial for safety. Road safety audit so-
lutions range from manual to automatic. Manual techniques include field surveys and recorded video
reviews. Automated solutions typically use computer vision-based detection techniques for road infras-
tructure audit [86], [105], [21], [7], [60], [66]. These methods work satisfactorily in well-conditioned
and disciplined environments. However, they have difficulty producing good performance in uncon-
strained environments due to various challenges. On the other hand, these methods rely on large-scale
sensor networks to assess road safety, which is expensive and difficult to maintain. Therefore, we need
affordable and scalable solutions benchmarked extensively on unconstrained road scenes.

The thesis presents two solutions to provide an affordable alternative to HD maps. The first work,
with the help of satellite and perspective view images, improves the understanding of complex road
scenes parametrically to get the geometry of the road scene. The second work produces a framework
for affordable large-scale road safety management in unconstrained settings to create a semantic layer
detailing the quality of the infrastructure and road safety hazards. These works aim to provide effective
and affordable alternatives to the expensive methods currently in use. The proposed methods are widely
compared to related works to show their applicability and efficiency.

1.1 Scope of the Thesis

This thesis tackles the problem of visual perception on complex road scenes to improve safety and to
understand the road scenes parametrically to help the downstream navigation tasks of the ego vehicle.
To achieve the objectives mentioned above, we use perspective view imagery captured using front-
facing camera mounted on the ego-vehicle, corresponding satellite imagery extracted using the GPS
positioning.

1.1.1 Problem Definition

Looking Farther in Parametric Scene Parsing with Ground and Aerial Imagery:
Parametric models representing layout in terms of scene attributes are an attractive way to understand

the road scene in autonomous navigation. Understanding a complex road scene parametrically in the
Bird’s eye view makes the downstream navigational tasks intuitive. However, the perspective view
imagery recorded using the camera mounted on the ego-vehicle suffers from a narrow field of view
of the camera, Occlusions and Foreshortening. Parametric understanding of BEV layout requires 3D
understanding of the scene; expensive devices like LiDAR are used for this purpose. However, freely
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available aerial images (satellite) overcome these problems with its complementary properties. We
want to use aerial and ground images together to use their complementary properties to improve the
parametric road scene understanding.

Evaluating Computer Vision Techniques for Urban Mobility safety on Large-Scale, Uncon-
strained Roads: Advanced Driver Assistance Systems (ADAS) rely on algorithms to characterize driver
behavior, inspect road conditions, detect objects, predict motion, and identify abnormal events such as
traffic violations. These tasks are becoming particularly difficult, and existing methods are unreliable in
the unbridled road environment in developing countries. Infrastructure quality in unconstrained environ-
ments is uneven with insufficient lighting, signage, and damaged roads, making audit and maintenance
critical to road safety. The current approaches rely on large camera networks. However, building such
infrastructure on a large scale is costly and not scalable. Therefore, we need an affordable and scalable
solution to detect road safety risks.

1.2 Contributions of this Work

This thesis addresses the above problems to propose novel solutions to parametric road scene under-
standing and scalable system to detect the dangers of road safety.

• We propose novel multi-modal multi-task architecture for parametric road scene understanding
that leverages complementary properties of the ground and aerial imagery. This architecture pro-
vides new task-specific representations that give benefits in terms of field of view, occlusions, and
evaluation further away from the ego vehicle.

• We also release a dataset with processed aerial imagery for the corresponding perspective view
imagery for KITTI and Argoverse datasets and supplement them publicly with scene attribute
annotations.

• We propose a novel setup and system to audit road infrastructure and traffic violations in a scal-
able and affordable manner. Also, we demonstrate the scalability and effectiveness of the vision
algorithms on video covering 2000Km of the unconstrained road.

• We released those driving videos and related annotations providing the conditions in which data
is captured in unconstrained road scenes.
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1.3 Thesis Outline

In Chapter 2 provides an overview of the techniques used in this thesis. We explain and introduce
various architectures of multi-modal deep networks, feature fusion, multi-task learning and object de-
tection. The chapters (3, 4) provide a detailed information about our contributions to the two novel
solutions.

Chapter 3 presents the problem of Parametric scene parsing with the ground and aerial imagery and
extensively discusses relevant works in the literature on scene parsing using ground imagery, aerial
imagery, LiDAR and Open Street Maps. We list both the advantages and disadvantages of the prior
works to highlight the relevance of the proposed solution. Then, we provide information about the
dataset, architecture used in this work and discuss the results.

Chapter 4 establishes the need for large-scale road safety audits and evaluation of computer vision
techniques used for this purpose in a diverse set of conditions to understand their robustness and scal-
ability. We also introduce a novel dataset of long videos in unconstrained settings. Then we discuss
about the methods used to audit the infrastructure, traffic violations and extensively benchmark them
on the data stretching across 2000KMs. Finally, we demonstrate a city scale semantic map of the road
safety situation.

Chapter 5 concludes the discussion of this thesis by consolidating all the contributions made in our
work.
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Chapter 2

Background

2.1 Introduction

This chapter gives an overview of various components that form the backbone of all the experiments
done throughout this work. First, we discuss deep multimodal networks and conventional feature fusion
techniques. Second, we will discuss different deep neural network architectures for multitask learning.
Then finally, details about Object detection and the Family of R-CNN and YOLO architecture.

2.2 Multi-Modal Deep Networks

Modality in data refers to the form in which the information is stored. It is associated with the
sensory perception of the world around vision, audio, and text. Even within a perceptual mode, different
modalities of data can exist. For example, visual information about a scene stored in the image captured
on the ground and satellite can be considered different modalities, considering the additional details
captured in each setting. Human perception and understanding of the world are inherently multimodal.
The use of multiple modalities of data can improve the performance of neural networks on the task at
hand and enables a wide range of applications.

Learning an adequate representation of data to extract useful information for the prediction task is
crucial in deep learning. Good representations are expressive, meaning that a reasonably sized learned
model can capture many input configurations [5]. The representation of multiple modalities is even
more complicated with challenges such as combining heterogeneous sources, eliminating noise, etc.
Multi-modal learning is categorized as joint and coordinated [4]. The modality-specific embeddings
are obtained from respective neural networks in a joint representation learning method. Then these
modality-specific embeddings are fused to project into a common embedding space. Linear combination
or concatenation of the embeddings are simple examples of feature fusion, more details in section 2.2.1.
In coordinated representation learning, the embeddings of each modality are enforced to obtain desirable
properties, like the higher similarity between them, etc.
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2.2.1 Feature Fusion

The integration of features from multiple modalities to predict a discrete or continuous variable is
called multimodal feature fusion. Feature fusion can increase the reliability of predictions by allow-
ing complementary properties to be captured from multiple modalities. Conventionally, the fusion of
features is classified as

• Early fusion: The features extracted from each modality are fused together before prediction.

• Late fusion: It is also known as decision fusion, as the predictions from each modality are fused
together using maximum voting [57] and low rank fusion [50].

• Hybrid fusion: In this method, the features are fused with a combination of early and late fusion.

(a) Early Fusion (b) Late Fusion (c) Hybrid Fusion

2.3 Multi-Task learning with Deep Neural Networks

The learning paradigm in which models are trained on the same data, but simultaneously for multiple
related tasks is popularly known as multi-task learning. Multi-task learning gives a faster learning speed
without large-scale data for each task and helps reduce the computational demand for model training.
However, training multi-task deep neural networks to produce desired results is not trivial. Especially
negative transmission or destructive interference is a concern about improving task performance, result-
ing in reduced performance on other tasks due to conflicting needs. Mitigation of destructive interfer-
ence and ablation of positive transfer in multi-task learning is an active research area.

Ruder [74] categorized multi-task learning models, namely hard parameter sharing and soft parame-
ter sharing. The architectures that share parameters across all the tasks and are trained jointly to reduce
loss due each task is hard parameter sharing networks. Whereas in soft-parameter sharing networks, the
weights are specific to each task, but the output features at various levels combined or the loss function
is regularized with the difference between the model parameters.

Different variations of hard and soft parameter sharing multi-task architectures are proposed for
computer vision tasks. Liu et al. [49] proposed a multi-task attention network in which task-specific

6



(a) Hard Parameter Shar-
ing (b) Soft Parameter Sharing

Figure 2.2: Multi task networks can be broadly classified into two categories a) Hard Parameter Sharing
b) Soft Parameter Sharing.

features are extracted using task-specific attention blocks on global shared features for various vision-
based autonomous navigation tasks. The cross-stitch unit combines activations from multiple networks
to learn the optimal combination of task-specific features and shared features is proposed by Misra
et al [56]. Xu et al [100] proposed a network that first predicts a set of intermediate auxiliary tasks
ranging from low level to high level. Then those predictions are distilled to predict the final tasks of
depth estimation and scene parsing. Task routing layer, which uses a fixed task specific binary mask on
convolutional layer outputs to effectively assign a subnetwork to a task, is proposed by Strezoski et. al.
[82].

2.4 Object Detection

Object detection is a well known computer vision problem of detecting instance of semantic object
of different classes in images. Object detection has a wide range of applications from autonomous
navigation to healthcare. Many popular datasets like KITTI [28], PASCAL VOC [23] help immensely
in improving the performance of object detection algorithms.

Object detection networks can be divided into single-stage and two-stage detectors. YOLO [69],
R-CNN [30] are popular single and two stage detectors respectively.

7



2.4.1 R-CNN family

• R-CNN [30]: Region proposal module, feature extraction of proposed regions using convolu-
tional neural network, linear SVM (Support Vector Machines) based object classifier, and bound-
ing box regressor.

• Fast R-CNN [31]: Fast R-CNN extracts features of the entire image at once and passes the
proposed regions to the pooling layer to obtain fixed-size representations. These fixed size repre-
sentations are used for classification and bounding box regression using fully connected networks.
As the feature representation of the entire image happens at once, unlike the multiple iterations in
R-CNN. This improves the inference speed of Fast R-CNN highly.

• Faster R-CNN [72]: Faster R-CNN replaces the selective search with a fully convolutional region
proposal network to predict objects of different scales and aspect ratios.

2.4.2 YOLO family

YOLO [69] (you look only once) runs at real-time speed for object detection at 45 FPS on Titan X
GPU. The object detection problem is framed as a regression problem in YOLO, allowing it to directly
class probabilities and bounding box values directly for each object.

YOLO divides the image into L × L grid. An object on image belongs to a grid when its center falls
into that grid. Each grid predicts p bounding boxes and n probability scores for n classes. It uses a
convolutional neural network pre-trained on ImageNet dataset for feature representation.

YOLOv2 [70] adopts a subset of design principles of its earlier version. It introduces Batch normal-
ization in feature extraction network, introduces high-resolution input images for classification, predicts
the size and aspect ratio of anchor boxes using K-means clustering and multi scale training. YOLOv3
[71] improves upon YOLOv2 by introducing multi-scale feature maps and objectness score at the output
prediction along with bounding box, class probabilities.
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Chapter 3

Looking Farther in Parametric Scene Parsing with Ground and Aerial

Imagery

3.1 Introduction

Understanding complex road scenes plays a crucial role in autonomous navigation and is an active
area of research. Semantic understanding of the world can be obtained with non-parametric methods
like semantic segmentation [14, 22, 79, 73] and depth estimation [32, 42, 101]. However, despite precise
semantics, non-parametric outputs do not correspond to typical human interpretations associated with
driving. Thus, it might not be intuitive to use for downstream navigational reasoning or decision making
tasks.

In contrast to the above approaches, Wang et al [94] and Liu et al [48] propose a rich parametric
model to represent the 3D scene layout from monocular ground imagery, which facilitates high-level
reasoning. However, the model faces challenges in representing prominent aspects in the scene layout
outside the field of view of the camera and in estimating distance, and semantics due to perspective
foreshortening. Refinement, extraction, and understanding of global road topology [14, 3, 53, 34, 45]
using aerial imagery is advantageous due to its larger field of view, uniform resolution for distance
and semantic estimation in near and far-fields (due to a nearly orthographic projection). However, it
cannot observe all local properties of the road topology due to occlusions in aerial imagery arising
from vegetation and infrastructure. Given the complementary properties of the ground and aerial data,
we propose that benefits may be available through their combination. However, this is a challenging
problem for scene understanding, since both local details and global information are manifested very
differently in perspective and aerial imagery.

We propose to use both, aerial and ground modalities, for the task of parametric representation of
road scenes to exploit their complementary properties as illustrated in Figure 3.1. Several prior works
exploit such complementary understanding from multiple data modalities such as ground and aerial
imagery [54, 104, 96, 97, 52, 18, 91, 19] , ground imagery and LIDAR data from perspective view
[92, 46], ground imagery, and Open Street Maps (OSM) [92], aerial imagery and OSM [92], as well
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(a)

(b)

Figure 3.1: (a) While ground imagery provides strong cues for local properties of the road topology,
they are limited by the narrow field of view of the camera, occlusions, and perspective foreshortening.
In contrast, aerial imagery has the advantage of a larger field of view, presents a uniform resolution in
both the near, and far fields and is free from severe occlusions due to traffic. (b) This paper derives a
parametric representation of scene geometry and semantics in unconstrained traffic scenes. We leverage
aerial imagery to look ahead and complement the local visual cues from ground imagery. Note that the
bright red spot on the aerial image corresponds to the position of the ego vehicle.
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as LIDAR and OSM [92, 83, 26]. We differ from all those works in using aerial imagery to obtain
global context and ground imagery for strong visual cues of local measurements to derive a parametric
representation of scene geometry and semantics in unconstrained traffic scenes. We propose a new scene
model, network architecture, and multi-task training strategy to fully realize the complementary benefits
of ground and aerial imagery.

The parameters used to define our scene layouts are existence and distance to the intersection, type
of intersection, number of lanes on both sides, number of lanes on the opposite side etc. We use the
annotations released by [93] on the KITTI dataset to compare the results with previous works. However,
This dataset is limited to describing scenes that are only up to 30 meters from the ego-vehicle. Thus, we
supplement the existing Argoverse dataset [13] with scene attributes annotations that can describe road
scenes that far from the ego-vehicle. It is important to note that manual annotation for these parameters is
very subjective, needs complex reasoning of the scene’s geometry and expensive to collect at large scale.
We thus leverage the publicly available Argoverse HD map [13] and automatically extract attributes from
it. We then show the increasing importance of aerial imagery in predicting scene attributes that rely on
distant visual cues.

To summarize, in this paper, we make the following contributions:

• A novel approach to parametric road scene understanding that leverages complementary proper-
ties of the ground and aerial imagery.

• Novel representations that yield advantages for the field of view, occlusions, and estimation farther
from the ego-vehicle.

• A dataset with processed aerial imagery and scene attribute annotations supplement the publicly
available Argoverse dataset.

3.2 Related Work

3.2.1 Parametric scene understanding

Parametric scene understanding is the task of approximating a road scene with a set of parameters,
that are often human interpretable and thus intuitive to use for downstream navigational reasoning or
decision-making tasks. Ess et. al. [22] propose a method to distinguish between different road layouts
and also detect the presence of cars and pedestrians, while Mattyus et al. [53] estimate the width of
OSM roads by utilizing aerial imagery. These methods only provide a crude understanding of the road
scene. Geiger et al. [27] reason about the scene topology, geometry, and traffic activities from hand-
crafted features and evaluate on a limited dataset of 113 images. Mattyus et al. [54] jointly infer the
location and width of roads, cycling pavements, parking areas, and sidewalks using aerial and stereo
ground imagery. They use hand-crafted features which model only straight roads and do not work on
scenes with intersections. In contrast, our work can model complex road scenes, including intersections.
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We find [94, 48, 78] to be the closest works to ours. Seff et al. [78] use CNN to automatically infer the
scene attributes from a monocular RGB image. Wang et al. [94] estimate the semantic layout of ground
imagery in Birds Eye View (BEV) and then extract scene attributes. Liu et al. [48] propose to use videos
to benefit from cues of camera motion and long-term context. They make use of a Feature Transform
Module to fuse features from nearby frames and a COLMAP [75, 76] based scene reconstruction of the
whole video sequence to provide global information. However, all these models still suffer from issues
of occlusion and perspective foreshortening inherently present in ground imagery, which we overcome
by providing imagery from aerial modality. Additionally, we can provide surrounding scene context to
the model by simply enlarging the field of view in aerial imagery.

Figure 3.2: We employ two Dilated Residual Networks [103] (DRN), till the penultimate layer, to
extract generic features from ground and aerial imagery. The ultimate layer of the DRN is then used
to extract targeted features for each attribute, individually. The attribute-specific aerial and ground
features are then passed through an adaptive max-pooling layer and fused using learned weights (αi).
The fused features are passed to a convolution neural network to predict binary, continuous, and multi-
class attributes (η1 − ηn), where n is the number of attributes. Note that the bright red spot in the aerial
image corresponds to the position of the ego-vehicle.

3.2.2 Aerial-ground reasoning

Hu et al. [35] address the task of geo-localizing a ground-view image on an aerial image. Li et al.
[43] propose a method to adapt to ground imagery in unseen regions with the help of aerial imagery.
While these methods utilize both modalities of data, they focus on obtaining similar features from
both views. In contrast, we leverage the complementary properties of the modalities to obtain more
robust representations. Wegner et al. [95] detect trees by jointly reasoning from aerial and ground
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imagery. They use per-view detectors to obtain detection proposals from each image separately. The
proposals from each view are then combined to generate the final proposals. While they combine the
two modalities at the output level, we combine the aerial and ground imagery at the feature-level. This
provides the model with more vital cues to learn and predict from. Feng et al. [24] propose a method
for urban zoning by using the semantic information from aerial imagery and the classification outputs
from ground imagery. The extracted features are then passed to an MRF for inference. However, they
use hand-crafted features, and their method is not trainable end-to-end. Workman et al. [97] propose an
end-to-end trainable network for estimating geospatial functions such as population density, land cover,
and land use. They use kernel regression and density estimation to convert features from ground-level
images into a dense feature map and combine them with the aerial imagery features.

Manderson et. al [52] learn a navigation policy for off-road driving leveraging complementary inputs
of ground and aerial imagery. In comparison, we learn novel representations that provide an accurate
representation of scene geometry and semantics in unconstrained traffic scenes. Our architecture yields
advantages with respect to the field of view, occlusions and estimation farther from the ego-vehicle.

3.3 Parametric scene parsing with ground and aerial imagery

Scene Model We can model a complex road scene using a set of binary, continuous and multi-class
attributes. Binary attributes indicate the presence or absence of road components such as neighboring
lanes, intersections, and side roads. Multi-class and continuous attributes provide a detailed understand-
ing of these components by quantifying them, for example, the number of neighboring lanes and the
distance to the intersection. In total, we have 14 binary (ΘB), 2 multi-class (ΘM ) and 8 continuous
(ΘC) attributes for KITTI, and 8 binary, 2 multi-class and 2 continuous attributes for Argoverse. For
more details, refer to [93] for KITTI, and Section 4 for Argoverse.

3.3.1 Architecture

As discussed earlier, each driving scene is described by a rich set of attributes. Since each attribute
describes a different road component, naturally, the visual cues attended to in the image vary signifi-
cantly. With the aerial and ground modalities providing complementary properties, it is important to
fuse features efficiently to leverage this advantage. Additionally, the amount of context available from
a particular modality differs for different attributes. Finally, due to the large number of attributes being
learned, there is an inherent trade-off between increasing model capacity for learning discriminative
features for each attribute and the resultant model size. These reasons make the architecture design for
parametric scene understanding from complementary modalities challenging, which we seek to address
below.

13



3.3.2 Attribute specific feature extraction

We use DRN as our backbone architecture for feature extraction. The choice of the feature extractor
is not a focus of our work and can be replaced by other networks like ResNet [33]. Seff et al. [78]
predict scene attributes by training a separate network for each attribute, thereby wasting computation
by not learning shared features. On the other extreme, Wang et al. [94] learn and predict scene attributes
from a single shared branch, thereby restricting the model from learning more discriminative features
per attribute. We strike a balance by learning a shared DRN from each modality until the last layer,
from where we branch. This allows the model to learn attribute-specific features from each modality
with minimal impact on model size.

3.3.3 Multimodal fusion for leveraging complementary properties

Efficient fusion of features from the ground and aerial modalities is important to leverage their
complementary properties since the importance of a modality varies for each attribute. For exam-
ple, nearby lane information is more prominent in ground modality due to the high resolution of
ground imagery, while information on side roads is clearer from aerial imagery due to the uniform
resolution of the modality. Thus we fuse the features through a weighted sum given by the equation
f if = αif

i
g + (1 − αi)f

i
a, where f ig, f

i
a, f

i
f are ground, aerial, and fused features of the ith attribute

respectively and αi is a learnable parameter to fuse the ground and aerial features of the ith attribute.
Vielzeuf et al. [89] propose a multi-layer fusion approach and claim better results than the above men-
tioned fusion technique. However, while extending their technique to a feature extractor shared by
multiple attributes, the influence of one modality on the other at the earlier layers leads to bias, resulting
in the network performing well only on specific attributes. Thus, we extract features independently from
each modality and then finally fuse features through a weighted sum.

3.3.4 Multi-attribute prediction

The fused features for each attribute are passed to a prediction network separately. The prediction
network consists of two convolutional layers, a global average pooling layer, and a fully connected layer
in sequence.

3.3.5 Loss function

We use weighted cross entropy and least squared error as our loss functions. As the losses of binary,
continuous and multi-class are of different scales, we use multipliers to each of these losses, denoted by
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γB, γC and γM respectively.

L =
1

N

N∑
i=1

γB BCE(ΘB,i, ηB,i) + γM CE(ΘM,i, ηM,i)

+ γCŁ2

(3.1)

where BCE is Binary Cross Entropy, CE is Cross Entropy and {Θ, η}.,i denotes the ith sample in the
dataset of length N and corresponding scene attributes.
ηB = {η1, η2, . . . , ηb}, ηM = {ηb+1, ηb+2, . . . , ηb+m}, ηC = {ηb+m+1, ηb+m+2, . . . , ηb+m+c},

n = b+m+ c

where b,m, c, n are the number of binary, multi-class, continuous and total attributes respectively in
the scene model.

3.4 Experiments and Results

3.4.1 Datasets

We use two datasets, Argoverse and KITTI for ground imagery in perspective view. Wang et al. [93]
provide scene attribute annotations for the KITTI dataset. Since the released annotations on the KITTI
dataset is limited to road scenes up to 30m, we supplement the publicly available Argoverse dataset with
scene attribute annotations for road scenes up to 60m. Since aerial imagery for KITTI and Argoverse are
unavailable, we collect and process aerial imagery for both these datasets. For each of the above datasets,
we acquire aerial imagery from Google Maps at zoom level 21. The Ground Sampling Distance (GSD)
is 30cm for KITTI and 15cm for Argoverse. The aerial imagery is rotated such that the direction of the
ego-vehicle always points towards the north of the aerial imagery. The scene attribute annotations on
the Argoverse dataset, along with the processed aerial imagery for all datasets are released publicly. We
further refer to these extended datasets on KITTI and Argoverse as KITTI-Air-PSU and Argo-Air-PSU,
respectively.

3.4.1.1 KITTI-Air-PSU

We only use the left-front RGB images from the stereo camera in the KITTI dataset. Wang et al. [93]
annotate each image with 14 binary, 2 multi-class and 8 continuous attributes. The attributes describe
mainroad, intersections, sideroads, crosswalks, and sidewalks. There are in total, 16273 training and
2108 validation images. Please refer to [93] for detailed information.

3.4.1.2 Argo-Air-PSU

The KITTI-Air-PSU dataset is limited to describing scenes that are only up to 30 meters from the
ego-vehicle. In an another work, Seff and Xiao [78] release annotations for 1 million Google Street
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Table 3.1: Description of attributes of the Argo-Air-PSU scene model. B: Binary, M: Multi-class, C:
Continuous.

ID Description

B1 Are there lanes to the left of the ego-vehicle?
B2 Are there lanes to the right of the ego-vehicle?
B3 Is the main road one-way?
B4 Is there a side road to the left at the next intersection?
B5 Is there a side road to the right at the next intersection?
B6 Is the ego-vehicle at an intersection?
B7 Does the main road continue after the next intersection?
B8 Is the main road curved?

M1 Number of lanes to the left of the ego-vehicle?
M2 Number of lanes to the right of the ego-vehicle?

C1 Distance to the next intersection
C2 Radius of curvature

View (GSV) panoramas by automatically extracting attributes from the crowdsourced Open Street Maps
(OSM). While this dataset is huge, there are several drawbacks associated with it. While there is a se-
vere misalignment between GSV imagery and the roads in OSM, the annotations also are incomplete
and error-prone due to the weak vetting process. In contrast, Argoverse provides HD maps from which
we automatically query and extract accurate scene attribute annotations. We use the center-front images
in the Argoverse tracking dataset as the ground imagery and create two different versions of the dataset.
The first version covers scene attributes up to 30 meters in front of the camera, which we further call
Argo-Air-PSU-30. The second version covers scene attributes up to 60 meters in front of the camera,
which we further call Argo-Air-PSU-60. Since the Argoverse dataset only contains information pertain-
ing to roads, we annotate the Argo-Air-PSU dataset on mainroads, intersections and sideroads. In total,
we obtain annotations for 13122 training and 5017 validation images with 8 binary, 2 multi-class and 2
continuous attributes as described in Table 3.1.
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Table 3.2: Comparison of our Unified model with online methods on the KITTI, Argo-Air-PSU-30 and
Argo-Air-PSU-60 validation sets. Across datasets and attribute types, the Unified model shows better
performance than prior works [94, 78] and baselines that use only a single modality.

Method
KITTI [27] Argo-Air-PSU-30 Argo-Air-PSU-60

Accu-Bi. ↑ Accu-Mc. ↑ nMSE ↓ Accu-Bi. ↑ Accu-Mc. ↑ nMSE ↓ Accu-Bi. ↑ Accu-Mc. ↑ nMSE ↓

M-RGB [78] .811 .778 .230 - - - - - -
M-BEV [94, 77] .820 .777 .141 - - - - - -

Proximate (ours) .833 .795 .168 .885 .838 .089 .883 .842 .088
Remote (ours) .817 .796 .116 .93 .792 .058 .893 .811 .062
Unified (ours) .848 .819 .118 .939 .896 .047 .904 .852 .052

3.4.1.3 Evaluation Metrics

For binary and multi-class attributes, we report on binary accuracy (Accu-Bi.) and multi-class accu-
racy (Accu-Mc.) respectively. Since few attributes in the dataset are highly biased, we experiment with
F1 scores. However, since a single misprediction on the minor class results in heavy penalization, we
observe that accuracy better reflects the performance of the model. For continuous attributes, we report
on the normalized MSE (nMSE) scores. We report on IOU as the renderer required for computation is
imperfect and the IOU scores are influenced by the implementation of the renderer.

3.4.2 Implementation Details

We set the batch size to 12 and used Adam for optimization with a learning rate of 10−4. We set
multipliers for binary, continuous, and multi-class losses to γB = 30, γC = 0.01 and γM = 30, so that their
respective losses lie in the same scale. We train every model on 4 NVIDIA 1080 GPUs for 10 epochs.
The code and the models are released publicly.

3.4.3 Baselines

To the best of our knowledge, [94], [48], and [78] are the only works that perform parametric road
scene understanding. We note that recent works like [73, 77] generate semantic maps or occupancy
grids in BEV, however, the outputs are non-parametric and thus, not directly comparable to us.

M-RGB [78] The features are extracted from ground imagery using a shared ResNet-101 [33]. The
scene attributes are inferred directly by passing features through a fully connected (FC) network.

M-BEV [94, 77] The model constructs the BEV of ground imagery using semantic and depth labels.
Features are extracted from BEV using CNN and followed by FC network for predictions.

Liu et al. [48] The model takes a video sequence from ground modality, converts them to BEV
and fuses features from different frames using a Feature Transform Module. Further, an expensive
COLMAP based reconstruction applied to the entire video sequence in an offline manner is provided as
an additional input to the network.
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Proximate (ours) We use the Unified model proposed by us but only use features from the ground
imagery.

Remote (ours) We use the Unified model proposed by us but only use features from aerial imagery.

3.4.4 Dataset Details

Argoverse provides HD maps as a vector representation consisting of nodes and ways. A way is a
lane segment containing a series of nodes (polyline). Multiple ways are connected to form lanes. It is
important to note that each node has its‘ own GPS coordinate. For each image, we obtain the coordinates
of the ego-vehicle and match it with the closest lane segment based on distance. We refer to the lane
segment containing the ego-vehicle as the ego-lane.

3.4.4.1 Number of lanes

Each lane segment contains information on its immediate left and right neighboring lane segments.
Using this, we can then recursively find all lane segments on either side of the ego-lane. We calculate the
number of lanes on either side of the ego-vehicle by counting the neighbors in each side. Our annotation
for lanes on the left of ego-vehicle also includes lanes in the opposite direction.

3.4.4.2 Oneway

Each lane segment has a direction associated with it, which indicates the direction of vehicular
movement in that lane segment. While computing the neighbors of the ego-lane, we also compare the
direction of the neighboring lane segments with the ego-lane. If there are no lane segments opposite the
ego-lane, we annotate the main road as one way.

3.4.4.3 Ego-vehicle is at an intersection?

Each lane segment has a flag associated with it, indicating whether it is part of an intersection or not.
Based on the flag’s value for the ego-lane, we annotate if the ego-vehicle is at an intersection or not.
It is important to note that we do not extract annotations for other attributes if the ego-vehicle is at an
intersection.

3.4.4.4 Distance to intersection

Each lane segment has information on its‘ immediate successors. Lane segments have a single
successor except for those just before intersections, where they might have more than one successor.
We recursively find the next successor from the ego-lane, until we reach an intersection. We annotate
the distance to the intersection as the sum of lengths of all lane segments up to that intersection. Since
each lane segment is a polyline, and we calculate the distance as the length along with the nodes of
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the polyline. For the ego-lane, we only calculate the distance from the ego-vehicle to the end of the
ego-lane.

3.4.4.5 Side roads and intersection geometry

As mentioned earlier, each lane segment has a single successor except for those just before inter-
sections. These lane segments before intersections may contain one or more successors, depending on
the geometry of the intersection. Lane segments also contain information on turn direction. The turn
direction indicates the relative direction of the lane segment with respect to its predecessor. Combining
the above two pieces of information, we can extract attributes on side roads and intersection geometry.
Firstly, we find the successor of the ego-lane that is just before the intersection. Then, we find all suc-
cessors of this lane segment along with its turn direction. The turn directions are used to identify if there
is a left or right side road and also if the main road continues after the intersection.

3.4.4.6 Is the main road curved?

We first find the closest three nodes to the ego-vehicle in the ego-lane. Using the coordinates of
these three nodes, we find the radius of the circle that contains all three nodes. If this radius is below
a threshold, we annotate the road to be curved. The threshold is empirically chosen to be 1000. Since
this radius of curvature is an inaccurate approximation, we do not use it as a continuous attribute for
training.

3.4.4.7 Explanation for using accuracy over F1 score

Most of the attributes that we predict to describe the road layout are very biased. The extreme
imbalances in the dataset have resulted in F1-score being very sensitive just to one misprediction or
correct prediction. Due to this, F1-score did not reflect the actual performance of the model. The closest
work to ours is by Wang et al., [94] claimed the same observation as ours and used accuracy as a metric.

3.4.5 Results

3.4.5.1 Comparison on KITTI dataset (online methods)

In comparison to prior works, Table 3.2 shows our Unified model achieving a significant improve-
ment in binary accuracy (.820 to .848), multi-class accuracy (.777 to .819), and on nMSE scores (.141
to .118) for continuous attributes. Comparing Proximate with M-RGB, where the only difference is the
architecture being used, we can clearly observe the impact of our design choices. Despite M-BEV using
additional semantic and depth information, our Remote model still performs better on multi-class and
continuous attributes, while there is a minor performance drop on binary attributes. We now compare
the performance of our Unified model against our Proximate and Remote models. While the Unified
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Table 3.3: Normalizing constants used for evaluation of continuous attributes on all datasets are pro-
vided. Abbreviations used in the table are as follows:
mr: main road; sw: sidewalk; sr: side road; delim: delimiter; cw: crosswalk; dist.: distance; int.:
intersection.

(a) KITTI-Air-PSU

Attributes Constants
mr rotation 25.0
mr curvature 1000
left sr width 51.8
right sr width 51.8
mr delim width 15.0
sw delim width 8.0
dist. to right sr 31.85
dist. to left sr 31.85
dist. to cw on mr 12.0

(b) Argo-Air-PSU-30

Attributes Constants
dist. to int. 30.0

(c) Argo-Air-PSU-60

Attributes Constants
dist. to int. 60.0

Table 3.4: Comparison of our Unified model with offline methods on the KITTI validation set.

Method
KITTI [27]

Accu-Bi. ↑ Accu-Mc. ↑ nMSE ↓

Liu et al. [48] .842 .841 .134
Unified (ours) .848 .819 .118

model shows similar performance to Remote on nMSE scores, there is a marked increase in binary and
multi-class accuracy over both Remote and Proximate models. Overall, the performance of the Unified
model clearly shows the advantage of using both aerial and ground modalities for the parametric scene
understanding.

3.4.5.2 Comparison on Argo-Air-PSU-30 and Argo-Air-PSU-60 datasets (online methods)

As shown in Table 3.2, the results indicate that the Unified model shows better performance than Re-
mote and Proximate models on binary, multi-class, and continuous attributes. Importantly, they demon-
strate the ability of aerial imagery in looking ahead at scenes that are farther away from the ego-vehicle.
Looking at the continuous and binary attributes, the performance of the Remote model is superior to
Proximate model in both the Argo-Air-PSU-30 and Argo-Air-PSU-60. Most of the binary attributes and

20



Table 3.5: The table shows the results of various ablation studies performed with the Unified model
on the Argo-Air-PSU-30 dataset. Each row block corresponds to an experiment set. The results are to
be compared within the block and with the final row, corresponding to our final Unified model. GAP:
Global Average Pooling, AMP: Adaptive Max Pooling, Uni. sum: Uniform Sum, Wt. sum: Weighted
sum, Pos: Position

Car Pos. DRN Branch Pooling Fusion Prediction N/W
Argo-Air-PSU-30

Acc-Bi ↑ Acc-Mc ↑ nMSE ↓

Middle No GAP Concat. Shared .922 .786 .170
Middle No GAP Concat. Individual .924 .816 .090

Middle Yes AMP Concat. Individual .934 .805 .070
Middle Yes AMP Uni. sum Individual .936 .816 .085

Middle Yes GAP Wt. sum Individual .925 .863 .099

Middle No AMP Wt. sum Individual .935 .852 .066

Bottom Yes AMP Wt. sum Individual .923 .821 .080

Middle Yes AMP Wt. sum Individual .939 .896 .047

all the continuous attributes correspond to global properties of the road topology. Thus, we can infer
that addition of aerial modality improves the performance in predicting global properties, such as details
of road intersection and side roads. Similarly, we can observe that the performance of the Proximate
model is better than that of the Remote model on multi-class attributes i.e. lanes to the right of ego
lane and lanes to the left of ego lane (local properties). The aerial imagery also aids in improving the
performance of the Unified model on multi-class attributes in case of occlusions in ground imagery.

3.4.5.3 Comparison on KITTI dataset (offline methods)

From Table 3.4, we observe that though Liu et al. [48] utilize the complete video sequence for pre-
dicting scene attributes at a particular timestep, our Unified model still performs better on binary and
continuous attributes, while observing imagery only from that current timestep. However, we perform
worse on multi-class attributes constituting less than 10% of the total attributes. We note that [48] uses
additional cues from scene reconstruction and vehicle localization, while we extract novel representa-
tions from aerial and ground modality without additional context and fuse them efficiently.

3.4.5.4 Ablation Experiments

To investigate the design choices of our Unified model, we conducted several ablation studies as
shown in Table 3.5. Firstly, we observe that having an individual prediction network for each attribute
is desirable, as the model can learn more discriminative features for prediction. Secondly, we look at
different techniques for multimodal feature fusion. By learning optimal weightage for the two modalities
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for each attribute individually, the model using weighted sum is able to best exploit the complementary
properties of the two modalities. Thirdly, we look at the pooling techniques and observe that Adaptive
Max Pooling performs significantly better than Global Average Pooling since it is able to retain the
spatial context of features. Fourthly, we observe that even by branching only at the final layer of the
DRN leads to significant improvement, validating the importance of having attribute-specific features
before fusion. Finally, by placing the car at the middle of the aerial imagery, we are able to efficiently
incorporate prior context behind the ego-vehicle, thereby resulting in significant performance gains.

3.4.5.5 Qualitative Results

In Figure 3.3, we illustrate a few examples where our Unified model is able to overcome the individ-
ual shortcomings of aerial and ground imagery.
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(a) (b) (c)

(d) (e) (f)

Figure 3.3: (a) Curvature of the road is visible in aerial imagery, (b) Right sidewalk is occluded by trees
in aerial imagery, (c) Left sideroad is invisible in ground imagery due to occlusion by building, (d) Left
sideroad is not visible in ground imagery due to limited field of view (e) Right sideroad is occluded by
trees in aerial imagery (f) Aerial imagery incorrectly predicts as one-way due to building shadow. The
above examples demonstrate the advantage of using both aerial and ground imagery. For all examples,
the Unified model gives correct predictions. The (a) and (b) are examples where the Remote model
predicts correctly while the Proximate model gives incorrect predictions. The (c) and (d) are examples
where the proximate model predicts correctly, while the Remote model gives incorrect predictions. The
reason for incorrect predictions are mentioned in the individual captions. Example (b) is taken from the
Argo-Air-PSU-30 dataset while the rest are taken from KITTI-Air-PSU-30 dataset. Note that the bright
red spot on the aerial image corresponds to the position of the ego-vehicle.
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(a) Argo-Air-PSU-30 (b) Argo-Air-PSU-60

Figure 3.4: The distribution of binary attributes on either versions of the Argo-Air-PSU dataset is shown.
We can see a change in distribution between versions only for attributes B6, B7 and B8. The distributions
are similar for both validation and training sets. We can also observe there is an extremely high bias in
the dataset for attributes B2, B3 and B8.
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(a) (b)

Figure 3.5: The distribution of multi-class attributes on the Argo-Air-PSU dataset is shown. The dis-
tribution remains the same across both versions of the dataset. Since roads in Argoverse are right-side
driving (USA), lanes to the left also include lanes in the opposite direction. The distributions are similar
for both validation and training sets. We can observe that the number of instances of the last few classes
is extremely low.

(a) Training (b) Validation

Figure 3.6: The distribution of distance to intersection on the Argo-Air-PSU-60 dataset is shown.
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Chapter 4

Evaluating Computer Vision Techniques for Urban Mobility on

Large-Scale, Unconstrained Roads

4.1 Introduction

The ever-increasing urban population on roads has resulted in an increase in the number of accidents
and deaths [85], many of which could have been avoided with the effective use of technology. The es-
calating traffic also poses technical challenges in the urban mobility-related tasks to (i) driver assistance
(ii) reliable audit and maintenance of the infrastructure, and (iii) detection and prevention of traffic vi-
olations. This is especially true for unstructured driving situations and unconstrained roads, which are
common in developing countries.

Performance of driver assistance systems and automated control modules often rely heavily on the
algorithms for (i) characterizing driven attention and behavior (ii) inspecting road conditions and infras-
tructures and (iii) detecting obstacles, predicting movement patterns, and evaluating motion trajectories.
Aggregating the environmental information perceived through a camera is essential to the Advanced
Driver Assistance Systems (ADAS). This becomes challenging in unconstrained road situations. Popu-
lar ADAS systems, even though they work satisfactorily in well-conditioned environments, struggle to
identify the irregularities in roads and road objects in unconstrained road situations popularly seen in
large parts of the world.

Unconstrained roads suffer from uneven quality of infrastructures, such as low lighting, inadequate
signage, and damaged roads, making road safety a challenging problem [38]. Therefore, tasks such as
regular audit and maintenance of road infrastructure and traffic violation monitoring become critical for
safety. Current approaches rely heavily on large camera networks. This is not scalable or economical
for massive lengths of roads in the ever-expanding urban settlements [51, 65].

However, current vision-based unstructured road detection algorithms are usually by continuously
changing backgrounds, different road types (shape, color), variable lighting conditions, and weather
conditions. Therefore, we need a highly automated, affordable, and scalable solution.
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Figure 4.1: Irregularities in chaotic streets. Top to bottom: i) Sample street lights & traffic signs, ii)
Road & Infrastructure defects, iii) Streets without street lights, markers (sometimes faded) & traffic
signs, iv) Violations at varying orientations.

Figure 4.1 gives a glimpse of the potential problems seen in an unstructured situation. This includes
(i) missing, rusted or nonfunctional signages, traffic lights, and street lights (ii) uneven and partly dam-
aged roads (iii) illegal movement patterns and traffic violations. We detect such road situations with a
simple camera mounted on a car and avoid expensive camera networks.

This paper demonstrates the effective use of computer vision algorithms in economically addressing
the urban mobility challenges in unstructured driving situations. We inspect road infrastructure and
conditions (such as no lane markings, potholes, absence of street lights), defective traffic signs, and also
demonstrate the detection of traffic violations.

The contributions of this paper are as follows:

• Demonstrating the scalability and effectiveness of the vision algorithms on 2000Km with a sys-
tematic evaluation.
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Figure 4.2: Distribution of 20 conditions-based hierarchical frame-level labels for different timings,
weather conditions, road type, traffic density, and state of road damage on which we evaluate road
surface, traffic infrastructure, and traffic violation models. Adverse weather conditions, congested lanes,
heavy traffic, and damaged roads make our evaluation challenging and extensive

• We also release annotated resources that help further research on road safety on unstructured road
situations.

4.2 Related Work

Many previous works have demonstrated the applications of the computer vision models for object
detection, semantic segmentation, and vehicle tracking in urban mobility [62, 102, 9, 65]. The chal-
lenges like Nvidia AI city[58], CityFlow[84], and AutoNUE[1] have popularized city-scale mobility-
related tasks.

4.2.1 Road Safety Systems

Early work on road safety [15, 64] demonstrated the effective collaboration between perception and
control to increase the safety. Pedestrian detection [29], driver state and behaviour characterization
etc., became an integral part of the ADAS system over the years. Zhang et al. [107] demonstrate a
stereo-vision based training free approach to detect road regions accurately and robustly. Comprehen-
sive surveys on vision-based traffic monitoring and vision applications in urban analytics are regularly
conducted [17, 37, 36].

Dynamic objects around a vehicle also impact the safety and performance of the vehicle. Billones
et al. [8] measure the speed of a vehicle by counting the frames it takes to pass a region of interest
or reference lines. Singh et al. [81] present a framework for visual big data analytics for automatic
detection of bike-riders without helmets in city traffic and discuss the challenges associated with city-
scale surveillance for traffic control. Recent works have shown CNN to produce better results for helmet
detection and classification [90]. Frossard et al. [25] detect driver’s intent by detecting turn signals and
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emergency flashers in video sequences. Datasets and robust models for pedestrian intent prediction are
also present in the literature [40, 39, 41, 68, 47]. We use recent vision techniques to inspect helmet
violations at scale on the unconstrained road scenes under different conditions in comparison to these
works.

4.2.2 Road Inspection Systems

. Road infrastructure’s soundness and suitable perceptibility form the essential elements of driver
safety. Burschka et al. [10] introduce a vision-based system for traffic sign detection and ego-motion
estimation. Another early work involves detecting cracked regions using a weakly supervised superpixel
classifier trained on 220 images [87].

With the motivation to reduce asphalt pavement distresses, Kanza et al. [2] detect and localize pot-
holes in 120 cropped road images using Histograms of oriented gradients (HOG) features and Naı̈ve
Bayes classifier. Zhang et al. [106] employ Convolutional Neural Network (CNN) to classify image
patches of the road as defective or non-defective and evaluate it on 500 images. Yerram et al. [102] train
a multi-step ERFNet based model with an attention mechanism on around 1000 unconstrained road
scenes to segment road pixels into 9 different defects. However, these inspection methods apply road
inspection at small scales compared to the approach in this paper.

The closest works to ours from this direction are i) Ma et al. [51], who utilize Fisher Vectors with
Convolutional Neural Networks (CNN) to classify 700k images from 70k street segments into poor, fair,
and good, and ii) Modhugu et al. [67], that demonstrate an automatic model for road infrastructure audit
concerning traffic signs, street lights, and lane markings. In contrast to these works, we extend the range
of functionalities, the volume of training data, and test the system’s scalability extensively on a larger
dataset spanning 2000 km of unconstrained roads.

4.2.3 Unconstrained Road Scenes and Datasets

Like many other areas, the data sets also drive research in understanding road scenes. Datasets like
KITTI [?], Cityscapes [16], Argoverse [13], and NuScenes [12] facilitated the rapid development of
this area. These results are often not directly applicable in unstructured road situations prevalent in
large parts of the world. Developing economies’ roads and traffic conditions in Latin America, Africa,
and Asia are unstructured and unconstrained. The unstructured and unconstrained environments pose
many challenging and complex problems creating scope for newer architectures and training methods.
To meet the needs, Verma et al. [88] introduced an India Driving Dataset (IDD), a novel dataset for
road scene understanding in unstructured environments. It consists of 10,000 images, with 34 classes
collected over 182 drive sequences on roads in various parts of India. A rich label set with a four-level
hierarchy represents the nuances of real driving behaviors in semantic segmentation.

Our attempt is to evaluate situations similar to that of IDD, but at a much large scale in terms of the
length of the roads and the number of hours of driving. In contrast to the previous attempts in IDD, we
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Table 4.1: Detection results for several tasks on their respective datasets.

Task / Dataset Precision Recall F1 mAP@0.5

Street Lights 0.77 0.85 0.81 0.83
Traffic Signs 0.88 0.74 0.80 0.75
Traffic Participants 0.82 0.79 0.80 0.81
Helmet Violations 0.78 0.83 0.81 0.83
Potholes 0.66 0.53 0.59 0.54

do not focus on semantic segmentation or detection of common road objects. We focus on irregularities
on the road surface and traffic infrastructure. Figure 4.2 demonstrates the diversity in the conditions we
have used in the evaluation.

4.3 Road Safety Monitoring System

This section discusses the objectives and pipeline for the proposed vision-based road safety moni-
toring system.

4.3.1 Objectives

We perform road infrastructure audits and traffic violation monitoring on large-scale unconstrained
road sequences. By computing on differing conditions of the road, traffic, and environment, we (i)
evaluate existing computer vision techniques at scale for addressing road safety and (ii) summarize the
state of road safety in the city and present our key findings. As part of the auditing road infrastructure,
we identify possible irregularities in streets(including missing lane markings and potholes), absence of
street lights, and defective traffic signs. Our selection of tasks is attributed to them providing essential
visual cues for navigation and allowing for efficient mobility. Moreover, such infrastructure is widely
prevalent, making them appropriate for evaluating the road infrastructure module at scale.

We focus on two-wheeled motor vehicle riders for monitoring traffic violations, as they account
for nearly 30% of road accident deaths worldwide [98]. Around 74% of riders are involved in fatal
accidents not found to be wearing protective helmets [55]. So, we find helmets to be critical for safety
and specifically identify helmet violations. The widespread occurrence of helmet violations also allows
for evaluating the traffic violations module under various conditions. We present the evaluation scores
of existing methods on these tasks on large-scale unconstrained videos in Section 5 and the city-scale
assessment of road safety in Section 6.
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Figure 4.3: Pipeline of proposed road safety monitoring system. We identify road objects in each frame
from a video feed, track them across the video, and temporally fuse predictions.

4.3.2 Pipeline

We simultaneously carry out several different tasks from a video feed, as visualized in Figure 4.3. We
first detect (or segment) road objects of primary interest in each frame and then track the detected items
across the video. We finally leverage temporal viewpoint variance to fuse and strengthen the predictions.
For each of the task, the design choices are primarily motivated towards (i) using networks with high
performance and widely adopted by the community and (ii) having a fast inference time to evaluate
models on large-scale data. For initial training and quantitative analysis, we annotate 4.3k images from
the Indian Driving dataset (IDD) by Verma et al. [88]. We use 80 : 20 as a train:test split—the detection
results for different tasks are shown in Table 4.1. We note that the network’s choice is not a focus of this
work and may be replaced with other architectures.
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4.3.2.1 Identification of Road Objects

We now discuss the models this work employs for identifying the irregularities in lane markings,
infrastructure, and traffic rules.
Lane markings are continuous and require strong structural priors for segmentation. We employ Spatial
Convolutional Neural Network (SCNN) [99] to segment lane markings as it also extrapolates the lane
markings occluded by other objects on the road surface.

Traffic signs, Street lights, Potholes and Traffic participants are directly detected from the incom-
ing video feed. We employ YOLOv4 by Bochkovskiy et al. [9] for this purpose, as YOLOv4 provides a
good trade-off between detection performance and speed. As part of traffic participants, we detect riders
and motorcycles separately and associate them using simple heuristics.

Helmet violations are computed on the detected crops of riders and motorcycles. For detecting
license plates, we use the WPOD-NET by Silva et al. [80], which detects and geometrically transforms
the license plates to a planar front-view. For helmet detection on riders, we employ YOLOv4 for the
same reasoning mentioned earlier.

4.3.2.2 Tracking Identified Objects

The detected objects, viz. traffic signs, street lights, potholes, and traffic participants, are passed
to a tracker. By using a tracker, we (i) avoid redundant counting, (ii) temporally fuse predictions, and
(iii) smoothen detections across the frames. We use Simple Online and Realtime Tracking (SORT) by
Bewley et al. [6] as the tracker since it is extremely fast and provides relatively high accuracy. SORT
tracks objects by employing the Kalman filter to handle motion prediction and the Hungarian method
for frame-by-frame data association. They use bounding box overlap of detections as the association
metric.

4.3.2.3 Temporal Fusion

Since subsequent frames provide a different viewpoint of the same object to the network, we com-
bine individual frames’ predictions and smoothen any aberration. We use majority voting, a standard
late fusion technique, to combine frame-level predictions of traffic sign classification, rider-motorcycle
association and helmet classification.

4.4 Data Capture

Constant wear and tear, heavy rains, and laying of underground cables necessitate routine mainte-
nance of roads. Due to economic and regulatory hindrances, a lack of maintenance, weak accountability,
and unreliable funding has resulted in unconstrained road conditions. As shown in Figure 4.5, rough ter-
rains including muddy, bumpy roads and defects such as potholes, waterlogs and hazardous road objects
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Figure 4.4: Capture under different lighting conditions. Clockwise from top-left: cloudy, sunny, rainy
and shadows.

are a common occurrence. The problem is compounded due to varying level of occlusions, unstructured
motion, and cluttered background, Other road infrastructure components that aid navigation is found
in a similar state of poor planning and maintenance. Lane markings either do not exist or are covered
in dust, traffic signs are worn out or are concealed amidst the background clutter, and street lights are
obscured by vegetation.

As shown in Figure 4.6, there is also a significant variation in the traffic participants and their be-
havior. Two-wheelers (motorcycles) and three-wheelers (auto-rickshaws) are more prominent, while
animals, including stray dogs and cows, are frequently spotted on the road. With the absence of side-
walks, pedestrians are often found walking alongside vehicles, and jaywalking is a common occurrence
even during a traffic rush. Moreover, unsustainable population and vehicle density in cosmopolitan
cities, combined with weak enforcement of traffic rules has brought about a disarray in driving behavior.
Non-adherence to road lanes, traffic congestion, and chaotic unmanned junctions are widely prevalent.
Additionally, violations of traffic rules such as wrong-side driving, swerving, vehicle overloading, and
illegal parking cause further confusion.

In total, we record 257 video sequences amounting to 75 hours of capture and covering a distance of
over 2000 Km. These road scenes are captured under diverse lighting conditions. Our setup consists of
a car-mounted camera, recording 1920×1080 resolution videos at 15 FPS. The videos are synchronized
to a GPS device, polling every second.
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Figure 4.5: Dangerous road conditions. Clockwise from top: bumpy and muddy road, low-hanging wire
with cows on road, narrow street with two-way traffic and under construction structure left unprotected.

4.5 Evaluation under different conditions

We discuss the performance of various models under differing conditions of time, weather, road
damage, road type, and traffic density. We first annotate our data capture with a subcategory label
for each category mentioned above. We then randomly sample 100 frames from each subcategory,
totaling 2000, and annotate them with bounding boxes for each task. We provide our evaluation results
in Table 4.2. Looking at the overall scores, we notice that illumination plays a crucial role in model
performance, with low and moderate illumination as the optimum and high illumination as the adversary.
This can be observed in the time category, where mAP scores are high during early morning and evening,
while dropping during morning and afternoon. A similar trend was observed in the weather category,
where low-illuminated cloudy weather performs similar to normal weather conditions, while struggling
under sunny weather. Further, there is also performance drop when artifacts such as dust or raindrops
are present in the field of view of the camera. Coming to differing conditions of road damage, the
mAP scores decrease as the road quality worsens, mainly due to the model performance on potholes.
An abnormality is seen for high road damage, whose score is influenced by the high performance on
street lights, a task that does not get impacted by the road quality. Additionally, we notice that model
performance is adversely affected by the traffic density due to difficulty in identifying traffic participants
and their helmets in congested traffic scenes. However, our tasks do not exhibit any observable trend
under differing conditions of road types. Overall, we find is a general trend of performance drop in
unconstrained and unstructured road scenes.

34



Figure 4.6: Traffic participants and driving behavior. Clockwise from top-left: diversity in participants,
pedestrian jaywalking during heavy traffic, chaotic unmanned junctions and wrong-side driving with
illegal parking on the road.

Figure 4.7: Our challenging LP-UC dataset contains both single and double-line license plates with
different fonts and varying character lengths. The dataset incorporates numerous variations, including
license-plates that are broken, dented, blurred or rusted.

We now look at task-specific performance under challenging conditions. High traffic density and
variations in traffic participants make it challenging for the model to correctly detect traffic participants,
as illustrated in Fig. 4.8a and 4.8b. Often, nearby riders are detected as a single entity, while autorick-
shaw participants are falsely detected as motorbike riders, highlighting challenges posed by variations in
data. Potholes, due to their inherent structure, have poor reflectivity, thereby appearing as dark patches
to the camera. This property frequently causes the model to falsely detect circular shadows as potholes,
as shown in Fig. 4.8c. Traffic signs under dusty, rainy, and sunny conditions is difficult. Contrast-
ing to other tasks, the detection performance of street lights remains relatively uniform across varying
conditions of weather, road and traffic, as observed in Fig. 4.8e. Further, we visualize in Fig. 4.8f,
the erroneous detections majorly occur from falsely detecting tree branches and electric poles as street
lights, whenever their structure appears exceedingly similar. Finally, we notice a marked difficulty in
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Table 4.2: mAP scores of various models under differing conditions of road, traffic and environment

Time Weather Conditions
Task/Dataset Early Morning Morning Afternoon Evening Normal Cloudy Dusty Rainy Sunny
Street Lights .91 .95 .80 .94 .86 .82 .93 .91 .80
Traffic Signs .67 .32 .50 .50 .36 .49 .14 .19 .19
Traffic Participants .94 .88 .87 .88 .92 .89 .87 .91 .95
Helmet Detection .72 .60 .61 .68 .50 .56 .71 .53 .67
Potholes .48 .66 .46 .54 .46 .34 .34 .43 .19
Overall .74 .68 .65 .71 .62 .62 .60 .59 .56

Road Damage Road Type Traffic density
Task/Dataset Safe Low Medium High Bridge Narrow Standard Highway Sparse Moderate Dense
Street Lights .81 .73 .81 .91 .89 .81 .90 .82 .90 .90 .92
Traffic Signs .56 .66 .49 .46 .33 .46 .66 .44 .54 .58 .37
Traffic Participants .82 .88 .88 .86 .82 .98 .91 .83 .93 .85 .78
Helmet Detection .66 .80 .69 .82 .72 .79 .63 .65 .72 .70 .65
Potholes .71 .41 .32 .36 .55 .42 .71 .57 .55 .52 .35
Overall .73 .67 .63 .73 .65 .67 .80 .67 .73 .71 .61

Table 4.3: The city-level assessment of various components of road safety are presented below.

Traffic signs Street lights Lanes Potholes Helmet

Visibility-Range Defective Avg. pair distance No markings Percentage of stretches Percentage of Violating riders

9.7m 37.5 % 165m 60.3 % 4.0 % 45.9 %

detecting traffic signs under poor visibility conditions, as shown in Fig. 4.8g and Fig. 4.8h. This can be
attributed to their position, where traffic signs are relatively far-away to the ego-vehicle and close to the
ground-level.

4.6 City-scale assessment

Metrics for Road Safety Assessment: Traffic signs pre-inform riders of impending road scenes,
and hence their range of visibility plays a crucial role. We measure the visibility range of a traffic sign
as the distance (calculated using GPS location) traced by the ego-vehicle from the traffic sign’s first
frame of detection to its last frame of detection. Additionally, we also classify traffic signs as defective
or normal. For lane markings and street lights, we expect them to occur all along the road periodically.
Therefore, in these cases, the measure of interest is the road stretches without lane markings and street
lights. We tag the detected street lights geographically and calculate the average distance between street
lights along the route. For lane markings, we use the normalized lane regularity score in [67] that takes
into account the percentage of pixels identified as lane markings along a video sequence stretch covering
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50 meters of road. Based on this score, we classify the lane markings as fair, faded, or unfair.

Lane regularity score(r) =

∑
i∈f

li
ni

d · |f |
(4.1)

Normalized lane regularity score =
r − rmin

rmax − rmin
(4.2)

In equation 4.1, li is the total number of pixels identified as the lane marking in ith frame, ni is the
number of pixels in the ith frame, d is the length of the stretch (= 50), f is set of frames recorded to
cover the stretch of distance d . In equation 4.2, rmax and rmin are maximum and minimum regularity
scores determined experimentally over the complete data. To measure the quality of the road surface,
we calculate the number of road defects for every 100 meters. We classify these stretches of road as
poor, average or fair, based on their frequency of occurrence of road defects. For helmet violations,
we calculate the percentage of riders not wearing results since it portrays the compliance level of road
participants to traffic rules.

Quantitative Evaluation: We run the proposed system on videos collected from across the city
and present a quantitative assessment on road safety in Table 4.3. The results shed light on the lack of
maintenance of roads and road objects. Traffic signs are visible only at a close range of 10m, and a
significant 37.5% percentage of them are rusted or faded out. Further, a street light is present only at
every 165m on average, making night-driving a dangerous activity on such unconstrained roads. Lane
markings are not a common sight, especially on side roads and streets. Seldom do road repairs result
in 4.0% of road stretches with potholes. Finally, we observe that 45.9% of riders violate helmet rules,
indicating low compliance with traffic rules.
Visualizations: By geotagging our predictions, we visualize areas in the city that are prone to helmet
violations in Figure 4.9a. Similarly, Fig. 4.9b presents stretches in the city where lane markings are
absent. Such visualizations allow authorities to zero down and attend to high-risk areas.
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(a) Rider detection in
dense traffic

(b) Rider detection in pres-
ence of diverse participants

(c) Pothole detection dur-
ing shadow conditions

(d) Pothole detection on
muddy roads

(e) Street lights detection
in cloudy weather

(f) Street light detection
with vegetation near roads

(g) Traffic sign detection
on dusty roads

(h) Traffic sign detection
under sunlight

Figure 4.8: Predictions under challenging conditions. For each image, only predictions of object of
interest are shown. Green and red color boxes indicate correct and wrong predictions respectively.38



(a) (b)

Figure 4.9: (a) Heatmap of traffic violations identified across the city. Red and neon blue indicate higher
density and lower density regions respectively. (b) Red stretches indicate absence of streetlights whereas
green stretches indicates presence streetlights.
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Chapter 5

Conclusions and Future Directions

In this thesis, we investigate computer vision solutions for visual perception of road scenes to pro-
vide alternatives for HD maps in parametrically understanding the road scene and to inform the road
safety hazards with a scalable setup. These solutions are a step towards an alternative to HD maps for
autonomous vehicles.

The proposed architecture in chapter 3 exploits the complementary properties of aerial and ground
imagery to derive a parametric representation of scene geometry. We start by creating a dataset with
scene attribute annotations to supplement the publicly available Argoverse dataset. We propose a novel
approach for parametric road scene understanding and show that our Unified model performs better than
prior works. We also extensively show, both quantitatively and qualitatively, the advantage of jointly
learning from both aerial and ground modalities.

Further in chapter 4, we propose simple mobile imaging setup to address several common problems
in urban mobility and road safety. We work on long video stretches containing unconstrained road
scenes captured from a car-mounted camera in a scalable and affordable manner. We discuss the per-
formance of state-of-the-art computer vision models under 20 conditions of a different time, weather
conditions, traffic density, and state of road damage. We finally demonstrate large-scale analytics of
irregular road infrastructure and traffic violations is feasible with existing computer vision techniques
for generating the semantic layer for HD maps. We release all the trained models, code, and annotations
to encourage future work in this direction.

Our work exploiting complementary properties from aerial and ground imagery unlocks many further
potential applications in autonomous navigation, such as landmark localization, motion forecasting, and
planning. Mainly, the usage of aerial imagery as a scene layout prior has much scope to explore further.
Another future direction for our work is identifying locations to recommend road infrastructure like
traffic signs, speed breakers, etc., to enhance road safety.
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