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The use of autonomous ground robots for various indoor and outdoor applications has
burgeoned over the years. In indoor settings, their applications range from waiters in hotels,
helpers in hospitals, cleaners in airports and malls, transporters of goods in warehouses, surveillance
robots, etc. In unstructured outdoor settings, they have been used for exploration in off-road
environments, search and rescue, package delivery, etc. To successfully accomplish these tasks,
robots must overcome several challenges and navigate to their goal.

In this dissertation, we present several novel algorithms for learning-based perception
combined with model-based autonomous navigation in real-world indoor and outdoor environments.
The presented algorithms address the problems of avoiding collisions in dense crowds (< 1 to 2
persons/sq.meter), reducing the occurrence of the freezing robot problem, navigating in a socially
compliant manner without being obtrusive to humans, and avoiding transparent obstacles in

indoor settings. In outdoor environments, they address challenges in estimating the traversability



of off-road terrains and vegetation, and understanding explicit social rules (e.g. crossing streets
using crosswalks).

The presented algorithms are designed to operate in real-time using the limited computational
capabilities on-board real wheeled and legged robots such as the Turtlebot 2, Clearpath Husky,
and Boston Dynamics Spot. Furthermore, the algorithms have been evaluated in real-world
environments with dense crowds, transparent obstacles, off-road terrains, and vegetation such as
tall grass, bushes, trees, etc. They have demonstrated significant improvements in terms of several
metrics such as increasing success rates by at least 50% (robot avoids collisions and reaches
its goal), lowering freezing rates by at least 80% (robot does not halt/oscillate indefinitely),
increasing pedestrian friendliness up to 100% higher, reducing vibrations experienced in off-road
terrains by up to 22%, etc over the state-of-the-art algorithms in various test scenarios.

The first part of this dissertation deals with socially-compliant navigation approaches for
crowded indoor environments. The initial methods focus on collision avoidance, handling the
freezing robot problem in crowds of varying densities by tracking individual pedestrians, and
modeling regions the robot must avoid based on their future positions. Subsequent works expand
on these models by considering pedestrian group behaviors. The next part of this dissertation
focuses on outdoor navigation methods that estimate the traversability of various terrains, and
complex vegetation (e.g. pliable obstacles such as tall grass) using perception inputs to navigate
on safe, and stable terrains. The final part of the dissertation elaborates on methods designed for
detecting and navigating complex obstacles in indoor and outdoor environments. It also explores
a technique leveraging recent advancements in large vision language models for navigation in
both settings. All proposed methods have been implemented and evaluated on real wheeled and

legged robots.
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Chapter 1: Introduction

1.1 The Navigation Task

Mobile robots range from simple transport vehicles that carry heavy pallets in large warehouses,
small boxes on wheels that deliver food in office and college campuses, to lunar and Mars
rovers that survive extreme extra-terrestrial environments. The last several decades have seen
the explosive development of such robots and their applications in warehouse and inventory
management [1], delivery robots [2] and cleaners [3, 4] in hospitals, hotels, airports, malls,
subways, surveillance [5], agriculture [6], planetary exploration [7], search and rescue [8], to
name a few.

An important reason for this widespread application is their versatility. Mobile robots
can have different abilities to carry loads, operate for different durations, and traverse through
different types of indoor and outdoor environments. These capabilities depend on factors such as
the size of the robot, its dynamics, and whether it is wheeled, tracked, or legged. To leverage their
hardware mobility for present and future applications, mobile robots must possess the capability
to be autonomous (perform tasks without human assistance).

Making a robot autonomous necessitates the integration of many specialized components
depending on the application. However, broadly, a robot’s autonomy is achieved through a set

of foundational components. They include tightly-knit components for sensing various entities



in the environment, path planning that computes a set of waypoints connecting the robot’s start
location to a goal location (e.g. such as Google Maps that provides a path), motion planning that
computes actions (e.g. robot velocities) the robot can take to follow waypoints (e.g. like a driver
who follows the directions from Google Maps), mapping and localization that create a complete
map of the environment and estimate the robot’s pose relative to the map as it moves, and low-
level control that actually executes the actions from the motion planner on the robot. Of these
components, the robot’s sensing and motion planning typically deal with local or near-vicinity
challenges such as detecting and avoiding dynamic obstacles around it. This dissertation presents
significant improvements to the local sensing and motion planning components of robots. Motion

planning is broadly referred to as navigation.

1.1.1 Robot Sensing

Mobile robots perceive the world using a variety of visual and non-visual sensors. For
example, visual sensors such as Red-Green-Blue (RGB) and Depth (RGB-D) cameras that provide
color and depth images, respectively, have been used extensively for computer vision research.
Recent research that use such images include detecting different kinds of objects/obstacles [9],
detecting and tracking humans [10-12], their body poses [13, 14], emotions [15], detecting
transparent and reflective objects [16,17], identifying terrains [18], visual landmarks [19,20], etc.
RGB images have been employed in all the aforementioned applications because they provide
rich information about the environment such as color, texture, object shape and size, etc akin to
the human eye. However, RGB images struggle to record information when the environmental

lighting is low, leading to perception inaccuracies. Depth images provide an additional dimension



of information with the distances of objects from the camera at each pixel location by either using
the time-of-flight [21] of lasers projected from the camera, or using a pair of RGB cameras for
stereo vision [22]. This is especially helpful for object/obstacle localization in the environment.

Another class of sensors gathers environmental information by shooting radio waves (Radio
Detection and Ranging (RADAR)), sound waves (Sound Navigation and Ranging (SONAR)), or
laser rays (Light Detection and Ranging (LiDAR)), and detecting their reflections from surrounding
objects. This way, the objects’ proximity and in some instances their shapes can be discerned.
Particularly, LiDARs, which can either be 2D or 3D based on whether the laser is shot on a 2D
plane or a set of planes in 3D space, have been used extensively for detecting a robot’s proximity
to obstacles. The sensing modality from 2D and 3D LiDARs are referred to as laser scans and
point clouds, respectively. These modalities contain lists of points with the (x,y) or (z,y, 2)
coordinates, corresponding to objects in the LiDAR’s vicinity. Additionally, LiDARSs possess
high fields-of-view (FOV) (180° — 360°) that help detect objects around the robot.

The raw laser scans and point clouds from LiDARs have been transformed into occupancy
grid maps, or cost map representations [23—25] of the robot’s vicinity. These maps consist of a
set of grids that each represent a discretized location near the robot, and contain the probability
of an obstacle being present at that location. Additionally, the values in such grid maps can
be customized to represent attributes such as uncertainties in obstacle detection [26], terrain
elevation [27], terrain’s surface roughness, bumpiness [28], etc. Oftentimes, the values in such
map representations are directly used to calculate the cost of a robot traversing a region.

While visual modalities aid in detecting the states of objects around the robot, several
non-visual modalities play a crucial role in detecting the robot’s own state. Such sensors include

Inertial Measurement Units (IMUs), odometry sensors such as wheel or joint encoders, etc. IMUs
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consist of accelerometers, gyroscopes, and magnetometers that help measure the pose (roll, pitch,
and yaw angles) of the robot, and the vibrations it experiences. Wheel and joint encoders gauge
the rotations or translations of joints to estimate the distance the robot has moved from its initial
position.

The research detailed in this dissertation utilizes the aforementioned sensor modalities in

varying capacities to address different perception and navigation challenges.

1.1.2  Robot Motion Planning

Using the states of the robot and the entities in its surroundings, a motion planner computes
actions/velocities to primarily 1. avoid obstacles, 2. reach the robot’s goal/waypoint, 3. be
locally optimal in terms of an objective. For example, the objective can be time to reach the
goal, reaching the goal in the shortest distance, smoothness of the robot’s motion, etc. Numerous
model-based [29-33] and learning-based [34-39] planning algorithms have been proposed with
these capabilities. The actions/velocities outputted by a motion planner is generally a velocity
pair (v, w) for non-holonomic, differential drive systems or (v,, v, ) for holonomic systems, where
v and w denote a robot’s linear and angular velocities, respectively. v, and v, denote the linear
velocities in the X (forward) and Y (leftward) directions relative to the robot.

Model-based planning approaches explicitly formulate a model that accounts for the robot’s
and obstacles’ positions, velocities, and accelerations and compute robot velocities that locally
maximize or minimize a hand-crafted objective function. A few popular examples are Velocity
Obstacle (VO) [40] such as Reciprocal VO [31] and ORCA [33] that provide decentralized

collision avoidance by locally altering the trajectories for agents with single-integrator dynamics.



The Dynamic Window Approach (DWA) [29] is another method that formulates a search space
of velocities called dynamic window based on the obstacle locations, and the robot’s acceleration
constraints, and searches for a (v, w) that minimizes a cost function with costs for goal-reaching,
obstacle-avoiding, forward-moving. Potential Fields-based methods [32,41] formulate the motion
planning task similar to electrical/magnetic fields, where the robot experiences attractive “forces”
towards its goal, and repulsive “forces” away from obstacles. Model-based approaches can
guarantee that their velocities will avoid collisions and lead to other behaviors, and are explainable.
That is, one can precisely interpret why a certain action was performed given the robot and
environmental states.

Such navigation capabilities have also been achieved by approaches that use various kinds
of Deep Learning (DL) techniques to train Deep Neural Networks (DNNSs) to implicitly model the
relationships between the robot’s state, the obstacles’ states, and the goal location. For instance,
[34] trained a scalable, sensor-level collision avoidance policy using Deep Reinforcement Learning
(DRL) that uses raw laser scans as inputs to detect obstacles, and output a (v,w) pair. It was
extended to a hybrid learning architecture [35], which switched policies based on the obstacle
density in the environment. Cooperative behaviors between humans and robots have also been
modeled using DRL and a value network for improved collision avoidance [36]. Other kinds
of learning such as Imitation Learning [42] have also been used to train navigation policies.
Learning-based approaches have shown to be resilient to uncertainties in obstacle state estimation
[34,35,38], and possess superior capabilities to model complex relationships [43,44] between the
motion of special obstacles such as humans, and the robot. However, training these approaches
stably, and quickly is complicated [45]. DRL-based approaches especially are data inefficient

[46] during training. Therefore, they are trained iteratively in simulated environments. However,



such methods and learning-based navigation in general suffer from the sim-to-real gap [47—49],
where a model or policy’s performance in simulation deteriorates in the real world. Additionally,
the actions of such methods are not easily explainable, and do not guarantee that capabilities such

as collision avoidance and goal-reaching would be exhibited under all circumstances.

1.2 Challenges and Opportunities

Given the background of sensing and motion planning, this section discusses the major
challenges that real-world indoor and outdoor environments pose to robot navigation. Navigating
in static or slightly dynamic scenarios with smooth, flat ground has been extensively studied
over the years [29, 50-52]. However, such methods cannot reliably handle dense, and dynamic
scenarios such as indoor settings with pedestrian crowds, or account for complex terrain properties
such as elevation changes, surface roughness, bumpiness, deformability, etc in outdoor settings.
Moreover, the challenges in sensing and navigation in indoor and unstructured outdoor settings
vary significantly.

Indoor settings typically present static obstacles such as walls, furniture, narrow corridors
with T and L junctions, and dynamic obstacles such as humans. Due to the presence of a

multitude of obstacles, a robot’s navigation faces the following challenges:

* Dense Scenarios: The presence of static and dynamic obstacles in close proximity significantly

reduces the amount of free space available to the robot for navigation. Such scenarios are
considered dense. This reduces the number of candidate velocities/actions that a robot can

perform to avoid collisions and reach the goal.

* Freezing Robot Problem (FRP): An important phenomenon that occurs in dense scenarios

6



where a robot’s motion planner deems all possible velocities lead to collisions. This
completely halts the robot for an extended period of time or causes oscillatory behaviors,

and is resolved only when the nearby obstacles (maybe humans) move to give way.

* Social Compliant Behaviors: Humans navigate by following several implicit social rules
that consider other humans’ need for space, avoid cutting in front of other walking humans,
etc. Therefore, when a robot navigates in the presence of humans, they must be considered
differently compared to inanimate obstacles. Behaviors such as moving too close to pedestrians
during collision avoidance, disrupting their motion, cutting through a group of people, etc

must be avoided.

* Detecting Transparent Obstacles: Modern buildings include a lot of transparent and
reflective surfaces and objects such as glass walls, large mirrors, glass sculptures, etc. They
can be detected with sound-based ranging sensors such as ultrasonic sensors. However,
such sensors typically have a short range and low FOV that may be insufficient for navigation.
Furthermore, commonly used RGB/RGB-D images, laser scans, and point clouds cannot
detect transparent and reflective obstacles as most light either passes through or reflects
away from them and are not captured by cameras, LiDARs, etc. Yet, it would be beneficial
for robot navigation if these visual sensors could somehow be used to detect transparent

obstacles.

Unstructured outdoor settings present a different set of navigational challenges mainly
based on an off-road terrain’s geometric and surface properties, and the other kinds of obstacles

not found in indoor environments such as vegetation. The associated challenges are:

* Terrain Elevation: A terrain’s slope and elevation changes pose the risks of unsafe pitch
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and roll orientations for a ground robot, and even cause flip-overs. Therefore, the elevations

at various regions must be accounted for while traversing them.

* Terrain Surface Properties: Apart from a terrain’s slope and elevation, its surface properties
(texture, bumpiness, and deformability) govern its navigability for a robot. For instance, a
surface’s texture determines the traction experienced by the robot, its bumpiness determines
the vibrations experienced, and deformability determines whether a wheeled robot could
get stuck or experience wheel slips (e.g. in mud). Therefore, such properties must be

estimated in advance and the most navigable terrains must be chosen for traversal.

* Vegetation: Most unstructured outdoor environments have different kinds of vegetation
such as short and tall grass, bushes, trees of various shapes, etc. In applications such
as exploration, dense vegetation may have to be traversed, and the robot may not find
enough free space to circumvent the flora. In such cases, the robot must estimate if certain
vegetation are traversable. For instance, tall grass bends when humans or vehicles move
through it and contact with such soft, pliable objects do not damage the robot, whereas

bushes and trees are solid, non-pliable and should be avoided.

* Interpreting Contextual Cues: In structured and paved environments (e.g. urban, sub-
urban settings), apart from picking the most navigable terrain, the robot may have to
identify and interpret certain explicit and implicit social cues. These include identifying
crosswalks to cross a street, or detecting sign boards (e.g. detours), etc and adapting the

navigation behaviors accordingly.

While the challenges mentioned above stem from environmental factors, additional challenges
emerge from limitations in sensing and computation on board the robot. Edge computers mounted
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on robots are restricted to have low power consumption, which also affects their processing
speeds. Additionally, sensors such as RGB/RGB-D cameras are typically limited by their low
FOV (< 120°). Developing algorithms that function in real-time, with limited sensing and low
computational demands, and can operate in real-world environments presents another significant

practical challenge.

1.3 Main Contributions

The challenges detailed above encompass a large number of sub-problems and corner cases
that arise in the real world. The scope of this dissertation is limited to exploring and formulating
closely knit sensing and navigation methods that address a broad subset of these problems. The

main contributions of this dissertation are:

* Methods for addressing FRP and indoor social-compliant navigation: Two methods [53,
54] focusing on dealing with collision avoidance and FRP were developed considering
the pedestrians as individual obstacles. Subsequently, by extending the method in [54],
an approach to check for social distancing in groups of people using a mobile robot was
proposed during the COVID-19 pandemic. Furthermore, [55], a novel method to understand
pedestrian group dynamics, and navigate in highly dense environments was proposed. In

detail, the proposed methods are:

1. We present DenseCAvoid, an end-to-end DRL navigation model that uses visual
sensors and a pedestrian trajectory prediction algorithm to anticipate their motion,

avoid collisions, and reduce the occurrence of FRP.



2. We present Frozone, a model-based approach that predicts pedestrians’ trajectories,
constructs a Potential Freezing Zone (PFZ) where the robot has a high probability of
freezing and being obtrusive to their motion, and computes a deviation angle to avoid
it.

3. We present CS-Robot, a method to detect pairs of humans in a crowded scenario
who are not maintaining social distancing, i.e. about 2 meters of space between them
using an autonomous mobile robot and existing CCTV (Closed-Circuit TeleVision)
cameras. CS-Robot uses Frozone to navigate to non-compliant groups of people to

encourage them to move apart.

4. We present CoMet, an approach to estimate a pedestrian group’s cohesion (a measure
of interpersonal closeness) to improve a robot’s navigation by accounting for different

levels of group cohesion while a robot moves through a crowd.

* Methods for estimating unstructured terrain and vegetation traversability: Two methods,
one focusing on unstructured terrain traversability estimation for a wheeled mobile robot,
and the other focused on legged robot navigation in densely vegetated environments. In

detail, the proposed methods are:

1. We present TerraPN, a novel method that learns the surface properties (traction, bumpiness,
deformability, etc.) of complex outdoor terrains directly from robot-terrain interactions
through self-supervised learning, and uses it for autonomous robot navigation. TerraPN
uses RGB images of terrain surfaces and the robot’s velocities as inputs, and the IMU

vibrations and odometry errors experienced by the robot as labels for self-supervision.
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2. We present VERN, a novel method for autonomous legged robot navigation in densely
vegetated environments with a variety of pliable/traversable and non-pliable/untraversable
vegetation. We present a novel few-shot learning classifier that can be trained on a
few hundred RGB images to differentiate flora that can be navigated through (e.g. tall

grass), from the ones that must be circumvented (e.g. bushes, trees, etc).

* Methods that can sense and navigate in both indoor and outdoor environments: While
previously proposed methods were focused on either the indoor or outdoor settings specifically,

the final proposed methods focus on sensing and navigation in both settings.

1. We present MIMs (Multi-Layer Intensity Map), a 3D object representation for robot
perception and autonomous navigation. MIMs consist of multiple stacked layers
of 2D grid maps each derived from reflected point cloud intensities corresponding
to a certain height interval. The different layers of intensity maps can be used to
simultaneously estimate obstacles’ height, solidity/density, and opacity in indoor and

outdoor environments.

2. We present CoNVOI, a novel method for autonomous robot navigation in real-world
indoor and outdoor environments using Vision Language Models (VLMs). A compact
VLM is used to identify the context or scenario of the robot’s environment, a multi-
modal visual marking method to annotate RGB images with markers, and finally a
state-of-the-art large VLM is to compute a suitable trajectory given the identified

context.
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1.4 Outline of the Dissertation

The dissertation is organized as follows; Chapter 2 discusses the contributions related to
collision avoidance, and navigating in a social-compliant manner in crowded indoor settings, and
addressing key challenges such as FRP. Chapter 3 presents methods that detects groups in crowds
and their behaviors to improve a robot’s social-compliant navigation capabilities. Chapter 4
describes the contributions made towards using wheeled and legged robots to address two distinct
challenges in unstructured outdoor scenarios: terrain properties and dense vegetation. Chapter 5
first explains contributions made towards sensing complex obstacles such as transparent objects,
thin, pliable obstacles such as string curtains in indoors and tall grass in outdoors. Next, it details
a method that enables new navigation behaviors such as crossing streets at crosswalks, moving
on paved surfaces such as sidewalks, not interrupting human groups, etc to be realized easily
without any reformulation. Finally, Chapter 6 discusses the limitations of the proposed work,

and directions for future work.
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Chapter 2: Navigating Crowded Indoor Environments

2.1 Overview

Mobile robots are increasingly used in many indoor scenarios. This includes waiting and
delivering food in restaurants and hotels, remotely monitoring patients in hospitals, transporting
goods in warehouses, surveilling, delivering packages, etc. To accomplish such tasks, these
robots may have to navigate through dense and challenging dynamic environments, specifically
in crowds with pedestrian densities ranging from < 1 to 2 persons/m?.

The problem of robot navigation among dynamic obstacles has been well studied in robotics
and related areas. There is a large body of work on model-based navigation techniques based on
potential fields, velocity obstacles, and dynamic windows [31, 33, 50, 56, 57]. Recently, many
collision avoidance methods based on machine learning have also been proposed [34, 36, 42,
43,58, 59] and have shown considerable promise in real-world scenarios. These learning-based
methods can be directly integrated with existing 2-D or 3-D LiDARs or cameras and are robust
to sensing inaccuracies in the states of the obstacles.

In practice, dense crowds pose several challenges for robot collision avoidance. First,
pedestrian motions in such crowds can be highly non-smooth [60]. Second, the robot must be
able to react to sudden changes in pedestrian motion to avoid collisions. Current learning-based

collision avoidance methods [36,42,61] work well for sparse or moderately dense crowds, but
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either result in collisions or oscillations [34] as the crowd density increases.

Apart from avoiding collisions, the robot should also navigate in a pedestrian-friendly
manner. The latter includes satisfying certain social constraints [62—-64], such as maintaining
sufficient distance from pedestrians and other rules corresponding to avoiding them from behind
(see Fig. 2.1 Bottom).

Another challenging problem that the robot must overcome in such scenarios is the Freezing
Robot Problem (FRP) [65,66]. FRP occurs when the robot faces a situation where the collision
avoidance module declares that all possible velocities may lead to collisions. The robot either
halts or starts oscillating indefinitely, which could either result in a collision or it does not make
progress towards its goal. In practice, it is non-trivial to completely avoid FRP in crowds beyond
a certain density without human cooperation [66]. One of the goals is to develop approaches
that can reduce the occurrence of FRP in moderately dense crowds (< 1 person/m?) without
assuming human cooperation, and using limited sensing capabilities.

There have been a few works addressing FRP [65-67]. Some approaches have also attempted
to solve the problems of freezing and loss of localization in a crowd simultaneously [68]. While
these methods are promising, we need more general solutions that rely less on global information
and can also provide some guarantees on the resulting performance.

We contribute the following methods to address these crucial problems:

1. DenseCAvoid (section 2.3, Fig. 2.1), an end-to-end DRL-based crowd navigation policy
that utilizes a pedestrian trajectory prediction algorithm to anticipate their motions and
generate smooth robot trajectories to avoid them. DenseCAvoid employs a novel neural

network structure and reward function that uses multiple sensor inputs and pedestrian
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Figure 2.1: [Top] DenseCAvoid implemented on a Turtlebot navigating through a dense crowd.
[Bottom] We explicitly track and predict pedestrian motions (marked for three pedestrians) and
use it to train a Deep Reinforcement Learning-based collision avoidance policy. Our network
implicitly learns to reduce the occurrence of the freezing robot problem and generates smooth
robot trajectories in dense crowds.

prediction data to train the policy. Further, it reduces the occurrence of FRP by 48% in

complex 3-D simulations of indoor environments with pedestrians and static obstacles.

2. Frozone, a real-time algorithm that significantly reduces the occurrence of FRP by explicitly
predicting pedestrian trajectories, classifying them as potentially-freezing or non-freezing
pedestrians and constructing a Potential Freezing Zone (PFZ). Our method ensures that the
robot’s velocity avoids the PFZ, and is unobtrusive to the nearby pedestrians based on their
social and psychological constraints for personal space. This leads to significantly more
pedestrian friendly trajectories (section 2.4.3.3). Frozone is combined with a DRL-based
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Figure 2.2: [Top] An instance of the Freezing Robot Problem (FRP), where the robot halts
or oscillates indefinitely when it faces scenarios with pedestrians, as shown (highlighted in
red). [Bottom] Another scenario where Frozone implemented on a Clearpath Jackal robot
navigates amongst pedestrians and preemptively avoids FRP. Frozone explicitly tracks and
predicts pedestrians’ positions in the sensing range of the robot and classifies each pedestrian
as potentially-freezing or non-freezing. We compute a potential freezing zone (PFZ) (shown in
red) and our method deviates the robot away from it (green trajectory), while previous methods
move the robot towards that zone (red trajectory).

collision avoidance method and presents a hybrid navigation algorithm that combines the
benefits of traditional model-based algorithms such as better guarantees, and DRL-based

approaches like better robustness to sensor uncertainty.

Both methods have also been implemented on real robots such as the Turtlebot 2 and
Clearpath Jackal, and evaluated in crowded indoor environments qualitatively.

The rest of the chapter is structured as follows. We discuss prior work relevant to navigating
in dense crowds, predicting pedestrian trajectories, social navigation, etc in section 2.2. Then in

sections 2.3 and 2.4, we discuss DenseCAvoid’s, and Frozone’s methodologies and evaluations
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in detail, respectively. We conclude this chapter with a summary of the contributions and their

limitations.

2.2 Related Work

In this section, we cover the prior work in pedestrian tracking, motion prediction, and
learning-based collision avoidance methods that form the basis for DenseCAvoid [53]. Further,
we detail the works that have handled freezing and social-compliant navigation methods that

Frozone [54] builds upon.

2.2.1 Pedestrian Tracking and Motion Models

Object and pedestrian detection has been widely studied in computer vision. Some of the
most accurate methods are based on deep learning including R-CNN [69] and its faster variants
[70-72], which use a selective search area to optimize the object detection problem. Other works
in learning-based tracking include [73—76]. Many of these learning-based methods lack real-time
performance that is needed for navigation in dense environments. Moreover, highly accurate
methods such as [12] and [77] require high-quality detection features for reliable performance.

Several motion models have been used to improve pedestrian tracking accuracy [78—81].
However, most of these methods assume a constant linear velocity or acceleration models for
the pedestrians. These methods cannot characterize pedestrian dynamics accurately in dense
settings [82]. Non-linear motion models such as RVO (Reciprocal Velocity Obstacles) [31] and
its variants have been shown to work well for tracking in dense crowd videos. Social Force

model [83], LTA [84], and ATTR [85] are other non-linear motion models that have been used
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for pedestrian tracking in low to medium-density crowds.

2.2.2 Pedestrian Trajectory Prediction and Navigation

There has been extensive research in predicting object or pedestrian trajectories in computer
vision and robotics. Early works include formulations such as Bayesian [86], Monte Carlo
simulation [87], Hidden Markov Models [88], and Kalman Filters [89]. Deep learning-based
prediction methods mostly utilize Recurrent Neural Networks (RNNs) [90] and Long Short-
Term Memory (LSTM). Hybrid methods using a combination of RNNs and other deep learning
architectures such as Convolutional Neural Networks (CNNs), Generative Adversarial Networks
(GANSs) and LSTMs have also been proposed. For instance, GANs have been used for pedestrian
trajectory prediction [44] and CNNs have been used for traffic prediction [91]. There has also
been extensive work on accurately modeling crowd behavior [92-94] which could aid robot
navigation.

Pedestrian prediction using Bayesian estimation and modeling their motions using RVO is
presented in [95]. Long-term path prediction based on Bayesian learning and personality trait
theory for socially-aware robot navigation is presented in [63]. Other techniques use a Partially
Observable Markov Decision Process (POMDP) to model the uncertainties in the intentions
of pedestrians. [96] presents a POMDP-based planner to estimate the pedestrians’ goals for
autonomous driving. The planner was then augmented with an ORCA-based pedestrian motion

model [97]. The resulting POMDP planner runs in near real-time.
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2.2.3 Learning-based Crowd Collision Avoidance

In recent years, several works have used different learning methods for navigation in dense
scenes. GAIL (Generative Adversarial Imitation Learning) [42] used raw depth camera images
to train a socially acceptable navigation method for a differential drive robot. Similarly, CNNs
with RGB images have been used to train an end-to-end visuomotor navigation system [58] and
a deep double-Q network (D3QN) has been used to predict depth information from RGB images
for static obstacle avoidance [98]. A method to use expert demonstrations in simulation to train a
method for mapless navigation [99] has also been demonstrated. These methods, however, have
not been evaluated in dense crowds, and may not work well in such scenarios.

A decentralized, scalable, sensor-level collision avoidance method was trained in [34].
It was extended to a hybrid learning architecture [35], which switched policies based on the
obstacle density in the environment. This work was further augmented to learn localization
recovery points in the environment to solve the loss of localization and freezing robot problems
simultaneously [100]. Cooperative behaviors between humans and robots have been modeled
using a value network for better collision avoidance [36]. This formulation was extended to
observe an arbitrary number of pedestrians in the surroundings using LSTMs [61]. [43] presented
an approach to model interactions within a crowd which indirectly affect robot navigation. A
novel collision avoidance method that identified previously unseen scenarios to carefully navigate

around pedestrians has been presented in [101].

19



2.2.4 Methods Addressing FRP

The earliest works addressing FRP [65, 66] argue that it can only be solved by accounting
for human-robot cooperation [102]. These methods also show that even perfect pedestrian trajectory
prediction would not help in solving FRP, unless human-robot cooperation is explicitly modeled.
Other attempts at solving FRP include a method based on learning from demonstration [103]
and improved motion prediction based on the Markov Decision Process [67]. The resulting
algorithms use static CCTV cameras or simulations to validate their methods and do not fully
account for many practical issues that arise on a real robot such as the loss of sensing data due to

the robot’s motion.

2.2.5 Social-Compliant Navigation

Robots navigating among pedestrians should reduce the discomfort they cause to the humans
in their vicinity. Prior work in crowd simulation provides insights on the psychological and
environmental factors that affect the pedestrian’s trajectory [62, 104], which should be accounted
during robot navigation. Works on socially aware robot navigation include predicting the long-
term trajectories of pedestrians using personality trait theory and Bayesian learning [63] and
classifying group emotions [105]. Learning-based methods have been used to account for social
norms by specifying the behaviors that should be avoided [37]. In Frozone (section 2.4), we use
these ideas and focus on computing robot velocities that avoid pedestrians from behind them, or

maintain a comfortable distance in front of pedestrians.
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2.3 DenseCAvoid

In this section, we explain DenseCAvoid, the end-to-end DRL navigation policy that is
combined with a pedestrian motion prediction algorithm [106] to anticipate their motion and pre-
emptively avoid them. We first detail the preliminary components such as the pedestrian tracking
and Proximal Policy Optimization (PPO) [107] algorithms used in DenseCAvoid in section 2.3.1,
then explain its methodology in section 2.3.2, and its evaluations 2.3.3. Finally, we discuss some

of its limitations in section 2.3.4.

2.3.1 Preliminaries

2.3.1.1 Pedestrian Tracking and Trajectory Prediction

DenseCAvoid uses YOLOvV3 [108], a real-time, high-accuracy variant of YOLO [109] for
pedestrian detection and tracking in dense crowds. Given an RGB or a depth image and an object
of interest (pedestrians, in our case), YOLOV3 outputs the bounding box coordinates over all the
detected objects in the image.

To predict the future positions of the tracked pedestrians, we modify a state-of-the-art traffic
trajectory prediction algorithm called RobustTP [106] to predict pedestrian motions. An image
with the bounding box coordinates of the detected pedestrians (from YOLOvV3) is fed as input
into RobustTP. This algorithm uses a combination of CNNs and LSTMs to predict the positions
of the detected pedestrians in the next frame immediately after the input image. The pedestrian
tracking by YOLOV3 is shown in Fig.2.3 (a), and the position as predicted by RobustTP is shown

in Fig.2.3 (b) as a black bounding box on a white background. RobustTP can also be modified to
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(b)

Figure 2.3: (a) Tracking a moving pedestrian in a depth image. (b) Prediction output for a future
time step. The white space in the output is the admissible free space, and the black bounding box
denotes the space the pedestrian would occupy in the future.

predict the trajectories of any generic obstacle. The computation time of RobustTP depends on
the level of accuracy required in prediction. For mobile robot navigation in dense crowds, we set

this accuracy level to < 90% to ensure real-time performance.

2.3.1.2 Deep Reinforcement Learning

DenseCAvoid is based on deep reinforcement learning, whose underlying objective is
to train a policy 7y that drives the robot to its goal while avoiding all the obstacles in the
environment. During each stage of reinforcement learning training, policy parameter 6 is updated
based on the robot’s actions and their corresponding pre-defined rewards and penalties. There are
three important components in DRL policy training, namely, (i) robot’s observation space, (ii)
action space, and (iii) the reward function. We briefly describe our observation and action spaces
here and describe our novel reward function in section 2.3.2.

Observation and Action Spaces: Our observation space at any time instant ¢ can be

t
odom

where o is the observation from the perception

represented as o = [o! goatl» percep

percep’

(V) ()]
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sensors, o', is the odometry observation (which includes the current velocity of the robot), and

odom

goal denotes the goal position relative to the robot. The action space of the robot is a continuous
space consisting of the linear and angular velocities of the robot, represented as a' = [vf, w!].
The robot performs a certain action until it receives the observation for the next time instant

o'™1, For optimizing the policy during training, we use the minimization of the mean arrival time

of the robot to its goal as our objective function:

argmlnE Z t9]7q]. (2.1

To train our collision avoidance policy, we use a policy gradient method [110] called
Proximal Policy Optimization (PPO) [107]. Policy gradient methods (in contrast with value-
based methods) directly modify the policy during training, which is more suitable for navigation
applications and continuous action spaces. In addition, PPO bounds the update of parameters ¢
to a trust region [111], thereby ensuring that the policy does not diverge between two consecutive

training iterations. This guarantees stability during the training phase.

2.3.2 Methodology

In this section, we explain DenseCAvoid’s methodology that combines DRL with explicit
pedestrian trajectory prediction for navigation. We present our network architecture that is used
to train DenseCAvoid’s policy with anticipatory behaviors. We also discuss our reward function

design and the complex 3-D training scenarios that simulate dense environments.
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2.3.2.1 Anticipating Pedestrian Behavior

In densely crowded scenarios, pedestrian motion is highly non-smooth. In our case, we
choose to explicitly model pedestrian behavior, similar to classic navigation methods. As mentioned
in section 2.3.1.1, we use an explicit pedestrian trajectory predictor and use this information to
generate non-oscillating, non-jerky navigation in dense scenarios. In addition, since our trained
policy knows where each pedestrian is headed in the immediate future, we can also make the
robot avoid regions where several pedestrians might be heading. Therefore, the robot tends to
avoid scenarios that could possibly lead to the freezing robot problem.

As shown in Fig.2.3, the prediction frame extracted using [106] has black bounding boxes
at locations where the pedestrians could be in the future. These boxes are placed over a white
background, which represents the collision-free free space. We provide this future free-space
representation while training our network, which makes our collision avoidance policy training
converge faster. This is due to the fact that our free-space representation provides a more direct
way to infer the direction the robot should move towards and to learn the dynamic properties or
behaviors of the pedestrians in different settings.

In our end-to-end formulation, we integrate the pedestrian prediction outputs with the DRL

t

t t
o pred

tam> Og; |, where

collision avoidance network as a new observation. Formally, o' = [0}, ,, 0 )

o},, denotes raw data from a 2-D LiDAR, o, denotes the raw image data from either a depth or
an RGB camera, of] refers to the relative position of the goal with respect to the robot, o, denotes

the robot’s current velocity, and of)red refers to the predicted positions of pedestrians in the next

frame (shown in Fig. 2.3). Once the policy is trained, we sample a collision-free action from a’
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at each time instant as:

a’ ~ my(a’|o’). (2.2)

Note that it is also possible to directly combine the prediction output with the action a’. This
could be useful in scenarios where the robot encounters a situation that is quite different from the

training data.

2.3.2.2 Network Architecture

Our network (Fig.2.4) consists of four branches, each processing a component of the
observation o'. Two 1-D layers and three 2-D layers are used respectively for processing the
2-D LiDAR data and depth image data, which are followed by fully connected layers that modify
the dimensions of the outputs of the two branches to match each other. In branch 2, the depth
image from the camera is first passed into our prediction algorithm. We then stack the computed
prediction frame behind a resized version of the original depth image before passing these frames
through a set of three 2-D convolutional layers. ReLU activation is applied to the outputs of all
the hidden layers in branches 1 and 2. Branches 3 and 4 feed the relative position of the goal and
the robot’s current velocity to the fully connected layer FC2.

We apply a sigmoid activation to restrict the robot’s linear velocity between (0.0, 1.0) m/s
and a tanh activation to restrict the angular velocity between (-0.4, 0.4) rad/s in the output layer.
The output velocity is sampled from a Gaussian distribution that uses the mean value outputted
from the fully connected layer FC2, which is updated during training. We address the imbalance
between the dimensions of the perception sensors, and the robot’s current velocity and goal using

appropriate training scenarios (section 2.3.2.4). Our training scenarios ensure that the velocity
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Figure 2.4: Architecture of our anticipatory collision avoidance network with four branches to
process different observations. The input layer is marked in blue and, the hidden layers are
marked in orange and the fully-connected layers in the network are marked as FCn. The green
layer represents the output layer. The three values underneath each hidden layer denote the

kernel size, number of filters, and stride length respectively. We stack a raw depth image with the
prediction frame and use it directly for training our collision avoidance policy.

and goal inputs are used in the initial stages of training to learn goal reaching capabilities with

reduced oscillations.

2.3.2.3 Reward Function

Our purpose during policy training is to avoid collisions while moving towards the goal and
to reduce oscillations or freezing behavior during navigation. Therefore, reaching the goal and
colliding with obstacles are assigned high values of reward and penalty, respectively. To obtain
smooth trajectories during run-time, we penalize sudden, large changes in the angular velocity.
In addition, we use intermediate waypoints to guide the policy away from obstacles and towards

the goal, which results in faster convergence.
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Figure 2.5: Different training scenarios used for training our algorithm from simplest to complex.
(a): Empty scenario with random goals; (b): Dense-Static scenario with random goal; (c): Robot
moves through a few pedestrians walking randomly to reach the goal; (d) Robot moves through
a dense crowd to reach its goal.

Formally, the total reward collected by a robot at time instant ¢ can be given as:

rt = (Tg)t + (Tc)t + (rosc)t + (rsafedist)ta (23)

where the reward for reaching the goal or an intermediate waypoint (r,)" is given as:
(

Tawp 1f||pt - pwp” < 02>

('rg)t = Tgoal 1f||pt - g|| < 03; (24)

\2-5(|Ipt‘1 —g||—|Ip* —g||) otherwise.

Here, p’ and denotes the position of the robot at time ¢ and the position of the waypoint
P Puwp p p yp

respectively, and g denotes the robot’s goal location. The collision penalty (r.)* is given as:

Tcollision if Hpt - pobsH < 03,
(re)" = 2.5)

0 otherwise.

The oscillatory behaviors (i.e. choosing sudden large angular velocities) are penalized as:

(Tosc)t = _0-1|Awt| if |Awt| > 0.3. (26)
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Here, w' is the angular velocity of the robot. The penalty for moving too close to an obstacle is
given by:

(Tsafedist)t = _0-1|dthresh - drob’ 1f dthresh > droba (27)

where di,esp, and d,., denote the threshold distance that the robot needs to maintain from an
obstacle at any time, and the actual distance that the robot maintains from an obstacle, respectively.
For multiple obstacles present in the robot’s vicinity, the penalties in equations 5 and 7 are applied

for each obstacle. We set 1, = 10, 14 = 20, and 7copision = -20 in our formulation.

2.3.2.4 Training Scenarios

The policy training is carried out in multiple stages to ensure fast convergence of the
total accumulated reward. When the robot trains in more complicated training scenarios, we
also run the robot in simpler training scenarios simultaneously to ensure that previously learned
capabilities are not overwritten. We designed several training scenarios to suit our pedestrian
prediction network by including walking pedestrian models in the dynamic scenes in our training.
Furthermore, we include dense pedestrian scenarios with sudden changes in the pedestrian motion.

Our training scenarios are as follows:

* Random Goal: The robot is given a random goal in an empty world, and actions leading
the robot towards the goal are rewarded. In this scenario, the partially trained model learns

basic goal-reaching capabilities.

* Dense-Static: The robot is given a random goal in a world cluttered with static obstacles.
During training, the policy augments its previously learned goal-reaching capabilities with
basic static obstacle avoidance.
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Figure 2.6: Convergence of our reward function (shown for positive reward values) versus
the number of iterations. Explicit pedestrian prediction helps our training converge faster and
smoother when compared with the case with no prediction.

* Random-Pedestrians: The policy from the previous scenario is now trained in a world
with randomly walking pedestrians. The pedestrian prediction observations now play a
major role in training the policy for dynamic obstacle avoidance. We vary the positions,

trajectories, and densities of the pedestrians.

* Dense-Random-Pedestrians: In this scenario, the robot needs to navigate through a dense

crowd of randomly walking pedestrians before reaching its goal.

2.3.3 Results and Evaluations

In this section, we describe our implementation and highlight DenseCAvoid’s performance
in different scenarios. We also compare it with policies trained without trajectory prediction
and highlight the benefits of explicitly modeling pedestrian behavior. The convergence of the

logarithm of our reward function versus the number of iterations is shown in Fig. 2.5.
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Metrics Sensor Configuration | Dense-Static | Random-Sparse-Ped | Dense-Ped

Depth Camera 0.26 0.73 0.55
Success Rate Depth Camera + LiDAR 0.6 0.733 1
DenseCAvoid 0.93 0.87 1

Depth Camera N/A 5.5 16.3

Avg Trajectory Length | Depth Camera + LiDAR N/A 5.11 15.51

DenseCAvoid N/A 6.39 16.87

Table 2.1: Relative performance of our DenseCAvoid hybrid method versus learning-based

methods that do not use explicit pedestrian prediction. In the latter category, we use two
combinations of sensors (i.e. only depth camera and depth camera + LiDAR). The trajectory
length for Dense-Static case is not measured, since we assign the robot’s goals randomly. These
numbers highlight the benefit in terms of the success rate (higher is better) of DenseCAvoid.
However, the explicit use of prediction can slightly increase the trajectory length (lower is better)
to the goal, because the robot may not take the shortest straight-line path.

Metrics Distance Depth Camera | Depth camera + LiDAR | DenseCAvoid
< 1.0 meters 100% 100% 100%
Freezing Robot % | 1 - 1.5 meters 53% 33% 5%
1.5 - 2 meters 27% 0% 0%

Table 2.2: The performance of different methods in avoiding freezing robot scenarios, i.e. the
number of instances the robot freezes (lower is better), tested in the Robot Freezing scenario. Our
DenseCAvoid method considerably improves the performance when the robot is more than 1m
away from an obstacle. In these cases, our explicit prediction of pedestrian trajectory improves
the navigation capability and the robot does not freeze.

2.3.3.1 Implementation

Our policy is trained in simulations created using ROS Kinetic and Gazebo 8.6 on a workstation
with an Intel Xeon 3.6 GHz processor and an Nvidia GeForce RTX 2080Ti GPU. We use Tensorflow,
Keras, and Tensorlayer to create our network. We simulate sensor data using models of the
Hokuyo 2-D LiDAR and the Orbbec Astra depth camera in Gazebo during training and testing.
The 2-D Hokuyo LiDAR has a maximum range of 4 meters and a field of vision (FOV) of 240°,
and provides 512 range values per scan. The Orbbec Astra has a minimum range of 1.4 meters
and a maximum sensing range of 5 meters. We use depth images of size 60 x 80 as inputs to our

policy training network. We use a low-resolution image to reduce the latency for processing the
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data.

Each pixel value in the depth image varies from 0 to 255. For pedestrian prediction, we
normalize the depth images to have values between 1.4 to 5 (corresponding to the camera’s range)
before passing it into a pre-trained YOLOv3 and RobustTP network. We observe about 85%
prediction accuracy in our dense benchmarks. We convert our depth images into grayscale format
before passing it into a pre-trained YOLOv3 and RobustTP network. We mount the same sensors
on a Turtlebot 2 robot to test our model in real-world scenarios such as densely crowded corridors
with non-smooth pedestrian trajectories. During run-time, we ensure that the rate at which the
LiDAR scan data is received, and the rate at which the depth images are processed by RobustTP

are synchronized.

2.3.3.2 Testing scenarios

We compare our policy trained with pedestrian prediction with two policies that were
trained without pedestrian prediction, but with the same reward function and training scenarios:
(1) Policy trained only with depth camera observations, and (ii) Policy trained with LiDAR and
depth camera observations. This comparison would clearly highlight the benefits of including
pedestrian prediction when all other factors are the same. We consider four different test scenarios
that have more challenging static and dynamic scenes, as compared to our training scenarios. This
demands tight maneuvers from the robot to reach its goal. The scenarios we consider are:

1. Dense-Static: Scenario cluttered with static obstacles, with random goals provided to
the policy.

2. Random-Sparse-Ped: Scenario where the robot must pass through 10 randomly walking
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pedestrians to reach its goal.

3. Dense-Ped: Scenario where the robot must move against the direction of 15 walking
pedestrians in a narrow corridor to reach its goal.

4. Robot Freezing: Several (3 —4) pedestrians are suddenly spawned at different distances
(1—2 meters) in front of the robot to simulate the freezing-robot scenario. Most prior benchmarks

fail in such cases and we highlight the benefits of explicit trajectory prediction.

2.3.3.3 Performance Benchmarks and Metrics
We use the following metrics to evaluate the performance of different navigation algorithms:

* Success Rate - The number of times that the robot arrived at its goal without colliding with

an obstacle over the total number of attempts.

* Average Trajectory Length - The trajectory length that the robot travels before reaching
the goal, calculated as the sum of linear segments over small time intervals over the total

number of attempts.

* Robot Freezing % - The number of times the robot got stuck or started oscillating indefinitely,

while avoiding sudden obstacles over the total number of attempts. A lower value is better.

2.3.3.4 Analysis and Comparison

We present our results in Table 2.1. We observe that DenseCAvoid consistently has a
higher success rate as the testing scenarios get more complicated. Using only observations from
the depth camera for navigation works well for sparse scenarios, however, performs poorly in
dense scenarios. This is mainly due to the low field of vision of the depth camera when compared
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to a LiDAR. Using observations from depth camera and a 2-D LiDAR performs slightly better
than a single sensor. However, explicit modeling of the pedestrian future trajectory and behavior
improves the results in these scenarios. However, the use of trajectory prediction can increase the
trajectory length, as the robot may take a larger turn during collision avoidance.

The main benefit of DenseCAvoid arises in terms of dealing with the freezing robot problem,
as can be observed from Table 2.2. All methods fail in scenarios where a pedestrian suddenly
appears within 1 meter from the robot. This is a consequence of limiting the angular velocity
of the robot between (-0.4, 0.4) rad/sec to avoid high oscillations during navigation. Although
a higher angular velocity range (say -1 to 1 rad/sec) could avoid such sudden pedestrians, it
also leads to undesirable oscillations in some instances. It also prolongs the training time due
to the increase in the oscillation penalty earned by the robot. Prior deep reinforcement learning
methods can’t deal with such situations and the robots tend to freeze. However, DenseCAvoid is
able to handle sudden pedestrians about 1 to 1.5 meters away much better than the other methods,
leading to oscillations/freezing only 5% of the time. This highlights the benefit of using explicit
pedestrian prediction as the classic navigation method along with learning-based methods.

Potential failure scenarios: DenseCAvoid does not allow high-speed maneuvers to avoid
pedestrians who could suddenly obstruct (< 1 meter in front of the robot) the robot’s path.
DenseCAvoid may not perform acute angled turns well or in cases where the data from the depth

camera may be corrupted (high infrared interference) from the environment.
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2.3.4 Limitations

While DenseCAvoid improves the collision avoidance capabilities for a robot in dense
scenarios, it may not work robustly in all possible scenarios. Its accuracy is also limited by
the accuracy of trajectory prediction, which is not perfect. The overall performance is mostly
governed by the simulated environments used during the training phase and the limitations of
the sim-to-real paradigm. Additionally, the actions of DRL policies in general are not easily
explainable. Further, the computed actions cannot guarantee collision avoidance, goal-reaching,
or reducing the occurrence of FRP. Frozone (section 2.4), our next contributions addresses some

of these limitations by formulating a model-based approach to reduce the occurrence of FRP.

2.4 Frozone

In this section, we elaborate on Frozone, an approach that explicitly models spatial regions
that could lead to FRP, and calculates a deviation velocity for the robot to avoid such regions. We
explain the basic assumptions and notations, and how pedestrians behave in crowded environments
in section 2.4.1, then explain how FRP is modeled and avoided in section 2.4.2, and Frozone’s

evaluations in 2.4.3. Finally, we discuss some of its limitations in section 2.4.4.

2.4.1 Preliminaries

2.4.1.1 Notation and Symbols

We represent each pedestrian as [pP*?, u?*?] = [pped, pred yped yped) € R*, where p**? and

u”“? represent the 2-D position and unit vector representing the front/forward direction of the
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pedestrian, respectively. We assume that the robot knows its relative goal location and denote it
as g". All values are specified with respect to a coordinate frame attached to the robot, with

rob

an origin denoted by 0"*” as shown in Fig. 2.7(a). Therefore, the forward heading direction of
the robot always corresponds to (1 i+ Oj') and the direction towards the left is represented as (0
1+ 17). We represent scalar values in normal fonts and vectors using bold fonts.

We assume that the robot is equipped with a depth camera to sense nearby pedestrians. Its
sensing region 8" is formulated as a square space with a side length of s.,, meters in front of
the robot (see Fig.2.7(a)). Our approach can be easily modified for other sensing regions. The
sensing region is offset in front of the robot by f meters to account for sensing inaccuracies in the
depth image, which could arise for objects too close to the robot. The depth image / at any time
instant 7, and the value of a pixel at (¢, j) which contains the proximity of an object at that part of
the image, are represented as:

It = {C c RWXh : f < Cz’j < f+536n}7
(2.8)

1< <w and 1<j5<h,
where w, h, i and j are the image’s width, height, and the indices along the width and height,
respectively. Cj; is a slight approximation owing to the assumption that the depth camera measures
proximity along parallel rays (instead of radial rays) from the camera. We define dist(a, b) as a

function that computes the Euclidean distance between points a and b.
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2.4.1.2 Pedestrian Behavior in Crowds

Pedestrian motions in crowds are influenced by several factors such as crowd density,
individual stride length, and need for personal space. Pedestrians tend to walk slower when
there is less space in front of them (i.e., dense crowd). The fundamental diagram [62] is used
to model this behavior through an inverse relationship between pedestrian velocities and crowd
density.

A pedestrian’s natural walking speed (vP¢9) is related to physiological (pedestrian’s height
and stride length) and psychological (need for personal space) factors [62] using the following

equation:
d - S 2
o = min (Hv*prefu, (725) ) 29)

where ||777¢/|| is the pedestrian’s preferred speed directed towards its goal, which we
assume to be 1.3 meters/second (on average). S is the available space in front of the pedestrian,
H (height/1.72) is a height normalization factor, and « and 3 are constants that account for the
stride of the pedestrian. We assume that all the pedestrians have the same values for H, o and
B. We use the velocity relationship in equation 2.9 to predict the future positions of pedestrians
after a time At. This formulation is complementary to existing trajectory prediction methods and
also accounts for the human psychological need for space while walking. From equation 2.9, we
infer that a pedestrian’s motion is unaffected when a robot avoids/passes them from behind or if
it leaves sufficient space in front of them (high value of S).

Therefore, in our approach, we compute a deviation for the robot velocity such that the

robot maintains sufficient distance in-front of the pedestrians, and avoids them from behind
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when possible. We define 7 as the pedestrians’ comfortable distance threshold based on social
constraints, i.e. the distance that the robot needs to maintain from a pedestrian whenever possible.

In addition, we define the pedestrian-friendliness (PF) of the robot as,

PF = Z % Ny + Z % min(dist(0™", p**%)), (2.10)

where Z is a boolean that represents if a pedestrian has been avoided from behind, N, is a large
value, and p? ed represents the position of the it pedestrian in the environment.

To detect pedestrians, we use YOLOV3 [10] as explained in section 2.3.1.1. YOLOV3’s
outputs are a set of bounding boxes for the detected pedestrians represented as B = {B, | B =
[top left, mg, ng|, € H}, where top left, mp, and ny denote the top left corner coordinates, width,
and height of the k" bounding box B}, respectively. 7 denotes the set of all pedestrian detections.
In addition, it also assigns an ID for a given image and reports the detection confidence.

The detection bounding boxes are used as inputs to DensePeds [112], a pedestrian tracking
algorithm that assigns a unique ID to each detected pedestrian across multiple consecutive images.
This ID is used to compute each pedestrian’s position in the image over time. We use DensePeds
as it is robust to the noise in the image and performs with an accuracy of over 93% in dense (> 1

person/m?) scenarios.

2.4.2 Methodology

In this section, we describe how we formulate the freezing robot problem. This includes
various components including pedestrian classification, the construction of a potential freezing

zone, and our formulation to calculate the deviation needed to avoid the freezing zone.
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Figure 2.7: (a) An example for the freezing robot scenario. The robot does not find enough
space between pedestrians (red circles) to move towards its goal and the robot’s navigation
module concludes that all velocities towards the goal would lead to a collision. (b) The range of
pedestrian velocity directions that are considered as potentially-freezing in the left and right half
planes of the sensing region. Pedestrian velocities along the robot’s X-axis are special cases of
an either head-on approach or a pedestrian moving away. (c¢) The construction of the Potential
Freezing Zone (PFZ), which is the convex hull of the predicted positions of potentially-freezing
pedestrians after time At. The deviation angle ¢ is computed such that the robot is directed away
from the PFZ with the least amount of deviation from its current velocity.

2.4.2.1 Formulation of FRP

Consider a scenario as shown in Fig. 2.7(a), where a robot faces a set of T pedestrians in
its sensing region before reaching its goal. The pedestrians could either be mobile or stationary.
Definition 2.4.2.1.1 (Freezing Robot Problem). If the pedestrians are stationary and are

positioned such that,

dist(pr*®, p?l) < 20 Vi€ {1,2,..,T},

dist(0", p'*) < Q Vie {1,2,...T}, 2.11)
prpl € 5,
where p? °d and pfﬂ are the positions of the 7" and (i + 1) pedestrian with respect to the
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robot, and €2 denotes the minimum distance threshold that the robot’s collision avoidance module
should maintain with all obstacles. If the conditions in 2.11 are satisfied then the planner deems
all forward velocities as unsafe. Such a scenario constitutes the Freezing Robot Problem. One
possible technique (without human cooperation) for the robot to reach its goal is to retrace its
path, identify the free space, and re-plan its trajectory. This typically requires global knowledge
of the environment, such as a map of the environment and all dynamic obstacles, which may not
be readily available. The robot either halts completely or generates undesirable behaviors such
as oscillations, which severely degrade the efficiency of the robot’s navigation.

If the humans are non-stationary, the robot disrupts their velocities due to its low proximity
in front of them (i.e. low value of S). This reduces the robot navigation’s pedestrian-friendliness.
Therefore, we develop an approach where the robot is able to predict if such scenarios could occur
in the near future and preemptively avoid them. This simultaneously reduces the occurrence of

FRP and improves the robot’s pedestrian-friendliness in terms of social constraints.

2.4.2.2 Computing Pedestrian Poses and Prediction

The pedestrian positions and orientations are obtained by tracking pedestrians in the image
produced by the depth camera. Referring to equation 2.8, the value of the (i, )" pixel in the
image C;; contains the proximity of an obstacle present in that part of the image. When a
pedestrian k is detected and tracked in consecutive images (Section III.C), the pixel values within
the detection bounding box B}, are averaged to measure the mean distance (d,,4) of the pedestrian

from the camera. Let the centroid of the bounding box By be denoted as [xg, , yp,]. Then, the
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angular displacement v of the pedestrian with respect to the robot can be calculated as:

b = (IB’“> ¥ FOVigm, 2.12)

w

where FOV,,,, is the field of view angle of the camera. The pedestrian’s position with respect
to the robot can be calculated as [pﬁed, pZEd] = dgvg * [cos®),sine]. A pedestrian’s orientation
unit vectors [uP*?, uzed] can be computed by calculating the difference between the pedestrian
positions computed between two consecutive depth images. The pedestrian’s perceived space in
front of the pedestrian (S) can be trivially calculated based on the computed relative positions of
all the pedestrians in the robot’s sensing region. Using S, the pedestrian’s walking speed v7*? is

calculated based on equation 2.9.

2.4.2.3 Classifying Potentially Freezing Pedestrians

To predict if the freezing scenario discussed in section 2.4.2.1 could occur, our navigation
algorithm first identifies the pedestrians in its sensing region who could cause such freezing
behavior and classifies them as potentially-freezing. To this end, the sensing region S of the
robot is divided equally along the robot’s X-axis as Sq’ffgbht and Sl’"eo}’t as shown in Fig. 2.7(b).
Consider a pedestrian in the sensing region of the robot with an orientation denoted by u =
[ub*?, uP<?]. The pedestrian’s velocity vector v** with respect to the robot’s frame, can be
obtained by scaling u by the pedestrian walking speed v7*¢ (from equation 2.9) as

ped __ [, ped ,ped] __ , ped ped , ped
VPl = [t olel] = P [ul ule].
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Let the robot speed be v"*. Therefore, its velocity vector with respect to its local coordinate
frame will be v'** = " % [1,0]. A pedestrian positioned at p*¢ € S/’ is considered as
potentially-freezing if its velocity vector vP*? satisfies these constraints:

U§6d c [_Uped/\/é’ Uped/\/i]’
(2.13)

ped [ ped/\/§ ,Uped]

Similarly, the velocity vectors v*? of a pedestrian positioned at pr*¢ € Sfeojﬁ’t is considered

potentially-freezing if it satisfies:

vred € [—uPed/v/2, 07 [V/2),
(2.14)

,Uped e [ ped ped/\/_]

Y

The pedestrian’s speed is assumed to be comparable to the robot’s speed in both cases (v"? ~

Urob).

Proposition 2.4.1. The distance function (dist()) between any pedestrian with a velocity vector
that satisfies the conditions in equations 2.13 or 2.14 and the robot, is a decreasing function with

time.

Proof. Consider pP*? € S[fgbht with a velocity vector [vP¢?, vped] that satisfies equation 2.13. From
Fig.2.7(b), we observe that pP*? is positive and pged is negative. For simplicity, let us assume that
for a time interval [£o, ? i ], pPed = prob Let t fin — to = At be a small time interval comparable
to the time taken for the depth camera to capture two consecutive images. In this time interval,

with respect to the robot, the pedestrian would have moved from (pP°?, pged) to

(pied + UgedAt . UrobAt’pzed + UgedAt>. (215)
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We assume no sudden changes in the pedestrian’s motion since At is small. Since vP¢¢ = v",

vPed € [—pPed [\/2 pPed [\/2] = wyPed < ¢ and vbed e [vPed [\/2, vPed] —> vbe? > 0. Then,

the distance between the robot and the pedestrian at ¢, is given as,

do = /(2 + ()2 2.16)

The distance between the robot and the pedestrian at ¢ is given as,

dy = \/ (P2 4 0B AL — TP ALY + (B + PIAL)2, (2.17)

Since vE“' At —v" At < 0 and [phed+vPd At| < |phed|, we getdy < dy = dist(0"”,p**?)isa
decreasing function in [, ¢ r;,]. A similar proof can be formulated for a pedestrian in Sl’;(;f’t. This
result implies that the pedestrian velocities satisfying conditions 2.13 and 2.14 move closer the
robot, potentially causing freezing. Their motion would also be affected the most by the robot’s

navigation. Therefore, such pedestrians should be classified as potentially-freezing.

Pedestrian Classification: The potentially-freezing velocity directions for each half of the sensing
region are shown in Fig. 2.7(b). If vP*? < v"°, then the pedestrian is considered as potentially-
freezing, irrespective of his/her orientation, as the distance between the robot and the pedestrian
decreases over time. Pedestrians with velocity vectors of the form [£vP??, 0], are cases where the
pedestrian is either moving head-on towards the robot or moving away from the robot (maybe at
a lower speed than the robot). Such pedestrians are also considered potentially-freezing provided
that the pedestrian position is along the X-axis of the robot. All other pedestrians are considered
as non-freezing. All potentially-freezing pedestrians’ positions are involved in freezing zone
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computation.

2.4.2.4 Constructing the Potential Freezing Zone

Definition 2.4.2.4.1 (Potential Freezing Zone (PFZ)). PFZ is defined as a conservative
region with a high probability for the occurrence of FRP, after a time interval At. Using the
current position and velocity of a potentially-freezing pedestrian i, we predict his/her’s position

p? °d after At as,

pred = prd L vIAL e 1,2, K, (2.18)

where K is the number of potentially-freezing pedestrians in the sensing zone. With these predicted

positions as vertices, a closed region is constructed, as in (Fig. 2.7(c)),

PFZ = Convex Hull(p?*?), i€1,2,.. K. (2.19)

We use the convex hull of p” “d as a conservative approximation because it simplifies the computation
of the freezing zone. It also simplifies the deviation angle computation explained in section
2.4.2.5. The cases where K =1 is a special case where the PFZ is a single point. To maintain
sufficient distance from the pedestrian in this case, we construct the PFZ as a circle centered
around the pedestrian with a fixed radius. The avoidance of the PFZ locally guarantees the
prevention of FRP after time At¢. In addition, it improves the robot’s pedestrian-friendliness
with respect to the K pedestrians, as the robot’s deviation away from the PFZ ensures that it does

not navigate obtrusively in front of the pedestrians.
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2.4.2.5 Calculating Deviation Angle ¢

At any instant, if p? “d of the closest potentially-freezing pedestrian i positioned at pP*? =

[pped, phed] satisfies,

dist(v AL, Pty < (2.20)

(n is the pedestrian comfort distance) and v"**At € PF Z, the robot initializes a deviation from

its current velocity direction to a new velocity by an angle ¢ as,

vVih =R, v, (2.21)

new

where R, , denotes the rotation matrix for an angle ¢ about the robot’s Z-axis. This deviation is
constrained based on the relative location of the robot’s goal and avoids navigating in-front of the

pedestrians. ¢ can be computed as,

¢ = min(¢y, ¢2), (2.22)

where ¢, and ¢, are given by,

¢r = argmin  (dist(R, 4, VAt g")), (2.23)

R, 4, V' At¢ PFZ

¢ = tan™ (pi/pEet), ¢y #0. (2.24)

If min(¢1, ¢2) = @2, the robot deviates towards the closest pedestrian’s current position. Since
the pedestrian has a non-zero velocity in the interval At, the robot avoids the closest pedestrian
from behind. If ¢5 = 0, we use ¢ = ¢;, which denotes the least deviation from the goal.
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Figure 2.8: The maximum possible deviation ¢s,,,, occurs, when the closest potentially-freezing
pedestrian is at [f, ssn,/2]. This proves that ¢o is always bounded, which implies that ¢ =
min(¢1, ¢2) is bounded.

Proposition 2.4.2. The deviation angle ¢ has an upper bound of tan™'(+/1? — f2/f) which

depends on 1 and f.

Proof. Consider the formulation for ¢,. For the dimensions of the sensing region shown in
Fig. 2.7(a), the maximum value of the deviation angle for a certain 7 could occur if the closest
pedestrian is located at pP*? with p®d = f meter (just within the sensing region), and pged =
£/n% — f2 (see Fig. 2.8). This is because the tan™'(p?*?/pre?) function increases as pred

decreases, and f is the least possible value that p?* can have. Then, the maximum value of ¢,,
Gomaz = tan"(E£+/n% — f2/f). ¢o is bounded by tan~!(£+/n% — f2/f) = ¢ is bounded by
tan~" (£/n? = f2/f). u

The constraints on the deviation angle ensure that (1) PFZ can be avoided which reduces freezing
and improves pedestrian-friendliness; (ii) since ¢ is the least possible deviation away from the
PFZ, the angular motion of the robot is restricted. This results in minimizing the loss of line of
sight of the obstacles that are surrounding the robot. We note that our deviation angle computation
does not assume pedestrian cooperation for collision avoidance. This formulation is applicable

in moderate to dense crowds (< 1 person/ m?), where human cooperation is not required to avoid
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freezing.

2.4.2.6 Frozone and Deep Reinforcement Learning

We use a hybrid combination of a DRL-based collision avoidance policy by Long et al [34]
and Frozone to compute the robot’s collision-free velocities. The overall system architecture is
shown in Fig. 2.9. Frozone modifies the velocities computed by the DRL policy to preemptively
avoid potential freezing zones in crowds with lower pedestrian densities (< 1 person/m?). In
dense crowds, the DRL-based policy demonstrates good collision avoidance capability, and the
computed velocities are used directly by our hybrid method.

The crowd density in the environment is categorized based on the total number of pedestrians
in the robot’s sensing region T. Our switching mechanism for different densities can be expressed
as:

VFrozone if T S 82

sen?

Vo = (2.25)

yDRL if T > s?

sen*

T < s2,, corresponds to a density of < Iperson/m?. We also note that Frozone is not restricted

to be interfaced with a DRL-based method and can be employed with any collision avoidance

scheme.

2.4.3 Results and Evaluations

In this section, we describe Frozone’s implementation and highlight its performance in
different evaluation scenarios. We also compare Frozone with prior methods and show significant

improvements in terms of navigation performance.
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Figure 2.9: Our hybrid method’s system architecture, which uses the velocity provided by a
DRL method [34] as a guiding velocity for collision avoidance and modifies it to preemptively
avoid Potential Freezing Zones (PFZ). Our method includes 3 main components: 1. Classifying
pedestrians as potentially-freezing and non-freezing; 2. Constructing a Potential Freezing Zone;
3. Avoiding the PFZ in a pedestrian-friendly manner.

2.4.3.1 Implementation

We first evaluate our method in simulations that were created using ROS Kinetic and
Gazebo 8.6. We use a simulated model of a Clearpath Jackal robot attached with models of
the Hokuyo 2-D LiDAR and the Orbbec Astra depth camera in Gazebo. The Hokuyo LiDAR,
used by the DRL-based method, has a range of 4 meters, an FOV of 240°, and provides 512 range
values per scan. The Astra camera has a minimum and maximum sensing range of 0.5 meters
and 5 meters, respectively. We use images of size w x h = 150 x 120 with added Gaussian
noise N (0,0.2) as inputs to our pedestrian detection and tracking system. For our real-world
implementation, we use different cameras; the Astra camera with a Turtlebot 2 and an Intel

Realsense depth camera with a Clearpath Jackal robot.
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Metrics Method Corridor | Crossing | Random-5 | Random-10
Success DWA [29] 04 0.6 0.6 0.8
Rate Long et al. [34] 0.1 0.4 0.6 0.2
(higher | DenseCAvoid [53] 0.2 0.6 0.7 0.4
better) Frozone + DRL 0.6 0.8 0.6 0.8
Mean DWA [29] 32.9 31.9 33.25 32.71
Time Long et al. [34] 354 39.2 31.3 33.8
(lower | DenseCAvoid [53] 32.03 39.08 32.77 30.04
better) Frozone +DRL 31.3 29.06 32.8 32.2
Avg DWA [29] 0.30 0.31 0.31 0.30
Velocity Long et al. [34] 0.28 0.25 0.30 0.33
(higher | DenseCAvoid [53] 0.33 0.25 0.31 0.33
better) Frozone + DRL 0.34 0.35 0.33 0.33

Table 2.3: Comparison of the hybrid combination of Frozone + Long et al’s method’s performance with
other learning methods [34, 53], and a traditional collision avoidance method DWA [29] in challenging
scenarios. We observe that our hybrid combination’s performance is better or comparable to previous
methods. We represent our hybrid combination as Frozone + DRL in the table.

2.4.3.2 Testing Scenarios

We recreate typical indoor and outdoor scenarios that the robot could face in our simulator
to evaluate the performance of our algorithm and to compare with prior approaches. For sparse
crowds, we assume that the robot takes full responsibility to avoid collisions. As a result, we make

no assumptions about human cooperation. We consider the following challenging scenarios to

evaluate the performance:

* Corridor: The robot must navigate through 15 pedestrians in a straight corridor to reach
its goal. The scenario is made more challenging by making the pedestrians walk in multiple

pairs or in a zig-zag manner.

* Crossing: The robot must move perpendicular to the pedestrian motion in a plus-shaped

corridor. The pedestrians may not be sensed until they are very close to the robot.

* Random-5: The robot must navigate in a random manner and move through five pedestrians
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Metrics Method 1Ped-3m | 1Ped-4m | Ped-perp-3m | Ped-perp-4m

Freezing DWA [29] 100 87 11 0
Rate Long et al. [34] 100 100 23 11
(lower | DenseCAvoid [53] 100 81 5 0
better) Frozone + DRL 0 0 0 0
PF DWA [29] 0.0 0.35 1.02 1.5

(higher Long et al. [34] 0.0 0.0 0.57 0.95

bet%er) DenseCAvoid [53] 0.0 0.24 0.56 1.32
Frozone + DRL 0.36 0.52 10 10

Table 2.4: Comparison of different methods in terms of freezing rates and pedestrian-friendliness (PF)
for challenging 1-person scenarios, when the pedestrian starts at close proximity from the robot and moves
at 1 m/s. Our Frozone + Long et al’s method hybrid (represented as Frozone + DRL) outperforms all
previous methods, with a significant decrease in freezing and an increase in pedestrian-friendliness in all
scenarios.

that result in high pedestrian density in a local region. The maximum pedestrian density in

this scenario is 1 person / m?.

Random-10: The robot navigates through randomly moving 10 pedestrians. The maximum
density however, is < 0.75 person / m?2. This scenario is used to evaluate the maximum

number of pedestrians that each method can handle at any time instant.

1 Pedestrian Head-on: To compare the reduction in the occurrence of freezing and increase
in pedestrian-friendliness, we make the robot approach a single pedestrian head-on from
different initial positions that are at a distance of 3 meters and 4 meters. The pedestrian
moves at 1 m/s towards the robot and halts in-front of the robot, emulating a freezing
scenario in dense crowds. This tests the collision avoidance response time of each algorithm,

and if the algorithm can avoid freezing.

1 pedestrian Perpendicular: The robot moves perpendicular to a pedestrian’s motion. We

evaluate if the robot avoids the pedestrian from front (obtrusive) or back (unobtrusive).
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We use the aforementioned single pedestrian scenarios for our evaluation of freezing rates
and pedestrian-friendliness, as it provides a more precise way to measure these parameters and

observe robot behaviors when compared to more dense scenes.

2.4.3.3 Evaluation Metrics

We highlight the various metrics used to evaluate the algorithm. The mean time and
velocity are self-explanatory and correspond to the values when the robot reaches its goal position

without a collision.

* Success Rate - The number of times that the robot reached its goal without collisions over

the total number of attempts.

* Freezing Rate - The number of times the robot got stuck or started oscillating for more

than 10 seconds while avoiding obstacles over the total number of attempts.

* Pedestrian friendliness - We use equation 2.10 to compute the pedestrian friendliness

metric with N, = 10 in our results.

2.4.3.4 Analysis

Table 2.3 shows the results of our comparisons between Frozone + Long et al. [34] DRL
method (hybrid) and three previous methods in our simulator: (i) Dynamic Window Approach
[29], a traditional collision avoidance method which uses the LiDAR to sense nearby obstacles
and forward-simulate the robot’s motion to detect potential collisions, (ii) Long et al. [34], a
DRL-based collision avoidance method for dense crowd collision avoidance; (iii) DenseCAvoid
[53], a DRL-based method with a trained policy that reduces FRP using pedestrian tracking and
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prediction. As mentioned before, our implementation of Frozone is combined with Long et al’s
DRL policy [34] for our evaluations.

We observe that Frozone + Long et al’s method has the best success rates of all the methods
in all the scenarios highlighted above. It significantly improves the success rates over just using
Long et al.’s [34] algorithm, and performs better or comparably with DWA. This is because a
robot’s success rate is closely tied to avoiding freezing as well. Our hybrid method improves
the mean time to goal when compared to Long et al.’s method by up to 33%, and the robot’s
average velocity increases up to 40 %, while resulting in comparable performances with the
other methods.

Freezing and Pedestrian-Friendliness: Frozone significantly reduces the freezing in all
our challenging test scenarios. In the scenario where a pedestrian approaches the robot head-
on starting from 3 meters away, all previous methods halted to avoid a collision and started
oscillating for more than 15 seconds. Frozone + Long et al’s method avoids the circular PFZ
constructed around the pedestrian preemptively and prevents freezing (see Fig. 6). When the
pedestrian starts from 4 meters away, DWA and DenseCAvoid manage to not freeze in some
cases, since the robot has more space and time to react to the pedestrian, and avoid it. Both these
methods, however, do not handle dynamic pedestrians in close proximity (< 2 meters away).

Frozone also deviates the robot to avoid pedestrians from behind whenever it results in
least deviation from the goal. When the robot moves perpendicular to the pedestrian’s motion,
all previous methods take short-sighted actions and try to pass the pedestrian from the front. In
some cases, DWA deviated more than 5 meters away from the goal to avoid the pedestrian. Such
behavior severely affects both the pedestrian-friendliness and the efficiency of the navigation. In

all our trials, Frozone + Long et al’s method passed the pedestrian from behind, without changing
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Figure 2.10: The trajectories of our Frozone + Long et al’s method hybrid (in green) compared
to the trajectories of previous methods (red trajectories). Our method always avoids the PFZ (red
circular region constructed around the pedestrian) and thus avoids freezing. Our method also
avoids the pedestrian from behind, thereby not affecting the pedestrian’s motion. The yellow
point represents the robot’s goal.

the perceived space in-front of the pedestrian.

In our real-world tests on two differential drive robots, we observed that the robot could
switch between the velocities computed by Long et al’s method, and Frozone seamlessly. The
performance in real-world scenarios is also simplified as humans generally cooperate with avoiding
collisions with the robots. We also test the pedestrian-friendliness improvement in real-world

scenes and observe that the robot conservatively navigates behind a pedestrian whenever possible.

2.4.4 Limitations

Frozone’s model-based formulation makes its actions more explainable, and its deviations
bounded, unlike DenseCAvoid. While Frozone can reduce the rate of freezing, it cannot avoid
it altogether without human cooperation in highly dense crowds. Frozone is formulated for
moderately dense crowds. Therefore, its PFZ formulation could be conservative, which could
lead to no solutions for deviation in highly dense scenarios.

The behavior of our approach is also governed by the underlying pedestrian tracking algorithm
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as well as the techniques used to model pedestrian friendliness. Additionally, Frozone’s FRP
condition (equation 2.11) implicitly considers pedestrians in social scenarios as individuals. However,
this assumption does not account for pedestrian groups, whose members can all be sometimes

considered as a single entity.

2.5 Summary

In this chapter, we discussed two of our contributions towards enabling a mobile robot to
navigate in crowds of varying densities in indoor environments. Although crowds are challenging
in outdoor settings as well, since indoor environments contain more static obstacles that further
reduce the available free space for the robot, they are primarily considered in our work. First,
we presented DenseCAvoid, a novel collision avoidance method that used a hybrid approach to
combine the benefits of learning-based navigation methods with pedestrian trajectory prediction.
DenseCAvoid has been implemented in highly dense crowds with pedestrian densities up to 1-2
pedestrian per square meter. Our prediction method does not make any assumptions regarding the
motion model for the pedestrian, which results in stable behavior during training and run-time.
We validate our work in simulation and in real-world scenarios using a Turtlebot and showed that
our approach drastically reduces the freezing robot problem, when pedestrians suddenly appear
in front of the robot. We finally discussed its limitations that arise due to DRL.

Secondly, we presented Frozone, a novel method that constructed a spatial zone, where the
robot could freeze and be obtrusive to the pedestrians. It then computes an angle to deviate the
robot away from this zone. We also combined our method with a DRL-based collision avoidance

method to exploit its advantages in dense crowds (>1-2 persons/meter?), while reducing the
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occurrence of freezing. Frozone overcame some of the limitations of DRL approaches such as
unexplainable actions, bounds on the robot’s deviation at any time instant, while also using DRL’s
advantages in higher density crowds.

Both methods have been implemented on real robots such as the Clearpath Jackal and
Turtlebot 2 and evaluated in real-world crowds. Both methods share a limitation in that they treat
human obstacles as individuals and do not account for the role that groups, their behaviors, and

dynamics play in crowds.
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Chapter 3: Navigating Amongst Groups in Indoor Environments

3.1 Overview

The contributions of Chapter 2 dealt with dynamic pedestrians as individuals. However,
in real-world social scenarios, people typically walk together or interact as groups. The works
outlined in this chapter interact with such groups by either identifying and navigating to groups
of people or recognizing scenarios where groups should be avoided, and determining when it is
acceptable to pass through them if necessary.

CS-Robot (COVID Surveillance Robot), the first work described in this chapter was developed
during the height of the COVID-19 pandemic to use a robot to identify scenarios where people
have breached social distancing norms. We briefly provide an overview of using mobile robots
for pandemic response, and to motivate the need for this work.

Global pandemics such as the COVID-19 (COrona VIrus Disease-19) pandemic can cause
significant loss of life around the world due to their high infection rates. In such situations,
organizations such as the Centers for Disease Control and Prevention (CDC) recommend many
guidelines including maintaining social or physical distancing, wearing masks or other facial
coverings, and frequent hand washing to reduce the chances of contracting or spreading the virus.
Broadly, social distancing refers to the measures taken to reduce the frequency of people coming
into contact with others, particularly by maintaining at least 2 meters (6 feet) of physical distance
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between individuals. Several groups have simulated the spread of the virus and shown that social
distancing can significantly reduce the total number of infection cases [113—-118].

Since social distancing is a fundamental method to tackle any pandemic, it is crucial to
develop technologies to help detect scenarios where such rules are not being followed, so that
appropriate counter-measures can be employed. These actions could also help with collecting
data about people who have come in contact with an infected person (contact tracing) [118].
Therefore, developing methods to detect and track groups, and ensuring social distancing is
followed could help tackle the next pandemic with relative ease. Additionally, utilizing a mobile
robot to attend to scenarios where social distancing has not be followed would also reduce the
risk of medical and security personnel in public spaces being infected.

Beyond the pandemic response, detecting groups and identifying their characteristics (e.g.
interpersonal relationships) and behaviors can be beneficial for navigating crowded environments.
This is because, extensive research in social and behavioral psychology suggests that up to 70%
of observed pedestrians in real-world crowds are part of a group [119,120]. A group is generally
regarded as a meso-level concept and corresponds to two or more pedestrians with similar goals
over a short or long period of time. As a result, the pedestrians or agents in a group exhibit similar
movements or behaviors. Therefore, it is important to understand group characteristics and
dynamics to perform socially-compliant robot navigation [42,54,64] in complex social scenarios.

One characteristic of groups that could be utilized to improve social-compliant navigation
is the social-cohesion or the collective behavior of the group’s members. This is directly linked
to the interpersonal relationships between group members. For example, a group of friends or
family has higher cohesion than a group of strangers [121, 122]. Cohesion is inversely related to
the permeability of the group in social settings, i.e. whether another individual can cut through the
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group while walking [123]. Many theories have been proposed in psychology and sociology to
identify the human behaviors or features that are good indicators of group cohesion. Such features
include proximity between group members [124], walking speed [125], group size [123], context
or environment [126], etc. Estimating cohesion could help a robot plan a better or more socially
compliant trajectory based on the context. For example, in dense crowds (i.e. pedestrian density
is more than 1 person/m?), the robot could navigate around a group that has high cohesion or the
robot could move between members of a group that has low cohesion, similar to how humans
navigate in crowded scenarios.

We develop a method to detect social distancing breaches for pandemic response using
a mobile robot, and subsequently utilize its group detection capabilities to further detect group

cohesion for improved socially-compliant navigation. Our contributions are:

1. CS-Robot, an automatic approach that can use a mobile wheeled robot and wall-mounted
CCTYV cameras (if available) to detect breaches in social distancing norms. We use a real-
time method to estimate distances between people in images captured using an RGB-D
camera on the robot and RGB images captured by the CCTV camera. The robot then
enforces social distancing by navigating towards the groups of non-compliant people, and
encouraging them to maintain at least 2 meters of distance by displaying an alert message
discreetly on a mounted screen. CS-Robot classifies non-compliant people into different
groups, prioritizes attending to them based on whether they are static or dynamic, and
computes a goal for the robot to navigate towards the group. It also locks on to a person in
a dynamic non-compliant group to more accurately pursue it. We also deploy appropriate

measures for privacy protection and de-identification.
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Figure 3.1: Our robot detecting non-compliance to social distancing norms, classifying non-
compliant pedestrians into groups and autonomously navigating to the static group with the most
people in it (a group with 3 people in this scenario). The robot encourages the non-compliant
pedestrians to move apart and maintain at least 2 meters of social distance by displaying a
message on the mounted screen. Our CS-robot also captures thermal images of the scene and
transmits them to appropriate security/healthcare personnel.

2. CoMet, a novel metric for estimating group cohesion. Our approach is based on social
psychology studies and exploits features such as proximity between people, walking speeds,
group sizes, and interactions, and uses an RGB-D sensor to detect groups and these visual
features. We then present CoMet-based navigation that accounts for group cohesion, while
ensuring social-compliance in terms of naturalness (section 2.4.3), large deviations and
freezing behaviors. Our formulation assumes human cooperation in dense crowds and

plans less conservative trajectories than prior methods.

Both methods were implemented on a real Turtlebot robot equipped with a commodity
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Figure 3.2: Our novel navigation method uses our CoMet metric to compute a collision-free trajectory
for a robot in real-world scenarios. CoMet identifies groups in crowds and detects intra-group proximity,
walking speed, group size and interactions to estimate a group’s cohesion. (a) In dense scenarios, our
navigation algorithm identifies a low-cohesion group (green bounding box) and navigates between its
group members (green path) by assuming human cooperation for navigation; (b) Our method detects a
high cohesion group (red bounding box) and plans a trajectory around it. Overall, our method improves
social-compliance and the naturalness of the trajectory (section 3.4.3.1).

RGB-D sensor and demonstrated improvements in terms of identifying social distancing breaches,
and social navigation.

The rest of the chapter is structured as follows. We discuss prior work relevant to detecting
groups, social distancing, and group behaviors in section 3.2. Then in sections 3.3 and 3.4,
we discuss CS-Robot’s, and CoMet’s methodologies and evaluations in detail, respectively. We

conclude this chapter with a summary of the contributions and their limitations.

59



3.2 Related Work

In this section, we cover the works complementary to CS-Robot in detecting social distancing
breaches. Further, we detail the works on detecting groups of people, their behaviors and interactions,
that helped formulate CoMet. Apart from these works, the navigation works discussed in Chapter

2 also function as related work to CoMet.

3.2.1 Social Distancing Detection

A comprehensive survey of all the technologies that can be used to detect if social distancing
norms are followed properly is given in [118]. This includes a discussion of the pros and cons of
technologies such as WiFi (Wlreless Fldelity), Zigbee, RFID (Radio Frequency Identification),
Cellular, Bluetooth, Computer Vision, Al (Artificial Intelligence), etc. However, many of these
technologies require new static, indoor infrastructure such as WiFi routers, Bluetooth modules,
central RFID hubs, etc or people to wear detectable tags. Technologies such as WiFi and Bluetooth
require people to connect to them using wearable devices or smartphones for tracking. This limits
their usage for tracking crowds and social distancing norms in general environments or public
places, and may hinder the use of any kind of counter-measures.

Recently, there have also been several vision-based methods that use deep learning [127,
128] to detect social distancing breaches. A large-scale social distancing monitoring system
using networked cameras has also been proposed [129]. Solutions based on semi-autonomous
and autonomous robots [130] are also becoming popular. For instance, in [131], a quadruped
robot with multiple on-board cameras and a 3-D LiDAR is used to enforce social distancing

in outdoor crowds using sound-based alerts. CS-Robot (section 3.3) is complementary to these
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methods and also helps react to social distancing violations.

3.2.2  Group Detection

Many techniques have been proposed in computer vision for pedestrian and group detection
in a crowd. The first step in group detection is to detect individuals in the images or videos.
Methods for this step include many deep learning-based approaches for pedestrian detection and
tracking [10] and improved methods for high density crowds [132]. These methods have been
extended from individual pedestrian detection to group detection [133, 134]. These group-based
methods typically use different kinds of clustering based on the proximities between people, their

trajectories and their velocities to segregate them into groups [134, 135].

3.2.3  Group Behaviors and Interaction Detection

Different techniques have been proposed for detecting group behaviors and interactions in
computer vision and social psychology [126, 136] as well as event identification [137]. Behavior
detection and event identification involve the analysis of different features (e.g., collectiveness,
stability, uniformity) that represent how people move and interact in a crowd. These include
individuals, groups, leaders, followers, etc. They also involve detecting scenarios where groups
either merge together or split while walking or running.

Other relevant techniques detect interactions among people in a group based on F-formations
[133,138]. These algorithms estimate features such as people’s body and head poses and identify
the individuals who are facing each other. Our approach, CoMet (section 3.4), is complimentary

to these methods and extends them by using many other features, including proximity, walking,
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and interaction, to gauge group cohesion.

Another related domain deals with kinship detection. This class of works deal with training
a machine using large-scale datasets [ 139] to recognize people who are related by analyzing their
images and facial features [140, 141]. A detailed survey of such kinship detection methods can
be found in [142]. However, these methods require an up-close view of people’s faces, and are

not well-suited for working in real-world social settings.

3.3 COVID Surveillance Robot

In this section, we explain what qualifies as a social distancing breach, and how they are
detected using a mobile robot and CCTV camera setup. This involves components such as group
detection, pedestrians localization. We then explain how CS-Robot locks on to a group member,
uses Frozone (section 2.4) to navigate to head towards them to encourage them to maintain a
2-meter distance. We finally present our evaluations of CS-Robot in detecting breaches, and

localizing them in section 3.3.2.

3.3.1 Detecting Social Distancing Breaches

In this section, we first explain the architecture of our robot and CCTV setup and the
relationship between all the sensors used in the system. We then describe how our method
effectively detects a social distancing breach. We refer to people who violate social distancing
norms as non-compliant pedestrians. We then describe how we classify non-compliant pedestrians
into groups and compute the goal for the robot’s navigation for static and dynamic scenarios. Our

overall system architecture is shown in Fig 3.3.
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3.3.1.1 System architecture

Our overall system architecture is shown in Fig.3.3. Our architecture contains three cameras:
1. RGB-D camera onboard the robot, 2. CCTV camera mounted on the wall (if available), and
3. Thermal camera onboard the robot. The images from the RGB-D (green arrows) and CCTV
cameras (blue dashed arrows in Fig.3.3) are used as inputs to various modules such as pedestrian
tracking, homography, and eventually social distance estimation. The data represented by the
green arrows is required, whereas the data represented by the blue arrows is optional for the
overall operation of the system. The thermal image (red line in Fig.3.3) is analyzed by the
pedestrian detection and tracking module, and the outputs are sent only to security or healthcare
personnel to monitor symptoms of the tracked people (see section 3.3.1.5). It is not used for
social distance estimation or aiding the robot in navigation.

The architecture is designed in a way that the robot can detect social distancing breaches
and navigate to non-compliant groups independent of the availability of the CCTV camera using
only its onboard RGB-D camera. In the presence of a CCTV camera, the architecture uses its
images to more effectively detect non-compliant groups in a larger sensing region with a global
perspective and guide the robot.

We detect breach scenarios based on the following criteria. We focus on detecting scenarios
where individuals do not maintain a distance of at least 2 meters from others for a given period of
time. We choose to detect this scenario because it is a fundamental social distancing norm during
all stages of a pandemic, even as people begin to use public spaces and restrictions are lifted. An
important challenge is to avoid detecting two or more people passing each other as a breach, even

if the distance between them is less than 2 meters for a few moments (see Fig 3.4a).
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Figure 3.3: Overall architecture of social distance monitoring using CS-robot: The main
components include: (i) Pedestrian tracking and localization; (ii) Pairwise distance estimation
between pedestrians; (iii) Classifying pedestrians into groups; (iv) Computing a goal for the robot
based on whether the group is static or dynamic; (v) Using a hybrid collision avoidance method
to navigate towards the goal; (vi) Displaying an alert message to the non-compliant pedestrians
to encourage them to move apart; (vii) Thermal image and bounding boxes of detected people
are transmitted to security/healthcare personnel.

The robot’s onboard RGB-D camera and the CCTV camera setup (whenever available)
continuously monitor the states of individuals within their sensing range. At any instant, breaches

could be detected by the robot’s RGB-D camera and/or the CCTV camera.

3.3.1.2 Social distance estimation using RGB-D camera

At any time instant ¢, we first localize a person detected in the RGB image relative to the
robot by using the depth image I*. The depth image is calibrated to be the same shape as the
RGB image. Every pixel in I contains the proximity of an object at that location of the image.

First, the detection bounding boxes from the RGB image passed through the pedestrian

tracking method are superimposed over the depth image (Fig 3.5). Next, the minimum 10% of
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Figure 3.4: (a): Our criteria used to detect whether two pedestrians violate the social distance
constraint. The pedestrians are represented as circles in two different scenarios. The increasing
size of the circles denotes the passage of time. The green circles represent time instants when the
pedestrians maintained > 2 meters distance, and the red circles represent instants when they were
closer than 2 meters. Top: Two pedestrians passing each other. This scenario is not reported
as a breach since the duration of the breach is short. Bottom: Two pedestrians meeting and
walking together. This scenario is reported as a breach of social distancing norms. (b): A top-
down view of how non-compliant pedestrians (denoted as red circles) are classified into groups.
The numbers beside the circles represent the IDs of the pedestrians outputted by Yolov3. The
compliant pedestrians (green circles) are not classified into groups as the robot does not have to
encourage them to maintain the appropriate social distance.

the pixel values inside the bounding box Bp are averaged to obtain the mean distance (d%,) of a

pedestrian P relative to the robot. Denoting the centroid of the bounding box Bp as [z22  4Er],

cen’ Jcen

P

- Of the pedestrian relative to a coordinate frame attached to the robot

the angular displacement v
(with X-axis and Y-axis pointing in the forward and left directions of the robot, respectively) can

be computed as:

w _ Bp
Po_ (_2 ) « FOVianp. 3.1)
rob w RGBD .

Here FOVyapp is the field of view angle of the RGB-D camera and w is the width of the
depth image. We note that )2, € [—~FOVragap/2, FOVrepp/2]. The pedestrian’s position
with respect to the robot is then calculated as [z, v/, ] = d%, * [cosyL, sinyf,]. To estimate

the distances between a pair of pedestrians, say F, and P, we use the Euclidean distance function
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Figure 3.5: Left: Two pedestrians detected in the RGB image of the robot’s RGB-D camera
with the bounding box centroids marked in pink and green. Right: The same bounding boxes
superimposed over the depth image from the RGB-D camera. The pedestrians are localized and
the distance between them is estimated by the method detailed above.

given by,

dist(Pa, Fy) = \/ (el — )2 + (475 — T2 32)

3.3.1.3 Social distance estimation using a CCTV camera

Although the RGB-D camera is mobile, it is limited by a low FOV and sensing range. A
breach occurring outside its sensing range will not be reported. Therefore, we utilize an existing
CCTV camera setup in indoor settings to widen the scope for detecting breaches. Pedestrian
detection and tracking are done as described in section 2.3.1.1. We estimate distances between
individuals as follows.

Homography: All CCTV cameras are mounted such that they provide an angled view
of the ground plane. However, to accurately calculate the distance between any two people on
the ground, a top view of the ground plane is preferable. To obtain the top view, we apply a
homography transformation to four points on the ground plane in the angled view that form the

corners of the maximum-area rectangle that can fit within the FOV of the CCTV camera (see Fig.
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Figure 3.6: a. The angled view of the homography rectangle marked in red and corners numbered
from the CCTV camera. The green dots mark the points corresponding to a person’s feet in this
view. b. The top view of the homography rectangle after transformation and the origin of the top
view coordinate system is marked as o0;,,,. The coordinates of the feet points are also transformed
using the homography matrix. ¢. A map of the robot’s environment with free space denoted in
gray and obstacles denoted in black with a coordinate frame at origin 0,,,,. The homography
rectangle is marked in red and the ground plane coordinate system is shown with the origin 04,,4.

3.6a and b) as,

[xcm“n,top Yeorn, top 1]T =M x [xcorn,ang Yeorn,ang 1]T (33)

Here, Zcorn,ang and Yeorn,ang denote the pixel coordinates of one of the four points in the angled
CCTV view image. We call the rectangle in the top view, the homography rectangle. Zcorn top
and Yeorn, top denote the same point in the transformed top view, and M is the scaled homography
matrix which is computed using standard OpenCV (Open Source Computer Vision Library)
functions.

Distance estimation between pedestrians: We localize each detected pedestrian within

the homography rectangle as follows. We first obtain a point corresponding to the feet of a

P

pedestrian P (denoted as [Zf.c; 4,0

yjfeet"m ,1) by averaging the coordinates of the bottom left and
the bottom right corners of the bounding box of the pedestrian (see Fig. 3.6a) in the angled CCTV

view. This point is then transformed to the top view using equation 3.3 as [Z}..; 10 Ufuetop] . =
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M ['rjlfeet,ang7 yjfeet’ang]T (see Fig 3.6b).
The distance between any two pedestrians P, and P, is first calculated by using equation

Pq P, p, P, . .
Feet top? yfeet’top] and [z Feet top? yfeet’top] which is then scaled by an

3.2 with the coordinates [z
appropriate factor S to obtain the real-world distance between the pedestrians. The scaling factor
is found by measuring the number of pixels in the image that constitute 1 meter in the real world.

If the real-world distance estimated from the RGB-D or the CCTV camera images between
a pair of pedestrians is less than 2m for a period of time T, a breach is reported for that pair. This

process is continued in a pairwise manner and a list of all the pairs of non-compliant pedestrian

IDs is then obtained.

3.3.1.4 Enforcing social distancing

Once breaches are detected, either by the RGB-D camera or the CCTV camera or both, the
robot must first prioritize them, and compute a goal location in the vicinity of the top-priority
breach relative to itself. It must then navigate towards this goal and encourage the non-compliant
pedestrians to move apart by displaying an alert message discreetly. We detail the steps involved

in the following sections.

Classifying people into groups: In social scenarios, people naturally tend to walk or stand in
groups. We define a group as a set of non-compliant people who are closer than 2 meters from
each other (see Fig 3.4b). We assume that if the robot reaches the vicinity of a group, it can alert
everyone in that group to observe social distancing. In addition, when there are multiple groups
of non-compliant people, the robot can prioritize approaching different groups based on whether

they are static or dynamic. We classify non-compliant people into groups based on Algorithm 1.
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Algorithm 1: Non-Compliant Group Classification.
input : A list nonCompPairs of length S, .1
output: A list grpList
1: nonCompPairs <— List of pedestrian ID pairs breaching social distancing
2: grpList < nonCompPairs[0]
3: forifrom 1 to Sippu: do

4 counter < 0
5 for j from O to len(grpList) do
6: intersection <— grpList[j] N nonCompPairs[i]
7: if intersection # () then
8 grpList[j] < grpList[j] U grpList[i]
9: else

10: counter — counter + 1

11: end if

12:  end for

13:  if counter == [en(grpList) then

14: grpList.append(nonCompPairs[i])

15:  endif

16: end for

In Algorithm 1, nonCompPairs is a list that contains the IDs of all the pairs of non-
compliant pedestrians obtained in the Breach Detection section. grpList is a list of groups where

each group contains the IDs of people who have been assigned to it.

Locked pedestrian To navigate towards a non-compliant group of people, the RGB-D or the
CCTYV camera must be able to track at least one member of that group to compute a goal in its
vicinity. Our method locks on to a person with the least probability of exiting the FOV of either
the RGB-D or the CCTV camera (depending on which camera detected the group). This person is
called the locked pedestrian, and their ID is updated as people’s positions change in the cameras’
FOVs. The person whose bounding box centroid has the least lateral distance from the center of

the image is chosen as the locked pedestrian. The condition is,

Cw , w
Teen — — = min x5 — 3 (3.4)
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where Zg, is the set of IDs for the detected pedestrians and B;,,, denotes the bounding box of the

locked pedestrian in the it non-compliant group inside the FOV.

Prioritizing groups in different scenarios: When multiple static and dynamic non-compliant
groups are present, our method prioritizes attending to them based on whether the groups are (i)
entirely or partially static, or (ii) entirely dynamic.

Entirely or Partially Static Groups: When all or some of the groups within the FOV are
static, our method prioritizes attending to each static group by sorting them in the non-increasing
order of the number of people in group. Our method then computes a goal to which the robot will
navigate based on the locked pedestrian’s location in each group.

If only the RGB-D is in use, the robot localizes the locked pedestrian in the highest priority
group relative to itself using equation 3.1). Thatis, % joai,r0b Ygoal,rob] = df};b* [cos @fo)b sin @Dif)b]T.

Where, [ goalrob Ygoal,rob) 1S the goal location relative to the robot, d'? and wiﬁb are the

avg

average distance and angular displacement of a locked pedestrian from the robot respectively.

If a CCTV camera is available, the goal computation for the robot requires homogeneous

transformations between three coordinate frames: 1. the top-view image obtained after homography,

2. the ground plane, and 3. a map of the environment in which the robot is localized. These three
coordinates with origins 0., Ognq and o, respectively are shown in Fig. 3.6b and c. A detailed

explanation of our goal calculation can be found in [143]. We provide the final result here:

l l T T
[xgoal,rob ygoal,rob] - [x}?eet,map yfpeet7map] - [xrob,map yrob,map} . (35)

lp

Feet.map® y?’eet map are the X and Y coordinates of the robot

Where Lrob,maps Yrob,map and

and the locked pedestrian’s feet in the map coordinate frame, respectively.
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Dynamic Groups: When all the groups in the FOV are dynamic, we use an optimization
formulation to compute a goal to attend to the greatest number of people before they move away.
We first differentiate the groups that are moving closer to and away from the robot by checking

if,

VEZ)2 4+ (3202 < /(@) + (7,2
(3.6)

~l ~l l l l
[‘rrpob yrlz)b]T - [xr[:)b yrzt))b]T + VTI;bAt

' ] and [, ] denote the current position and position after a small time

l
where [z} i

rob
interval At of a locked pedestrian of a group relative to the robot. vlf;b is the estimated walking

vector of the locked pedestrian relative to the robot (as explained in the pedestrian detection

section). For all the groups that satisfy this condition, we compute the robot’s goal as,

N

[xgoal,rob ygoal,rob] = argmin Z dZSt([I7 y]? [jiib7 giﬁb]) (37)
PY =

where N is the number of groups that satisfy the condition in 3.6. This goal is a common point
from which all the groups moving toward the robot can be alerted. We note that this formulation
is effective for a small number of groups within the FOV, which we assume is the case when
pandemic restrictions are in place. When N = 1, the robot actively pursues the group to alert

them to maintain social distancing.

Multiple groups, Lawnmower inspection and Alerting: If the same group is detected in both
cameras, the goal computed using the CCTV camera is used to guide the robot. The robot uses
a display mounted on it to convey a message encouraging social distancing discreetly, once it

reaches a group. To improve the effectiveness of the integrated robot and CCTV system in
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detecting new non-compliant groups of pedestrians, the robot inspects the blind spots of the
CCTYV camera continuously by following the well-known lawnmower strategy. In addition, the
lawnmower strategy guarantees that 100% of an environment can be covered by navigating to
a few fixed waypoints, although it does not guarantee an increase in the number of breaches

detected.

3.3.1.5 Thermal Camera and Privacy

As mentioned before, we use the thermal camera exclusively for COVID-19 symptom
monitoring. We use our pedestrian detection scheme to detect and track people in the thermal
images (see Fig 3.7) and the results are then sent to appropriate security or healthcare personnel
who check for COVID-19 symptoms such as a fever. Such a system would be useful in places
where people’s temperatures are already measured by security/healthcare personnel such as airports,
hospitals, etc. Monitoring people’s temperatures remotely reduces the risk of security/healthcare
personnel contracting the coronavirus while also protecting people’s privacy. In addition, we

ensure that our algorithms do not use any identifiable information such as facial features.

3.3.1.6  Ethics and privacy

All the evaluations in the following section were conducted based on an IRB (Institutional
Review Board) approval by the University of Maryland Institutional Review Board Office (IRB
#1608506-1). We followed acceptable privacy preserving guidelines in protecting people’s private
health information. In particular, we ensure the following: no identifiable information (such as

face) of a person is detected, nor stored on any server. Thermal image data is collected only to
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Figure 3.7: Thermal images generated by the thermal camera that is wirelessly transmitted
to appropriate security/healthcare personnel. The temperature signatures of the people remain
constant irrespective of their orientations. We intentionally have a human in the loop to monitor
people’s temperature signatures, and we do not perform any form of facial recognition on people
to protect their privacy. Pedestrians are detected on the thermal image to aid the personnel
responsible for monitoring the area.

know if a person with symptoms has been in a certain region so appropriate countermeasures
can be employed. It is not linked to the person’s age, gender, name, race, ethnicity etc. We also
use standard de-identification methods such as visual image redaction for faces, gesture and gait
data. The University of Maryland Institutional Review Board Office waived the need for verbal
or written consent for our study since we do not map people’s trajectories to any of their personal
information. The individuals pictured in Fig.3.1 and 3.7 and Supporting information files (S1
Video) have provided written informed consent (as outlined in PLOS consent form) to publish

their image alongside the manuscript.

3.3.2 Results and Evaluations

In this section, we elaborate on CS-Robot’s implementation on a robot, explain the evaluation

scenarios and the metrics used to evaluate it, and analyze its effectiveness and limitations.
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3.3.2.1 Implementation

We implement CS-Robot on a Turtlebot 2 robot customized with additional aluminium
rods to attach a 15-inch screen to display messages to the non-compliant pedestrians. We limit
the robot’s maximum linear and angular velocities to 0.65 m/s and 1 rad/s respectively. The
pedestrian detection and tracking algorithm is executed on a laptop with an Intel 19 8th generation
CPU and an Nvidia RTX2080 GPU mounted on the robot. We use an Intel RealSense (with 70°
FOV) RGB-D camera to sense pedestrians and a Hokuyo 2-D LiDAR (240° FOV) to sense other
environmental obstacles. To emulate a CCTV camera setup, we used an RGB camera with a
1080p resolution mounted at an elevation of 4 meters, and a sensing region of 4m x 4m. We use
a desktop machine with an Intel Xeon 3.6GHz x 8 processor, Nvidia Titan GPU and 32GB RAM
to track pedestrians in the images from the CCTV camera. We use a FLIR C3 thermal camera to

generate the temperature signatures of the robot’s surroundings.

3.3.2.2 Evaluation scenarios

For our evaluations, we consider an indoor environment with a wall-mounted CCTV camera
with a rectangular sensing region of 4 meters by 4 meters (see Fig.3.6c). The robot is made
to operate (either be static, execute lawnmower exploration, or autonomously navigate to a
non-compliant group) outside the CCTV’s sensing region. The environment can have static or
dynamic obstacles other than humans. We sample the environment uniformly and obtain 40
locations where people can stand while creating scenarios 1 and 2. Twenty of these locations

are inside the CCTV’s sensing region and when the robot is static, approximately 10 sampled
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locations are within the RGB-D camera’s sensing region.

* Scenario 1: One person stands in different locations in the sensing range of the RGB-D
camera and CCTV camera. The person is allowed to orient themselves in any random

direction at the location they stand.

* Scenario 2: Two people stand together (< 2 meters distance between them) in one of the
40 uniformly sampled locations in the environment. The people can individually be facing
in any arbitrary orientation. They could be standing side by side without occluding each
other or one person could occlude the other in various degrees (see Table 3.1). The robot

could either be static or executing the lawnmower exploration routine.

* Scenario 3: A person walks 5 meters in a direction that is perpendicular to the orientation
of the robot. The person walks at different speeds for different trials. The robot is static

and is only allowed to rotate in place. The CCTV camera is not used in this scenario.

* Scenario 4: A certain number of people walk in random directions in the environment
for a period of 60 seconds. The number of people could vary between two and six. They
could walk alone or as a group with someone else for the entirety of the 60 seconds. The
constraints in this scenario are that the number of non-compliant groups (people walking
together) remains constant, and the members of one group do not interact or join another
group. The robot executes the lawnmower exploration routine, and the CCTV camera is

used to detect breaches.

* Scenario 5: Two people walk as a group in a random direction in the environment. Their

trajectories could be smooth or have sudden sharp turns. The robot is allowed to be fully
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mobile and pursue the walking group. The CCTYV is used to detect the group and guide the

robot to pursue the non-compliant group.

3.3.2.3 Quantitative metrics
We use the following metrics to evaluate our method.

1. Accuracy of pedestrian localization: It refers to the difference between the ground truth
location of a pedestrian and the location estimated using our method when using an RGB-D

or a CCTV camera.

2. Number of breaches detected: The number of locations in an environment (with or
without occlusions) at which a social distancing breach can be detected, given a total

number of locations uniformly sampled from the environment.

3. Number of enforcements: The number of times the robot attended to a breach once it was

detected (with or without occlusions).

4. Tracking duration for a mobile pedestrian: The time for which the robot can track a
walking pedestrian. Longer tracking duration translates to more accurate goal computation

and pursuit when dealing with one or more dynamic groups.

5. Breach detection accuracy: This metric is defined by the following equation,

ZT Number of breaches detected;
i=1 Actual number of breaches; (3 8)

T )

Breach detection accuracy =

where T is the total number of seconds for which the experiment is conducted, and i is an
index denoting every second until T seconds.
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Metrics 1 is used for evaluation in scenario 1. Metrics 2, and 3 are used for evaluation in scenario

2. Metric 4 is used for evaluation in scenario 3, and metric 5 is used in scenario 4.

3.3.2.4 Analysis

We elaborate our observations and the inferences drawn from our experiments conducted

in the different scenarios previously described, using the aforementioned metrics.

Accuracy of pedestrian localization: In scenario 1, we compare the ground truth locations
with the estimated pedestrian location (metric 1) while using 1. the robot’s RGB-D camera, and
2. the CCTV setup. The plots are shown in Fig. 3.8, with the ground truth locations plotted
as blue circles and the estimated locations plotted as red circles. The plot in Fig. 3.8a shows
the pedestrian being localized relative to the robot coordinate frame (see section 3.3.1). Fig.
3.8b shows a pedestrian being localized in the ground coordinate frame with origin 0,4, which
corresponds to corner point 1 of the homography rectangle on the ground (see Fig. 3.6c).

We observe in Fig. 3.8a that when a pedestrian is located closer than 2.5 meters from the
robot and along the robot’s X-axis, the localization estimates closely match the ground truth. The
difference between ground truth and the estimate increases further away from the robot. This is
primarily because the robot localizes a pedestrian using the minimum 10% of the pixels within
his/her’s bounding box, whereas the ground truth is measured as a point on the ground.

Furthermore, the orientation of the pedestrian relative to the RGB-D camera also affects
the bounding box’s size and centroid, and therefore the localization estimate. However, since the
maximum error between the ground truth and estimated values is within 0.3 meters, its effect on

the social distance calculation and goal selection for the robot is within an acceptable limit. The
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Figure 3.8: Plots of ground truth (blue dots) versus estimated pedestrian localization (red dots)
when using the robot’s RealSense camera and the static CCTV camera with more FOVs. a. The
estimates from the RealSense camera tend to have slightly higher errors because we localize
pedestrians using averaged proximity values within their detection bounding boxes, which is
affected by the size of the bounding boxes. b. Localization using the data from the CCTV
camera is more accurate as it tracks a person’s feet. This method is not affected by a person’s

orientation. We observe that in both cases, the localization errors are within the acceptable range
of 0.3 meters.

accuracy can also be improved with higher FOV depth cameras in the future.

From Fig. 3.8b we see a trend similar to the plot in 3.8a. The farther away a person
is from the origin (0,4,q), the greater the error between the ground truth and the pedestrian’s
estimated location. This is due to the approximations in the homography in obtaining the top
view from the angled CCTV view, which carries forward to computing [m?get’top, yﬁet,top] (see
explanations in pedestrian localization using CCTV camera). However, the maximum error
between the estimates and ground truths is again within 0.25 meters. Since a pedestrian’s location
is estimated by the point corresponding to his/her feet, errors due to the pedestrian’s orientation
are less frequent. The average error in the distance estimation between pedestrians is ~ 0.1

meters.

Breach detection and enforcement: In scenario 2, we compare the performance differences

in detecting a social distancing breach and enforcing for three configurations: 1. CCTV only,
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2. Robot only, and 3. Robot-CCTV hybrid system. Scenario 2 emulates social settings where
people could be sitting or standing and interacting with each other in public spaces.

The enforcement capabilities of these systems when people are walking vary extensively.
They depend on the initial orientation of the robot (and its sensors) and the people’s walking
directions and speeds. Therefore, for quantitative comparison, we first standardize our detection
and enforcement tests in static settings. We quantify the breach detection capabilities in dynamic
settings in the breach detection accuracy section. We qualitatively analyze the detection and
pursuit of walking pedestrians in the CCTV-guided walking locked pedestrian pursuit section.

The results are shown in Table 3.1. The CCTV-only configuration is capable of detecting
breaches that occur in the 20 sampled locations that are within its FOV. It can also handle
occlusions (even > 50%) between pedestrians and detect breaches better due to its global view of
the environment. We observed that even with the partial visibility of a person’s limbs, the breach
detection was accurately performed. The random orientations of the people also do not affect
the breach detection’s accuracy. We note that this system already improves over current CCTV
systems where a human manually has to detect such breaches and initiate countermeasures.
However, there is no scope for automatically enforcing social distancing at the location of the
breaches.

The robot-only configuration detects fewer breaches than the CCTV setup when the robot
is static (due to the RGB-D camera’s low FOV). Additionally, occlusions severely affect the
robot’s number of detections when it is static, especially when a person is occluded by more than
50%. However, when the robot is moving along a lawnmower trajectory outside the CCTV’s
FOV, it detects the social distancing breaches that could be at any of the 20 locations regardless

of occlusions. This is because the robot’s RGB-D camera eventually obtains an unoccluded view
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Case 1: Static robot no occlusions
Metric CCTV-only | Robot-only | Robot-CCTYV Hybrid
Number of breaches detected 20 10 30
Number of enforcements NA 10 30
Case 2: Static robot with 50 % occlusion
Number of breaches detected 20 7 27
Number of enforcements NA 7 27
Case 3: Static robot with >50 % occlusion
Number of breaches detected 20 3 23
Number of enforcements NA 3 23
Case 4: Lawnmower exploration with 50% occlusions
Number of breaches detected 20 20 40
Number of enforcements NA 20 40
Case 5: Lawnmower exploration with >50% occlusions
Number of breaches detected 20 20 40
Number of enforcements NA 20 40

Table 3.1: Comparison of three configurations in terms of detecting breaches in social distancing
norms when two pedestrians are static in any one of 40 points in a laboratory setting. We observe
that CCTV+robot configuration has the most number of breaches detected even when the robot is
static and outside the CCTV’s sensing range. When the robot is following lawnmower waypoints
outside of the CCTV’s FOV, it can detect a breach in any of the 20 locations that could not be
detected by the CCTV camera, even with high levels of occlusion.

as it moves.

We also test the robot-only system’s ability to detect breaches and alert pedestrians in non-
laboratory indoor scenes such as lobbies, narrow corridors, etc. These different environments
vary in terms of lighting conditions (which affects pedestrian and breach detection) and the
available free space for the robot to move. We observe that our system is robust under changes in
all the aforementioned factors (see S1 Video).

The robot-CCTYV hybrid configuration provides the best performance of the three configurations
in terms of detecting novel breaches at most locations when the robot is static. This is because,
when the robot is outside the sensing region of the CCTV camera, the hybrid configuration
monitors the largest area in the environment. When the robot is mobile, continuously following a
lawnmower path, social distancing breaches in all 40 locations can be detected. This configuration

also provides better tracking capabilities when a pedestrian is walking (see subsequent sections).
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Total number of | Number of non- | Breach detection
pedestrians compliant groups at | accuracy (for Robot-
any instant CCTY Hybrid)

2 1 89%

3241 1 88%

412+2) 2 89.50%

52+3) 2 93%

62+2+2) 3 89.33%

6(3+3) 2 96.50%

Table 3.2: The percentage of breaches detected by the robot-CCTV hybrid setup with different
numbers of walking pedestrians. The table shows the effectiveness of the robot-CCTV hybrid
system in accurately detecting the actual number of social distancing breaches in the environment
over a period of 60 seconds. Each trial is repeated five times and the results are averaged. The first
column indicates the total number of pedestrians and how they are split while walking (eg. 2 + 1
indicates two people walking together and one person walking alone). The high breach detection
accuracy denotes that our method and setup are effective in detecting the correct number of
breaches in the environment.

We also note that, when people are static, the robot attends to 100% of the detected breaches

while avoiding all the obstacles in the environment.

Breach detection accuracy with multiple walking pedestrians: We measure the breach detection
accuracy (metric 5) of the robot-CCTYV hybrid system in scenario 4 with multiple walking pedestrians.
The number of walking pedestrians is varied between two to six for different trials of the experiment
and in each trial, the number of breaches is kept constant. Each trial is recorded for 60 seconds
(i.e., T' = 60 in equation 3.8) and is repeated five times and the results are averaged. The results
are shown in Table 3.2. The numbers in the parenthesis in the first column indicate how the total
number of pedestrians is split into non-compliant groups as they walk.

The breach detection accuracy is a measure of the difference between the number of detected
breaches versus the actual number of breaches over a period of time. We observe that for our
robot-CCTV hybrid, it is always above 88%, indicating that our method accurately detects the

actual number of non-compliant groups. We observed that the detection accuracy was typically
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affected when the pedestrians moved into blind spots between the sensing regions of the CCTV
camera and the robot’s RGB-D camera. Another factor that affected the results was the robot’s
pose due to the lawnmower trajectory relative to the pedestrians when they were walking in
random directions.

The size of each non-compliant group also affected the overall results (as observed from
rows four and six in Table 3.2). Breaches by bigger groups of people are easier to detect. This
is because a breach could be recorded even if a subset of all the group members is visible to
the cameras. Moreover, such groups also have a lower chance of being completely occluded by
objects in the environment. However, the orientations and the walking speeds of the pedestrians
did not affect the breach detection accuracy. Overall, we observe that our robot-CCTV hybrid is

effective in accurately detecting the actual number of social distancing breaches in the environment.

Computation time and complexity for breach detection: We recorded the computation times
for detecting breaches with the increase in the number of pedestrians in the environment (scenario
4). To evaluate the computation times when more people than six people are present, we use
human shaped cardboard cutouts (to have up to 13 pedestrians). We compare the computation
times to detect breaches on the laptop mounted on the robot and the desktop that processes the
CCTYV images. The results are shown in Fig.3.9.

We observe that the computation time increases non-linearly with the increase in the number
of detected pedestrians. This follows from observing algorithm 1, which has a worst-case time
complexity of O(n?), where n is the number of detected pedestrians. On average, due to the RGB-
D camera’s limited FOV and sensing range, the robot-mounted laptop does not detect more than

seven pedestrians simultaneously. The CCTV’s larger sensing region allows tens of pedestrians to
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Number of Detected Pedestrians vs. Computation Time
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Figure 3.9: The graph shows the computation times while running our breach detection
implementations for the RGB-D camera on a robot-mounted laptop, and the wall-mounted CCTV
camera on a desktop (see section 3.3.2.1 for specifications). The values were recorded while
evaluating in scenario 4 with added human shaped cardboard cutouts to get the total number of
detected pedestrians to be 13. We observe that based on the FOV and sensing regions of the two
cameras, the corresponding computation times in the laptop and desktop are satisfactory.

be detected. For both these cases, from the graph in Fig.3.9, we observe that the breach detection
time is around 0.16 seconds. This is well within the acceptable rate for the robot to enforce social
distancing norms even with dynamic pedestrians.

We also observed that since pedestrian and breach detection were not affected by the
orientations and velocities of the pedestrians, the time complexity also does not depend on those

factors.

RGB-D pedestrian tracking duration In this experiment, we observe the effects of our robot’s
angular motion on the duration for which it can track walking pedestrians using only its onboard
RGB-D sensor with low FOV. We evaluate the pedestrian tracking time metric in scenario 3.
We vary the maximum angular velocity of the robot to measure the differences in tracking
performance (Table 3.3).

As expected, we observe that the greater the maximum angular velocity of the robot, the
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Case 1: Maximum Robo

t Angular Velocity = 0.5 rad/sec

Pedestrian Velocity (m/sec)

Tracking time (sec)

0.25 20 (20)
0.5 6.59 (10)
0.75 3.15 (6.67)
1 2.95(5)
Case 2: Maximum Robot Angular Velocity = 0.75 rad/sec
0.25 20 (20)
0.5 10 (10)
0.75 3.91 (6.67)
1 2.93 (5)
Case 3: Maximum Robot Angular Velocity = 1.0 rad/sec
0.25 20 (20)
0.5 10 (10)
0.75 6.58 (6.67)
1 2.77 (5)

Table 3.3: The duration for which the robot tracks a walking pedestrian for different pedestrian
walking speeds and maximum angular velocities of the robot. The pedestrian walks 5 meters
in a direction perpendicular to the robot’s orientation and it has to rotate and track the walking
pedestrian. The ideal time for which a pedestrian should be tracked is given in the bracket beside
the actual time. The robot can effectively track a pedestrian walking at up to 0.75 m/sec when its
angular velocity is 1 rad/sec.

better it can track a fast-moving pedestrian. However, for high walking speeds (> 0.75m/s)
even a very high maximum angular speed (1 rad/s) is insufficient to track a person for the ideal
time that the person needs to be tracked (shown in gray in Table 3.3). This justifies the need for

integrating with the existing CCTV camera setup for better tracking capabilities.

CCTV-guided walking locked pedestrian pursuit: We qualitatively demonstrate how our
robot pursues two walking non-compliant pedestrians (scenario 5) by plotting their trajectories
in the cases where the RGB-D (see Fig.3.10a and b) or the CCTV camera (see Fig.3.10c and d)
detects them. Fig. 3.10a shows that when the pedestrians walk in a smooth trajectory without

sharp turns, the robot is able to successfully track them throughout their walk.

In Fig.3.10b, we observe that when the pedestrians make a sharp turn and manage to go
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Figure 3.10: Trajectories of two non-compliant pedestrians (in red) and the robot pursuing them
(in green) in the mapped environment shown in Fig. 3.6c. The pink and blue colors denote
the static obstacles in the environment. a. The robot only uses its RGB-D camera to track the
pedestrian and pursues the pedestrians successfully when they move in a smooth trajectory. b.
The robot’s RGB-D camera is unable to track the pedestrians when they make a sudden sharp turn.
¢. When the CCTV camera is used to track the pedestrians, the robot follows their trajectories
more closely. d. Pedestrians making sharp and sudden turns can also be tracked. The black
line denotes the point at which the pedestrians leave the CCTV camera’s FOV, and the RGB-D
camera tracks the pedestrians from this point. Sharp turns in d again become a challenge.

outside the limited FOV of the RGB-D camera, the robot is unable to pursue him/her. The
pedestrians were walking at speeds 0.75 m/sec. This issue is alleviated when the CCTV camera
tracks both the pedestrians instead of the RGB-D camera. Fig.3.10c and d show that the robot
is able to track the pedestrians more closely and accurately with the goal data computed using
the CCTV’s localization. In addition, sudden and sharp turns by the pedestrians are handled
with ease, and pedestrians moving at speeds (.75 m/sec can be tracked and pursued, which was
not possible with the robot-only configuration. When the pedestrians move out of the CCTV
camera’s FOV (black line in Fig.3.10c and d), the data from the robot’s RGB-D camera helps
pursue the two pedestrians immediately. However, the pedestrians’ sharp turns again become a

challenge to track.

85



3.3.3 Limitations

CS-Robot has a few limitations. For instance, it does not distinguish between strangers (low
interpersonal closeness), friends/family (high interpersonal closeness). Therefore, all individuals
in an indoor environment are encouraged to maintain a 6-foot distance from each other. Our
current approach for issuing a warning to non-compliant pedestrians using a monitor has limitations,
and better human-robot interaction approaches must be explored. As more such monitoring
robots are used to check for social distances or collect related data, this could also affect the
behavior of pedestrians in different settings. We need to perform more studies on the social
impact of such robots.

While exploring human-robot interaction is beyond the scope of this dissertation, we address
the problem of estimating the interpersonal closeness or cohesion in the work presented in the

following section.

3.4 CoMet

In this section, we first explain the preliminary physical features (e.g. proximity, walking
speed, etc) in social psychology literature that inspired the notion of a group cohesion metric
in section 3.4.0.1. We then explain how these features are detected and used to compute group
cohesion in section 3.4.2, and how it can be used for navigation in section 3.4.3. We present

CoMet’s evaluations and comparisons in section 3.4.4.
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3.4.0.1 Preliminaries

In this section, we give an overview of prior work in social psychology, pedestrian tracking
and robot navigation that is used in our approach. We also introduce the symbols and notation

used in the section.

3.4.0.2 Social Psychology

We use four features based on prior work in social psychology to estimate the cohesion of
a group. We give a brief overview of each of these features.

Proximity: Proximity is chosen based on the proxemics principles established by Hall [124].
The underlying theory states that humans have an intimate space, a social and consultative
space and a public space when interacting with others. We extend this idea to unstructured
social scenarios where people or pedestrians walk, stand, or sit together. In general, humans
maintain closer proximity to other people with whom they closely interact (high cohesion).
Many techniques have been proposed for simulating pedestrian movement [144] and collision
queries [145].

Walking Speed: [125] studied individual and mixed gender groups’ walking speeds in
a controlled environment and observed significantly slower speeds when people walk with their
romantic partners. Assertion 1: A slower-than-average walking speed in a group indicates a close
relationship between group members (high cohesion).

Group Size: [123] analyzed the perceptions of people when passing through a group of
two and four people in a university hallway. It was observed that people tend to penetrate

through the 4-person group less than the 2-person group. Assertion 2: Humans perceive the
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cohesion of a bigger group to be higher (implying lower permeability) than that of a smaller
group. Permeability of a group is a measure of the resistance that a moving non-group entity
faces while passing between the members of a group.

Interactions: Jointly Focused Interactions (JFI) [146] entail a sense of mutual activity
and engagement between people and imply their willingness to focus their attention on others.
Therefore, it is chosen as an indicator of cohesion. We extrapolate JFI to signify a higher level of
cohesion between group members. Visually, interactions can be detected by estimating peoples’

3-D face vectors [138] and detecting when the vectors point toward each other.

3.4.1 Notations and Definitions

We highlight the symbols and notation used, in Table 3.4. We use i, j, and k to represent
indices. All distances, angles, and velocities are measured relative to a rigid coordinate frame
attached to the camera (on the robot) used to capture the scene. The X-axis of this frame points
outward from the camera and the Y-axis points to the left, with its origin at the center of the image.
We use such a representation since our overall approach is local and has no global knowledge of
the environment.

The time interval between two consecutive RGB images in the stream is At.

Finally, CoMet extends Frozone’s (section 2.4) PFZ formulation to groups, making it less

restrictive, and suitable for highly dense crowds.
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Symbols | Definitions
p*t Position vector of person i at time t relative to the robot/camera coordinate
frame. p** = [z%, ']
vit Walking velocity vector of person i at time t relative to the robot/camera
coordinate frame. v¥! = [&%¢, 3]
It b RGB image captured at time instant t of width w and height h.
Lepin Depth image captured at time instant t of width w and height h.
B Bounding box of person with ID i.
[zZ ¢ ] | Centroid of the bounding box B'.
xht State vector used in Kalman filter for walking vector estimation for person i at
time instant t. x** = [zt ybt gbt it T
ID" Set of person IDs detected in I} ;.
n* Number of members in Group G*.
N Number of people detected in an RGB image.
f;, f Vectors for person i1’s face position and orientation relative to the camera
coordinate frame.
Kps [[((lj’ K Proportionality and weighing constants for each feature
CH() Convex Hull function with points as its arguments.

Table 3.4: List of symbols used in CoMet and their definitions.

3.4.2 Modeling Group Cohesion

In this section, we present our group cohesion metric, which first classifies pedestrians into
groups and then measures their closeness or cohesion. Our method runs in real-time, taking a

continuous stream of RGB and depth images as input and detecting the group features highlighted

in section 3.4.0.2. Our overall approach based on these features is shown in Fig. 5.3.

34.2.1

In this section, we first describe how we track and localize people, detail conditions for a

set of people to be classified as a group, and then explain efficient techniques to detect group

Detecting Group Features

features from RGB and depth images.
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Group Size Interactions

! o

L, G1: Low Cohesion L G2: High Cohesion

Figure 3.11: Computation of Group Cohesion Metric: We use four features to compute the metric. We
highlight how our approach is used on two different groups of pedestrians at a given time instant. These
groups are shown in different rows. Group 1 consists of two pedestrians in close proximity, walking
away from each other. Their distance is increasing in subsequent frames and they are looking in different
directions. This implies little interaction and low group cohesion. Group 2 has two people walking together
with their faces oriented towards each other, which indicates high interaction and a high group cohesion.

3.4.2.2 Pedestrian Tracking and Localization

A key issue in detecting the features mentioned in section 3.4.0.2 is to first detect, track,
and localize each pedestrian position relative to the camera frame in a continuous stream of
RGB images. We use YOLOVS [147] and Deep Sort [12] algorithms to detect and track people,
respectively. YOLOVS outputs a set of bounding boxes B = {B’} for each detected pedestrian i
in an RGB image at time instant t (denoted as I’ 9b)- B’ is denoted using its top-left and bottom-

right corners in the image-space or pixel coordinates. In addition, we also assign a unique integer
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number as an ID for each detected pedestrian.

Next, to accurately localize people, the distance of each detected person relative to the
camera coordinate frame must be estimated. To this end, we use a depth image 1§, every pixel
of which contains the proximity (in meters) of an object at that location of the image. The pixels
in I, contain values between a minimum and maximum distance range, which depends on the

camera used to capture the image.

3.4.2.3 Group Classification

Let us consider any set of people’s IDs G¥* C ID!. At any time t, if the following

conditions hold,

Ip" — p|, <T Vi, jeGr (3.9)

Ip" = p [l 2 [Ip" + v — (D + V) |2 (3.10)

then the set G is classified as a group in the image Iﬁgb. Here, I' is a distance threshold set
manually. The first condition ensures that people are close to each other and the second condition
ensures that the group members walk in the same direction. When |v||, [|[v/|| = 0 (static groups),

only the first condition is used for grouping.

Estimating Proximity: To estimate the proximity between people at time instant t, first the
bounding boxes detected in the RGB image by YOLOVS5 are superimposed over the depth image.

To estimate the distance of a person i from the camera (d*'), the mean of all the pixel values

Bt

cen?

within a small square centered around [z ygﬁt} is computed. The angular displacement )%

w_ Bt
- . 3 5 " Zcen
of person i relative to the camera can be computed as, 1! = (2T) x FOVxpapp. Here
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FOVgapp is the field of view of the RGB-D camera. Person i’s location relative to the camera
can be computed as [z y5!] = d¥t * [cos Pt sinpPt].

The distance between a pair of people i and j can then be computed as, dist(i,j) =

\/(xi,t — w2 (Yt — yit)2,

RGB-D
Camera |

!
Lidar 1. Detect potentially freezing
Scan groups.

]

Move around all groups

Yes

v 2. Estimate their group cohesion.
rob
—{ DRL Y

3. Construct PFZ for each group
¥

£r
g i

4. Compute deviation angle from No
Robot
group PFZ. Move through group
| with minimum cohesion.
CoMet-based Navigation

Figure 3.12: CoMet-based socially-compliant navigation. We use a DRL framework used to guide the
robot to its goal and handle static obstacles. CoMet-based navigation considers each group in the scene,
identifies groups that could result in FRP, constructs group Potential Freezing Zones (PFZ), and computes
a deviation angle to avoid such zones. Our formulation results in a lower occurrence of freezing, lower
deviations for the robot with respect to pedestrians and groups, and avoiding high cohesion groups by
moving around them. In dense scenarios, when there is no feasible solution for the deviation angle, our
method navigates the robot through the group with the lowest cohesion. All these behaviors improve the
naturalness of the robot trajectory’s.

Estimating Walking Speed and Direction: To estimate the i*" person’s walking vector v in

It s> We use a Kalman filter with a constant velocity motion model. All the detected people in [, L b
(with their IDs stored in the set I D?) are modeled using the state vector x* defined in Table 3.4. If
I D' contains IDs that were not present in 1 D*~!, we initialize their corresponding state vectors
x! with constant values. For all the pedestrians who were detected in previous RGB images, i.e.,
with previously initialized states, we update their states using the standard Kalman prediction and

update the steps [148]. We use a zero mean Gaussian noise with a pre-set variance to model the

process and sensing noise.
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Estimating Group Size: The size of the group can be trivially computed as the number of IDs

in the set G,

Detecting Interactions: We use two 3-D vectors to represent the position and orientation of
a person’s face in Iﬁgb. We use OpenFace [149] to localize person i’s face position relative
to the camera coordinate frame (f;;) on an RGB image and to obtain a unit vector (f°) for the
face orientation. Two individuals are considered to be interacting if their face positions and

orientations satisfy the following condition:

I1£; — £llo > (I} + £ — (£ +£) 2. G.11)

This condition checks if the distance between two people’s face positions is greater than the
distance between the points computed by extrapolating the face orientations (see dashed lines in
Fig. 3.2), if they are facing each other. We reasonably assume that non-interacting people do not

face each other.

3.4.2.4 Cohesion Components

We now discuss how the detected group features can be used for cohesion estimation.
Using multiple features to compute cohesion is advantageous in scenarios where not all features

are properly able to be sensed.

Proximity Cohesion Score: We use the average distance between group members to model
Hall’s proxemics theory as previously extrapolated. As observed in section 3.4.0.2, cohesion

between people is inversely proportional to the distance between them. Therefore, the cohesion
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score due to proximity is formulated as the reciprocal of the mean distance between group
members as

nk

> dist(i,j)
i,jeGkt
i#j

(3.12)

Walking Speed Cohesion Score Based on the discussion in section 3.4.0.2, we next compare
the average walking speeds of each group with the average walking speed of all the detected
people in I! ,. Therefore, the cohesion score for a walking group (||v/|| # 0 Vj € G*!) due to its

rgb*
walking speed is formulated as

> IVl 2 vl

. - k:’
Cw(Gk,t) _ Kw . Viel Dt / VjeGH:t

N (3.13)

nk
This reflects assertion 1 made in section 3.4.0.2, since cohesion is inversely proportional to
walking speed. The average walking speed of the entire scene is included in this formulation
to normalize out the effects of crowding in the scene. If > ||v/|| = 0, i.e., the group is static,

VieGkt

then C,,(G*?) = K,, - ), where 1) is a user-set large constant value.

Group Size Cohesion Score Based on assertion 2 in section 3.4.0.2, the cohesion of a group
k is directly proportional to the group size (n*). Therefore, the group size cohesion score is

computed as
Co(GF = K, - n". (3.14)

Interaction Cohesion Score The interaction condition between any two people in a group

(equation 3.11) can be applied to all pairs in a group, and it’s contribution to the cohesion score
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PFZ¢ry, Group PFZs computed PFZ,, \ UM_, PFZk
by our method.

(b)

Figure 3.13: (a) This scenario shows two groups (red and yellow agents in close proximity) and an
individual pedestrian (green) walking towards the robot (blue box). The green rectangle denotes the robot’s
sensing region and the blue arrows denote the potentially freezing walking directions within each half of
the sensing region (S”eo}’t /”ght) (b) [Left] PF'Zy,,, (a large 5-sided convex polygon in red) computed
by Frozone [54] while considering each individual as a separate obstacle. [Middle] Our CoMet-based
approach identifies each group and computes the group PFZs (PFZ"). This corresponds to the blue

triangle for the agents in the red group, a line for the agents in the yellow group, a point for the green
individual. [Right] The region that represents PF Z ...\ U PFZ". These shapes are shown separately

to observe the differences. Our proposed method is less conservatlve and results in a smaller deviation
from PFZs (no deviation needed in this case) than Frozone [54]. We also highlight one possible subset of

M
PFZ0,\ |J PFZ*, which contains positions with deviations < ¢ ¢,
k=1

of a group can be re-written as

1 (0:5) T
Ci(GM)y=K;-— Y —L ;e [-~ ~] 3.15
(G™) nk c cos 0;; " €l 4 4] (3.15)
i,jEGR

Here 6;; is the angle between face orientation vectors f and 7 in the X-Y plane of the camera

coordinate system. () is the signum function. 6;; is limited to [—7, 7] since face orientations are
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accurate in this range. Intuitively, we want the cohesion score to be positive and greater than 1,
when people are facing towards each other and negative otherwise. Therefore, we choose the
ratio %, as it belongs to the range [—v/2, —1) U {0} U [1, /2] when 0, ; € [—Z, Z]. Since cos()

is an even function, the () function ensures that the formulation is sensitive to the sign of the

angle.

3.4.2.5 CoMet: Overall Group Cohesion Metric

Using the individual cohesion scores in equations 3.12, 3.13, 3.14,3.15, the total cohesion

score for a group at time t (G**) is given as

Ciot(G*?) = (C + Cyy + Cs + Cy). (3.16)

Here, G** is omitted in the RHS for readability. Note that K » K, K, K; weigh the different
features before adding them to the total cohesion score. If any of the features are not detectable,
their contribution to Cy,; will be zero. This acts as a measure of confidence, as our approach is
able to better compute a group’s cohesion when more features are detected. Our formulation is
not learning-based due to the lack of extensive datasets with annotations of cohesion or related

metrics for groups.
Proposition 3.4.1. The value of the overall cohesion metric Ci;(G*) for a group is bounded.

Proof. The proof to the proposition follows from the fact that C,, C,,, Cs, C; are bounded. The
value of C, € (0, K, - I'], since I is used as a threshold to group people. The maximum value of
Cy, is K, - n, a large finite constant that is used when a group is static. C; is bounded above by
K, - n*, which is finite. C; € [-v2K;, —K;) U [K;, V2Kj). u
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We use these bounds on the cohesion metric to compute appropriate thresholds that are

used to categorize groups as low-, medium- and high-cohesion groups.

3.4.3 Cohesion-based Navigation

In this section, we present our socially-compliant navigation algorithm, which uses the

group cohesion metric.

3.4.3.1 Socially-Compliant Navigation

Our objective is to improve the naturalness of a robot’s trajectory. We attribute three
qualities to natural trajectories: (1) Not suddenly halting or freezing (avoiding FRP), (2) Low
deviation angles, (3) Not cutting between high cohesion groups (friends, families etc) in a crowd.
This is in accordance with humans’ walking behaviors where people do not suddenly halt or
significantly deviate from their goals [33], and do not cut through high cohesion groups while
walking [123].

We extend Frozone [54] (section 2.4) by considering groups and their cohesions, and prove
that our proposed method leads to smaller deviations from the robot’s goal, and shorter trajectory
lengths. It also does not navigate the robot through high cohesion groups. We assume a higher
density in the environment (in terms of crowds and static obstacles) than Frozone’s formulation
and human cooperation for the robot’s navigation. Frozone prevents the robot from moving in

front of a pedestrian to avoid slow down in terms of their walking speeds.

CoMet-based Navigation: To improve the naturalness of a robot’s trajectory, our proposed

method includes the following steps: (1) Identifying potentially freezing groups within the sensing
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region of the robot and predicting their positions after a time period t5; (2) Constructing a PFZ
for each group using the predicted future locations of each group member (see blue regions in
Fig. 3.13); (3) Computing a deviation angle to avoid the group PFZs while accounting for every
group’s cohesion. If a feasible solution is not found, the robot navigates between the group with
the lowest cohesion in the scene.

Definition 3.4.3.1 (Potentially Freezing Groups:) Groups of pedestrians that have a high
probability of causing FRP after time ¢;. Such groups are identified based on conditions of their
average walking direction [54] (see blue arrows in Fig. 3.13). Groups that satisfy these conditions
move closer to the robot as time progresses (proven in [54]). We predict the future positions of

the potentially freezing group members as

ittt i, k, .
P =pht v, i€GM, ke {l,2,.., M} (3.17)

Gk
avg

Here, v&'" is the average group walking vector, computed as the mean of the walking vectors of
the group members and, M is the total number of potentially freezing groups.

Definition 3.4.3.2 (Group PFZ) The region in the vicinity of a group where the robot has
a high probability of freezing. Instead of constructing the single PFZ as the convex hull of all

potentially freezing pedestrians (like in [54]), we construct a PFZ for each potentially freezing

group (see Fig. 3.13) as

PFZ* =CH(p,™), i€ G™, ke {1,2,..,M}. (3.18)

Every potentially freezing group’s PFZ is computed for a future time instant ¢ + ¢;,.
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Computing Deviation Angle: If the robot’s current trajectory navigates it into any of the
group PFZs (implying an occurrence of FRP after time ¢;), a deviation angle ¢.,,, to avoid it
is computed. The robot’s current velocity v, is deviated by ¢..,, using a rotation matrix about

the Z-axis as,

V,rob - Rz,¢>com * Viob, (319)

Geom = argmin  (dist(Vyop - th, €.05)) - (3.20)
V’rob'th¢PFZk

This equation implies that our navigation method deviates the robot by the least amount from its
goal such that it does not enter any group’s PFZ. However, in dense scenarios, when the robot
encounters many potentially freezing groups and their corresponding PFZs, equation 3.20 may
not be able to compute a feasible solution for ¢.,,,. In such cases, a potential solution is to let the
robot pass through the PFZ of a low cohesion group (see Fig. 3.15a). In such cases, we formulate

the deviation angle as,

Geom = argmin (dist(V’rop - thy 8rop)) s (3.21)
V,rob'thep
P = PFZ™"\ (PFZ™" N PFZ") Vk € {1,2,..., M.}, (3.22)

where PFZ™" is the PFZ of the group with the minimum cohesion in the scene. Since the
permeability of low cohesion groups is high, the above formulation also lowers the probability of

freezing.

Proposition 3.4.2. The deviation angles computed by CoMet-based navigation (equations 3.20

or 3.22), and Frozone (2.22) satisfy the relationship ¢ f,0. > @com-

Proof. Consider the scenario shown in Fig. 3.13, with PFZy,,. depicted as a 5-sided convex
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polygon. A vertical line segment connects the robot (O,.,;) to its goal and the robot’s deviation is
measured relative to it. Frozone deviates v,.;, such that this point lies on the boundary of PF'Zy,..
(equation 2.23) or in the exterior of PF'Z,,, (equation 2.24), depending on whichever leads to
a lower deviation. Let Oy, = [z froz Y fmz] be the point on the boundary of P['Zy,,. to which
Frozone deviates (by angle ¢,,.) the robot. Based on equations 3.20 and 3.22, our CoMet-based

M
solution deviates the robot to a point in PFZy,,.\ |J PFZ*.
k=1

Since, kﬁ PFZF C PFZj,,,, there exists a set F C PFZ;,,.\ kﬁ PFZ* such that all
=1 —1

positions in F lead to a deviation angle ¢ < ¢y,,.. For instance, in Fig. 3.13, F can be a
set just within the boundary of PF Z;,,, with Y-coordinates greater than yy,,,. Since equations
(3.20) and (3.22) optimize for minimum deviation from the goal, ¢.,,, € F. This implies that
®com < @fro-. The equality holds when F' = or when the closest edge of PF'Zy,,. to the robot

corresponds to the PFZ of a group. Based on the triangle inequality, shorter deviations lead to

shorter trajectory lengths. [ |

This bound also guarantees that our new navigation algorithm generates trajectory that are
more natural than Frozone [54]. We integrate our CoMet-based navigation method with a DRL-
based navigation scheme to evaluate it in real-world scenarios [34] and DWA [29] to evaluate it
in simulated environments. Figure 3.12) shows the components of our navigation algorithm used

to compute trajectories that are more natural in real-world scenes.

3.4.4 Results and Evaluations

In this section, we describe the implementation for computing group cohesion and socially-

compliant navigation. We then evaluate CoMet in different standard pedestrian datasets that are
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Figure 3.14: Qualitative evaluations of the trajectories generated using our algorithm (green),
Frozone [54](blue) and DWA [29] (red) in scenarios with 50, 75 and 100 moving groups (red dots)
that are non-cooperative for collision avoidance. The green and yellow squares represent the sensing
regions of Frozone and CoMet-based navigation respectively. We observe that our formulation leads to
lower deviation angles and more natural trajectories even in dense environments with tens to hundreds of
obstacles. Both Frozone and DWA lead to unnatural trajectories with large deviations as the number of
obstacles in the environment increases.

annotated with perceived group cohesion levels. We highlight the performance of our navigation
algorithm and show the benefits over prior methods in terms of the following quantitative metrics:
freezing rate, deviation angle, and normalized path length. We also qualitatively compare trajectories

with an increased number of obstacles in the environment.

3.4.4.1 Implementation

In order to evaluate CoMet, we annotate groups in pedestrian datasets such as MOT,
KITTI, ETH, etc. as low-, medium- and high-cohesion groups with the help of multiple human
annotators. These annotated datasets are used as the ground truth since they reflect how humans
perceive the groups in the videos. We choose these datasets because they depict groups in real-
world scenarios with various lighting conditions, crowd densities, and occlusions. We use a depth
estimation method [150] with RGB images in the datasets to localize different pedestrians in the
scene. We manually tune the weighing constants in the CoMet formulation (K, K,,, K, K;) and
set thresholds on the cohesion score to classify groups into the aforementioned categories based
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(a) Groups standing in a corridor b Grouptanding in aline (c) Group sitting in a common area

Figure 3.15: Qualitative evaluations of the trajectories generated using our algorithm (shown as green) in
different scenarios. We also compare with the trajectories generated using Frozone [54](shown as yellow)
and a DRL-based algorithm [34](shown as orange). Each group’s PFZ is shown as a red region on the floor.
We evaluate our method in three different real-world scenarios with tight spaces, with people standing or
sitting. Our method differentiates between low (in green) and high cohesion (in red) groups, and navigates
only between low cohesion groups. Frozone algorithm behaves in a conservative manner and halts the
robot in dense scenarios. DRL [34] prioritizes moving towards the goal and passes through high cohesion
groups (see (a)). Overall, our approach results in socially-compliant trajectories.

on the annotations in one of the datasets. We evaluate CoMet’s precision and recall in the groups
in all other datasets. Since there are no prior methods that compute cohesion, our evaluation is
only against the human annotations.

We have evaluated our navigation algorithm using simulations created in MATLAB: (i)

with tens to hundreds of groups, each with two to five members (Fig.3.14) and a pre-assigned

cohesion metric for each group and (ii) in corridor-like constrained scenarios with tens of pedestrians.

The groups move linearly to a goal, and the simulated robot must take full responsibility to avoid
collisions with them. We also evaluate our method on a real Turtlebot 2 robot mounted with
an Intel RealSense RGB-D camera (for pedestrian tracking and localization) and a 2-D Hokuyo

LiDAR (used by the DRL [34] method).
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3.4.4.2 Analysis

CoMet Classification: Table 4.4 highlights CoMet’s classification precision and recall
in multiple datasets. CoMet’s parameters were tuned to improve its accuracy corresponding
to detecting low-cohesion groups, which is required for navigation. This is reflected in the
high precision and recall values in the second column. CoMet observes pedestrians in these
datasets for ~ 5 seconds. During this period, it is able to update its initial classification as
pedestrians’ trajectories change. For instance, a group initially perceived as high-cohesion may
have its members move apart and is thereby classified as a low-cohesion group. Moreover, it is
easier to detect features corresponding to proximity and walking speed than interactions between
pedestrians. This sometimes results in CoMet misclassifying medium- and high-cohesion groups
in certain datasets. An interesting observation is that human annotators tend to classify groups
in extremes, i.e. as either high-cohesion or low-cohesion groups. This leads to a low number of
data points for medium-cohesion groups. This ground truth observation affects the effectiveness
of our approach.

Socially-Compliant Navigation: We first qualitatively compare the trajectories (Fig.3.14)
of DWA [29] (inred), a DWA-Frozone hybrid [54](in blue), and DWA and CoMet-based navigation
(in green) in simulated environments with non-cooperative walking groups of obstacles. We
observe that for the same set of dynamic obstacles, our approach computes smaller deviations
while also avoiding collisions. DWA and the DWA-Frozone hybrids lead to conservative, and
highly sub-optimal deviations from the goal direction. Although the exact set of obstacles each
robot faces could be different depending on the trajectories they take, we observe that our method’s

deviations at any instant never exceed the deviations of the other two methods in comparison.
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Dataset Video | Low-Cohesion | Medium-Cohesion | High-Cohesion
ADL-Rundle 1.00/1.00 - 1.00/0.75
AVG-TownCenter 1.00/1.00 0.50/0.67 0.50/0.33
ETH Jelmoli 1.00/1.00 - 1.00/0.80
ETH Bahnhof 1.00/1.00 1.00/0.67 0.80/1.00
KITTI-16 1.00/1.00 1.00/0.50 0.33/1.00
KITTI-17 1.00/1.00 - 1.00/0.667
MOT17-08 1.00/1.00 - 1.00/0.50
MOT17-11 1.00/1.00 0.75/1.00 1.00/0.833
MOT20-02 1.00/1.00 0.34/0.33 0.50/0.33
TUD 1.00/0.857 - 1.00/1.00
Venice 0.875/0.875 - 0.938/0.60

Table 3.5: This table shows the precision (first value in each column) and recall (second) values for the
three classes when CoMet observes groups in the video for ~ 5 seconds. CoMet’s parameters have been
tuned based on the ground truth in one of the datasets. We observe good accuracy for high-cohesion and
low-cohesion groups. The original datasets have fewer occurrences of medium-cohesion groups, which
impacts our precision.

These results reinforce proposition 3.4.2.

We also quantitatively compare the aforementioned three methods in environments with
varying numbers (10 — 50) of pedestrians in a corridor-like scenario (which constricts the free
space available to the robot). Pedestrians are given random initial locations and velocities, based
on which they are classified into groups and PFZ,,, and group PFZs (PF Z*) are computed.
The robot needs to navigate through the pedestrians to reach its goal. We use the following
metrics: (1) Average deviation angle measured relative to the line connecting the start and goal
locations; (2) Freezing Rate measured as the number of times the robot halted/froze over the total
number of trials; and (3) Normalized Path Length measured as the robot’s path length over the
length of the line connecting the start and goal locations.

Our method results in lower values with respect to all these metrics, as compared to DWA
and the DWA-Frozone hybrid in the same scenarios. As the crowd size, density, or number of
groups increases, Frozone’s conservative formulation makes the robot freeze at a high rate. This is
because Frozone forbids the robot from avoiding a robot from in front of the person, to improve
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Metrics Method 10 peds | 20 peds | 30 peds | 40 peds | 50 peds

Avg. Deviation DWA 43.80 45.25 41.78 43.64 49.88
Angle DWA + Frozone 46.41 46.67 42.85 50.80 53.22
(lower better) | DWA + Our Method | 41.07 44.31 41.11 3747 34.19
DWA 0 0.37 0.39 0.36 0.44

Freezing Rate

(lower better) DWA + Frozone 0 0.29 0.25 0.43 0.57
DWA + Our Method 0 0 0 0 0
Normalized DWA 1.33 1.31 1.42 1.47 1.49

Path Length DWA + Frozone 1.46 1.45 1.55 1.59 1.51
(lower better) | DWA + Our Method 1.12 1.29 1.27 1.35 1.35

Table 3.6: We compare different navigation methods (DWA [29], DWA-Frozone hybrid [54] and DWA-
CoMet-based navigation algorithm based on three metrics. We observe that our method consistently results
in lower values corresponding to all these metrics. This signifies improved naturalness of the robot’s
trajectory computed using our approach.

pedestrian-friendliness in low- to medium-density scenes. On the other hand, we observe that
our method produces trajectories with high social compliance and naturalness by reducing the
occurrence of freezing behavior.

Real-world Evaluations: We qualitatively compare our method’s trajectories with Frozone’s
and a DRL algorithm’s [34] trajectories. We highlight the differences in Fig. 3.2. Our approach is
able to identify low-cohesion groups successfully and navigate through them without interfering
with high-cohesion groups. In contrast, Frozone halts the robot completely, since it does not
assume pedestrian cooperation in its formulation. The DRL method prioritizes reaching the
goal with the minimum path length and therefore navigates through groups regardless of their

cohesion. Therefore, the DRL algorithm can generate obtrusive trajectories.

3.4.4.3 Other Improvements using CoMet

Existing high-fidelity simulators for training Deep Reinforcement Learning methods for
navigation simulate dynamic pedestrians as individual obstacles [151]. Large-scale simulators
[152] use well-known motion models for individual pedestrians, and do not take into account

model group behaviors. CoMet can be used to reverse engineer and simulate group behaviors
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based on different cohesion scores. For instance, simulated groups with high cohesion can have

low intra-group member proximities, lower than average walking speeds, and larger group sizes.

In 3-D simulators with human models, interactions can be modeled based on body orientations.
From an HRI standpoint, in social-distance monitoring robots [143], CoMet could help

predict group properties such as interpersonal relationships between members based on their

cohesions. This would help identify the groups that need to be issued warnings regarding maintaining

social distancing. This leads to more apt interactions between the robot and the humans.

3.4.5 Limitations

CS-Robot groups people only based on their proximity, which in certain cases (e.g. individuals
standing in a line) could be erroneous. Conversely, CoMet estimates a group’s interpersonal
closeness visually, which helps to make improved decisions on #ow to navigate in their presence.

CoMet models cohesion through a linear relationship between the features, which may lead
to inaccuracies in some scenarios. In addition, there are other characteristics used to estimate
cohesion, including age, gender, environmental context, cultural factors, etc that we do not
consider. Our approach also depends on the accuracy of how these features are detected, which
may be affected due to lighting conditions and occlusions. Our navigation assumes that different
groups exhibit varying levels of cohesions, which may not hold all the time. For instance, in
a dense scenario where all groups have high cohesions, CoMet-based navigation may lead to

freezing without the cooperation of pedestrians.
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3.5 Summary

In this chapter, we presented two methods to navigate a robot by identifying groups of
people, and measuring their interpersonal closeness using a metric called CoMet.

First, we presented a method to detect social distancing breaches in indoor scenes during a
pandemic using simple sensors such as RGB-D and CCTV cameras. We used a mobile robot
to attend to the individuals who are non-compliant with the social distancing norms and to
encourage them to move apart by displaying a message on a screen mounted on the robot.
We demonstrated our method’s effectiveness in localizing pedestrians, detecting breaches, and
pursuing walking pedestrians. We demonstrated that the CCTV+robot hybrid configuration
outperforms configurations in which only one of the two components is used for tracking and
alerting non-compliant pedestrians.

Secondly, we presented a method to compute the cohesion of a group of people in a
crowd using visual features. We used our cohesion metric to design a novel robot navigation
algorithm that results in socially-compliant trajectories. We highlighted the benefits over previous
algorithms in terms of the following metrics: reduced freezing, deviation angles, and path lengths.
We tested our cohesion metric in annotated datasets and observed a high precision and recall in
accurately identifying groups’ cohesions. Both methods were implemented on real Turtlebot 2
robots and tested with groups of pedestrians.

An important unexplored component of this research is the change in human behavior when
they are approached by a robot in dense indoor environments. Robotics research is exploring
friendlier modes of communicating and interacting with pedestrians. Our methods can complement

works in human-robot interaction and enable robots to navigate social scenarios better.

107



Chapter 4: Navigating in Unstructured Outdoor Environments

4.1 Overview

The previous two chapters dealt with robots navigating in indoor settings with varying
levels of crowd density. The discussed methods implicitly assume that the robot operates in
smooth, flat ground. However, this assumption does not apply in unstructured outdoor settings,
which constitute a distinct domain. Addressing the navigational challenges in outdoor environments
is crucial, considering the wide range of applications such as food/grocery delivery, agriculture,
surveillance, exploring forested and planetary environments, etc for which mobile robots are
deployed in such settings.

The robots designed for these applications need to account for a terrain’s geometric properties
such as slope or elevation changes, surface characteristics, vegetation, etc to compute smooth and
efficient robot trajectories [153—155].

Although a terrain’s slope and elevation challenges are more readily detectable using range-
based sensors like LiDARs, its surface properties (texture, bumpiness, and deformability), which
also determine its navigability for a robot, are more subtle and can only be detected through RGB
image data. Additionally, detecting and navigating vegetation with varying solidity properties
(for example, tall grass being pliable while trees are not) that coexist in the same environment

is extremely challenging. Such flora cannot be easily differentiated using range-based sensors
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(e.g., laser scans, point clouds, and ultrasound) as they detect all plants as solid obstacles [156].
Furthermore, vegetation such as tall grass scatters laser beams from LiDARs and leads to poor
characterization of their shape and structure [157]. In RGB images, the shape and structure of
various plants are accurately represented. However, there is a lack of research on differentiating
flora based on their pliability from images. Therefore, this dissertation focuses on the challenges
of estimating the surface properties of a terrain, and the pliability of vegetation in unstructured
outdoor environments using RGB images and using them for navigation.

A terrain’s surface properties affect a (wheeled) robot’s navigability on it in the following
ways. For example, a surface’s texture determines the traction experienced by the robot, its
bumpiness determines the vibrations experienced, and deformability [158,159] determines whether
a robot could get stuck or experience wheel slips (e.g. in mud). Other factors that affect
navigability over a terrain involve the robot’s properties such as dynamics, inertia, physical
dimensions, velocity limits, etc.

The presence of dense vegetation on the other hand could lead to the robot not finding
free space to circumvent the flora. This could cause the robot to freeze [54] similar to cases in
dense crowds. Additionally, a small wheeled or legged robot could get physically entrapped in
vegetation when its wheels or legs get intertwined in dried tall grass, bushes, etc. In such cases,
the robot’s dynamics determine whether it can autonomously recover itself [160]. To effectively
navigate such environments, the robot must assess the traversability of the various flora around it.
Firstly, it must differentiate flora based on their pliability [161]. We define a plant’s pliability as
its degree of flexibility or ability to bend such that a robot can navigate through it. For instance,
robots can traverse through tall grass (high pliability) whereas trees are non-pliable and should

be avoided. Secondly, the robot must detect the height and density of pliable vegetation since
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they affect the resistance offered to the robot’s motion.

To address the first issue of terrain surface properties, many works in computer vision,
specifically semantic segmentation [18,162,163] based on supervised learning, have demonstrated
good terrain classification capabilities on RGB images. However, they rely on large image
datasets with different classes of terrains annotated by humans. Such datasets do not account
for a robot’s properties and might misclassify a traversable terrain for a robot as non-traversable
(or vice-versa). In addition, their classification outputs must be converted into quantities that
measure a terrain’s degree of navigability (costs) to be used for planning and navigation [28,164].

To overcome the aforementioned limitations, navigability costs could be directly predicted
using input and label data collected in the real world through regression using self-supervised
learning [158, 165]. That is, an image (input) can be associated with data vectors collected
through other sensors such as Inertial Measurement Units (IMU) and wheel encoders on the robot
(labels) instead of a human-provided label/annotation. Such label vectors generated from real-
world sensor data could lead to a more accurate characterization of the robot-terrain interaction
instead of a human-perceived ground truth.

Existing works that use self-supervised learning (online and offline) in the outdoor domain
have predominantly focused on unstructured obstacle detection [155, 166], roadway and horizon
detection [167], or long-range terrain classification into various categories [168—170]. Therefore,
there is a lack of online self-supervised learning methods that can characterize a terrain’s surface
properties. Many previous works also train their network offline by first collecting data before
training on a powerful GPU [155,158]. As a result, these methods can take a long time to re-train
for a new kind of terrain.

To address the second issue of traversing dense vegetation, there have been several works
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in computer vision to detect and segment simple vegetation such as trees, and short grass [171—
173]. However, such works require extensive datasets with intricate annotations to train, requiring
significant human effort. Additionally, segmenting traversable versus untraversable regions in
dense vegetation is still an unsolved problem [174].

Navigation methods for outdoor domains have dealt with flora such as tall grass [156], trees,
etc. in isolation. Such methods do not consider scenarios where plants of all pliability/traversability
are in close proximity. Therefore, such methods cause the robot to collide or get entrapped, and
do not have autonomous mechanisms to recover in such environments. Navigation methods based
on end-to-end learning [156, 175] require real-world negative experiences such as collisions with
non-pliable obstacles for training. This would be impractical for highly unstructured regions
where rates of collision and entrapment are high.

To address these two major outdoor challenges, we propose the following two methods:

1. TerraPN (section 4.3, Fig. 4.1), a method that trains a neural network in an online self-
supervised manner to learn a terrain’s surface properties (texture, bumpiness, deformability,
etc.) and computes a robot-specific 2D surface cost map. TerraPN uses RGB images
and the robot’s velocities as inputs, and processed IMU vibrations and a wheeled robot’s
odometry errors as labels for training. It uses the computed cost map to guide a novel
outdoor navigation algorithm that computes dynamically feasible collision-free trajectories
by accounting for different surface costs. Our method adapts DWA’s [29] formulation by
modulating the robot’s acceleration limits for different surfaces and computing trajectories
with lower surface costs compared to DWA’s trajectories. Overall, TerraPN’s network trains

in ~ 20 minutes for 5 different surfaces compared to segmentation methods that require 3-
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leaves and

Figure 4.1: The trajectories of our method, TerraPN (green, yellow, red corresponding to fast,
intermediate and slow speeds respectively), DWA [29] (blue), TERP [153] (orange), OCRNet-based
(pink), and PSPNet-based (purple) navigation schemes in unstructured terrain. We observe that TerraPN’s
trajectories navigate the robot on smooth surfaces (asphalt) as much as possible with high velocities and
adapt the velocity to different surfaces based on their navigability costs. Other methods directly drive
the robot towards its goal with its maximum velocity. In some cases (PSPNet-based), the trajectories are
wandering since the segmentation falters when the surface becomes too unstructured.

10 hours of offline training to achieve similar levels of performances suitable for navigation.
Further, TerraPN results in improved navigation success rates (up to 35.84%), vibration
costs (up to 21.52% lower), and mean velocity is high-cost surfaces (up to 46.76% lower)

for different outdoor scenarios.

2. VERN (section 4.4, Fig. 4.2), a novel classifier to differentiate vegetation of various
pliability/traversability from RGB images. VERN uses a novel few-shot learning approach
and a Siamese network framework to train our classifier with only a few hundred images
of different kinds of vegetation (tall grass, bushes/shrubs, and trees) with minimal human
labeling. Furthermore, VERN computes a vegetation-aware traversability cost map by

accounting for estimated vegetation height, pliability classification, and classification confidence.
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Figure 4.2: Comparison of VERN with other methods navigating a Spot robot through a complex
environment (scenario 3) with traversable (e.g. tall grass), and untraversable (e.g. tree, bush) vegetation.
In this trial, we observe that only VERN successfully reaches its goal due to its vegetation classification,
height estimation, and novel cost map clearing scheme. Other methods either collide (GrASPE [176],
Spot’s in-built autonomy), or freeze (DWA [177], GA-Nav [172]) due to the density of vegetation.

It also accounts for misclassifications in the vegetation classifier and leads to a more
accurate representation of the traversable vegetation. Finally, VERN’s perception is integrated
with a local planner that produces cautious navigation behaviors when in highly unstructured
vegetation or regions with low confidence pliability classification. Additionally, the planner
initiates novel holonomic behaviors to recover the robot if it freezes or gets physically
entrapped in dense vegetation. This improves the success rate by up to 50%, and the

freezing rate by 75%.

TerraPN and VERN have been implemented on a real Clearpath Husky robot, and a Boston
Dynamics Spot robot, respectively. VERN was specifically designed for legged robots because
wheeled robots lack the dynamics required to navigate through dense vegetation, and their wheels
often get tangled in vegetation like tall grass. The performance of both methods has been
evaluated and demonstrated in real-world unstructured outdoor environments (see Figs. 4.1, 4.7,
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4.2,4.11).

The rest of this chapter is organized as follows. In section 4.2, we discuss the related works
in estimating terrain and vegetation traversability, and navigation in such scenarios. Sections
4.3 and 4.4 explain our two contributions in this domain. We finally summarize this chapter in

section 4.5.

4.2 Related Work

In this section, we discuss previous works in computer vision for characterizing terrain and

vegetation traversability and methods for navigating off-road terrains, and vegetation.

4.2.1 Characterizing Terrain Traversability

Traditional vision works have used methods such as Markov Random fields [178] and
triangular mesh reconstruction [179] on 3D point clouds to analyze surface roughness and traversability.
Learning-based works for traversability prediction fall into a combination of supervised/unsupervised

and classification/regression categories.

Supervised Methods Works in pixel-wise semantic segmentation classify a terrain into multiple
predefined classes such as traversable, non-traversable, forbidden, etc. [18,162,163]. To this end,
fusing a terrain’s semantic and geometric features has also been studied [163]. These works
are typically supervised and utilize large hand-labeled datasets of images [180, 181] to train
classifiers. However, manually annotating datasets is time- and labor-intensive, not scalable
to large amounts of data, and may not be applicable for robots of different sizes, inertias, and

dynamics [182]. Such methods also assume that visually similar terrains have the same traversability
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[166] without considering the robot’s dynamics, velocities, or other constraints.

Self-supervised Methods Unsupervised learning-based methods overcome the need for such
datasets by automating the labeling process by either collecting terrain-interaction data such as
forces/torques [ 158], contact vibrations [159], acoustic data [183], vertical acceleration experienced
[184], and stereo depth [168, 169] and associating them with visual features (RGB data) for self-
supervision. Other works have correlated 3D elevation maps and egocentric RGB images [28] or
overhead RGB images [185] for classification.

Early self-supervised work [169, 186] focused on learning long-range (~ 100m) terrain
classification from stereo and RGB image data and 3D LiDAR points [170] and detecting roadways
and the horizon using reverse optical flow [167] in a self-supervised manner. Many early works in
self-supervised learning were proposed during the DARPA LAGR (Learning Applied to Ground
Robots) program. For instance, [187] and [188] associated underfoot proprioception data with
far-field exteroception data to estimate near to far-field terrain traversability. Works by Sermanet
et al. [189] and Konolige et al. [190] expand further and integrate unsupervised learning-based
terrain segmentation with mapping and localization for long-range navigation.

In another instance, Angelova et al. [191] train a non-linear regression model to correlate
RGB images with wheel slip measurements to visually predict future wheel slips in granular/sandy
surfaces. Subsequently, this was extended to using stereo images to first detect the terrain
type, and then predicting slip based on its geometry [192]. Other works have correlated 3D
elevation maps and egocentric RGB images [28] or overhead RGB images [ 185] for classification.
However, none of these methods have accounted for the changes in terrain traversability based

on the robot’s velocity.
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Few methods have performed self-supervised regression, where for each RGB pixel in
outdoor terrain, the corresponding force-torque measurements [158], trajectory model error [165],

and resistive forces experienced [193] were predicted post-training.

4.2.2 Navigating Unstructured Terrains

Early works in outdoor navigation proposed using the binary classification of obstacles
versus free space [194] and potential fields [41] for outdoor collision avoidance. With the
advent of deep learning, methods to estimate navigability/energy cost in uneven terrains through
imitation learning [154,195] using egocentric sensor data and a priori environmental information
[196] have been proposed. Siva et al. [197] addressed navigational setbacks due to wheel slip and
reduced tire pressure in outdoor terrains by learning compensatory behaviors.

BADGR [155] presents an end-to-end DRL-based navigation policy that learns the correlation
between events (collisions, bumpiness, and change in position) and the actions performed by the
robot. Since learning-based approaches cannot guarantee any optimality in terms of a navigation
metric (minimal cost, path length, dynamic feasibility, etc.), [153] proposed a hybrid model of
spatial attention for perception and a dynamically feasible DRL method for navigation.

In TerraPN (section 4.3), we use a learning-based approach for the cost map prediction and
a model-based (extending DWA [29]) approach for navigation. Therefore, TerraPN combines the
benefits of accurate characterization of robot-terrain interaction and guaranteed low surface cost,

and dynamically feasible navigation.
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4.2.3 Perception in Dense Vegetation

Early works on vegetation detection were typically chlorophyll detectors [198-200], or
basic classification models [201]. Nguyen et al. [199] proposed a sensor setup to detect near-IR
reflectance and used it to define a novel vegetation index. [200] extended this detection by using
an air compressor device to create strong winds and estimating the levels of resistance to robot
motion using the movement of vegetation. However, it needed the robot to be static. Multiple
sensor configurations have also been explored for obstacle detection within vegetation [202] of
which thermal camera and RADAR stand out as effective modalities.

Modeling the frictional/lumped-drag characteristics of vegetation [161,203,204] as a measure
of the resistance offered to motion, or modeling plant stems using their rotational stiffness and
damping characteristics [205] has also been proposed. However, the method does not use visual
feedback, requiring the robot to drive through vegetation first to gauge its pliability.

Wurm et al. [206, 207] presented methods to detect short grass from LiDAR scans based
on its reflective properties on near IR light. Astolfi et al. [208] demonstrated accurate SLAM
and navigation through sensor fusion in a vineyard. However, such methods operated in highly
structured environments.

There are several works that utilize semantic segmentation to understand terrain traversability
[172,173,209]. [209] applied semantic segmentation classifier trained on RGB images to oct-
tree maps obtained from RGB-D point cloud. Maturana et al. [173] took a similar approach by
training a segmenter and augmenting a 2.5D grid map with it to distinguish tall grass from regular
obstacles. However, these existing methods are not suitable for perception in dense, unstructured

vegetation.
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4.2.4 Navigating Dense Vegetation

There have been very few methods for detecting and navigating through vegetation. Overbye
et al. [210] proposed using a terrain gradient map along with the A* algorithm to navigate a large
wheeled robot and demonstrated moving over tall grass and short bushes. [211] extended this by
adding a segmentation layer to the map to detect soft obstacles. However, these methods mostly
operate in structured, isolated vegetation and may not work well in unstructured scenarios.

There are several works that have addressed navigating through pliable vegetation such as
tall grass [156,175]. Kahn et al. [156] demonstrated a model that learns from a robot’s real-world
experiences such as collisions, bumpiness, and its position to navigate outdoor environments.
The robot learned from RGB images and associated experiences (labels) to consider tall grass
as traversable. However, it does not account for the presence of non-traversable bushes or
trees alongside traversable vegetation. Polevoy et al. [175] proposed a model that regresses the
difference between the robot’s dynamics model and its actual realized trajectory in unstructured
vegetation. This acts as a measure of the surrounding vegetation and terrain’s traversability.
However, both these methods require “negative” examples such as collisions during training,
which may be impractical or dangerous to collect in the real world.

With the advent of legged robots, several recent works have been focused on developing
robust controllers for locomotion purely using proprioception [212] or fusing it with exteroceptive
perception such as elevation maps [213]. A few navigation works focus on estimating the
underlying support surface that is hidden by vegetation [214] by fusing haptic feedback from
the robot, depth images, and detecting the height of the vegetation. VERN 4.4 complements

existing works by enhancing a legged robot’s ability to navigate through dense vegetation and
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Figure 4.3: TerraPN’s overall architecture. Our method uses RGB images and a set of robot velocities
to predict a surface cost map for the robot. In the pre-processing step, a classical image segmentation
method (Weak segmentation) is used to differentiate regions with different pixel intensities. A non-uniform
patch sampling scheme is then applied where large/small patches are extracted from regions that have the
same/varied pixel intensities. The patches are passed into our self-supervised network (see Fig. 4.9) that
predict a 4 x 1 label vector . We compute the surface cost as X’ weighted norm, create patches with the
cost values, and concatenate them based on their locations on the RGB image to form the cost map (blue
implies low, yellow implies high costs). The cost map is then used by our novel navigation algorithm to
compute dynamically feasible velocities with low surface costs in real-time. This velocity computation
task is performed iteratively at every time step for a given image and velocity vector input pair.
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providing a method for recovery when it becomes entrapped.

4.3 TerraPN

In this section, we elaborate on TerraPN’s methodology (sections 4.3.2 and 4.3.3). But first,
we explain some of the preliminary concepts used in its formulation in section 4.3.1. Finally, we
elaborate the details of its implementation and evaluations, and its limitations in sections 4.3.4

and 4.3.5, respectively.

4.3.1 Preliminaries

In this section, we define TerraPN’s problem formulation and provide some background on

DWA [29] that forms the basis for our outdoor navigation.
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4.3.1.1 Problem Formulation

The problem of navigating in outdoor environments with various surface properties can
be divided into two stages: surface cost prediction, and low-cost navigation. To predict surface
costs, we train a neural network that uses RGB image patches gé’é, a set of the robot’s linear
and angular velocities (v,w) as inputs, and a 4 x 1 label vector A consisting of two dimensions
corresponding to IMU measurements, and two to robot’s odometry errors. The IMU measurements
and odometry errors characterize a surface’s traction, bumpiness, and deformability (see section
4.3.2.2). After training, we use the neural network’s predicted label A to construct a 2D surface
cost map. The cost map is a non-uniformly discretized concatenation of patches that depend on
the surface boundaries in the input image.

Next, the cost map is used by the navigation component to compute dynamically feasible
trajectories with low surface costs. We use i, j for denoting various indices, =,y to denote

positions relative to different coordinate frames. Our method’s overall architecture is shown

in 4.3.

4.3.1.2 Dynamic Window Approach

DWA is a model-based collision avoidance algorithm that guarantees dynamically feasible
robot velocities. However, its formulation implicitly assumes that the robot traverses on a uniform,
smooth navigable surface. TerraPN’s navigation component modifies and extends DWA’s formulation
for outdoor navigation by accounting for surface costs.

DWA'’s formulation involves two stages: 1. computing a collision-free, dynamically feasible

velocity search space, and 2. choosing a velocity in the search space to maximize an objective
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function.

In the first stage, all possible velocities in V, = [v € [0,Vpaz);w € [—Wmazs Winaz)»
respectively, are considered for the search space V. Here, vp,4z, Wmae represent the robot’s
maximum achievable linear and angular velocities respectively. Next, all the (v,w) pairs that
prevent a collision in V; are used to form the admissible velocity set V. Lastly, the velocity pairs
that are reachable, accounting for the robot’s acceleration limits 0,4z, Wmaee Within a short time
interval At, are considered to construct a dynamic window set V;;. The resulting search space is
constructedas V,, =V, NV, NV,

In the second stage, DWA searches for (v,w) € V,, which maximizes the following

objective function.

G1(v,w) = a.head + B.dist + ~.vel 4.1)

Here, head() measures the progress towards the robot’s goal, dist() is the distance to the
closest obstacle when executing a certain (v,w), and vel() measures the forward velocity of the

robot and encourages higher velocities. v, w on the RHS are omitted for clarity.

4.3.2 TerraPN: Predicting Surface Costs

In this section, we first describe the components in computing a terrain’s surface cost map:
1. data collection, 2. network architecture and training, 3. cost map generation using variable

sampling.
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4.3.2.1 Autonomous Data Collection

To generate the input and label data for training the cost map prediction network (Fig.
4.9), we collect the raw sensor data from an RGB camera, robot’s odometry, 6-DOF IMU, and

3D LiDAR autonomously on different surfaces. The robot performs a set of maneuvers in two

different speed ranges: 1. slow ([0, “2:=] m/s and [-*me, ®nez] rad/s), and 2. fast ([0, Vgl
m/s and [—Wiaz, Wimae] 1ad/s). The maneuvers include: 1. moving along a rectangular path, 2.
moving in a serpentine trajectory, and 3. random motion.

The maneuvers are designed to cover all the [v,w] pairs within the robot’s velocity limits

to emulate different terrain interactions while the data is collected. If the robot encounters an

obstacle, it switches from executing the maneuvers to avoiding a collision using DWA [29].

4.3.2.2 Computing Inputs and Labels

As mentioned in section 4.3.1.1, our network uses an n x n patch (I3) that is cropped
from the center bottom of the collected full-sized image of size w x h (]gég). To generate
the velocity input, the linear and angular velocities for the past n/2 instances from the robot’s
odometry are obtained and reshaped to a 2 x n/2 vector. The velocity vector’s dimensions are
chosen such that the image input does not dominate the network’s predictions.

Our label vector consists of IMU and odometry error components. They are robot-specific
and implicitly encode the robot’s dynamics, inertia, etc., and its interactions with the terrain.
To generate the IMU component, we apply Principal Component Analysis (PCA) to reduce the
dimensions of the collected 6-dimensional IMU data (linear accelerations and angular velocities)

to its two principal components. From Fig. 4.4, we observe that the variances (0 pc1 and opc2)
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Figure 4.4: Sample results of the PCA applied on the 6-dimensional IMU data. The variances of the data
along the two principal axes for [Left] two different surfaces concrete (red), and grass (green), and [Right]
two different velocity ranges for the same surface. We observe that the variances can differentiate various
surfaces and speed levels.

of the data along the principal components help differentiate various surfaces in terms of their
bumpiness. Additionally, for the same surface, higher velocities lead to higher variances in the
data (justifying the need to consider velocities as inputs).

To generate the odometry error component of the label vector, the distance traveled by the
robot (Ad,g.m) and its change in orientation (Af,4,,,) in a time interval At are obtained from the
robot’s odometry. We obtain the same data (Adjoam, Abjoam) from a 3D LiDAR-based odometry

and mapping system [215]. The distance and orientation change errors are calculated as,

derror = Adloam - Adodom (42)

087"7‘07‘ = Aeloam - AQodom- (43)

This component of the label vector differentiates surfaces with high deformability or poor traction
where, if the robot’s wheels get stuck or slip (e.g. in mud), Ad;yq,, ~ 0 and Ab;.,, ~ 0, whereas

Adygom and Ab,4,,, would have high values. The final label vector is given by,

A= [UPCl OpCc2 derror Herror]—r~ (44)
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Figure 4.5: Our novel two-stream network architecture. One stream encodes image patches (green) and
the other stream processes the linear and angular velocities (yellow). The feature embeddings from each
stream are concatenated and finally passed into a set of linear layers (blue), and the final predictions are
the estimated IMU readings and the odometry errors associated with this image patch.

4.3.2.3 Network Architecture and Online Training

The network (see Fig. 4.9) is trained to predict the 4 x 1 vector in equation 4.4 given the
image and velocity inputs. The architecture uses a series of 2D convolution with skip connections
and batch normalization on the image input, and several layers of fully connected layers with
dropout and batch normalization for the velocity input, shown in Fig. 4.9. In the image stream,
after the initial convolution operation with ReLU activation, the image is connected to four
residual blocks and one linear layer with batch normalization. Since we have limited data
when collecting labels and training the network online, we use the residual connection to ensure
that the network would not overfit the collected data given many layers and parameters in the
network. Dropout and batch normalization layers also improve generalization capabilities and
avoid overfitting.

As the robot autonomously collects sensor data on different surfaces, the inputs and labels
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are generated and shuffled. The network’s training is started and performed online once sufficiently
varied data is collected (~ 6 minutes). The data collection and online training is normally

completed in 20 — 25 minutes.

4.3.2.4 Navigability Cost Calculation

Based on the vector predicted by the network (A = [Gpc1 Opca  derror GNEWOT]T), the
navigability cost for a given RGB patch and velocity vector is computed as the weighted norm of
A,

c=VA WX (4.5)

Here, W is a diagonal matrix with positive weights. To make navigability cost predictions

on a full-sized RGB image I}5;},, the image is first resized into new dimensions as follows,

w' = |w/n]-n, K =|h/n]- n, (4.6)

where | | is the nearest integer operator. Next, non-overlapping n x n patches are cropped along
the width and height of the image. This |w/n| - | h/n] batch of images is passed as inputs along
with a batch containing the input velocity vectors to obtain the navigability cost predictions c¢;;
(i € [1,|w/n]] and j € [1,|h/n]]) for different regions of the resized image I 5"". The
predicted costs are normalized to be in the range [0, 7/2].

Finally, the surface navigability cost map C*" "' is constructed by vertically and horizontally
concatenating n x n patches with the values of ¢;; corresponding to different regions. Cw'xM is

then resized back to C¥*",
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4.3.2.5 Non-uniform Patch Sampling

Although using patches reduces the input dimensionality of our network and helps train
it faster, it could result in regions with multiple surfaces (boundaries) in the full-sized image
having inaccurate costs depending on the patch size. Therefore, we employ a non-uniform patch
sampling technique to obtain finer patches in multi-surface regions (boundaries). Conversely,
portions with a single surface can be sampled with larger patch sizes 2n,4n. This reduces the
total number of patches used for cost prediction on the full-sized image, thus maintaining the

method’s inference rate.

Weak Segmentation: To detect regions with multiple surfaces and differentiate them in a
scene, we use a weak segmentor which is based on classical image segmentation methods. The
weak segmentation method is computationally light (inference time of ~ 66us) and may not
have pixel-level precision. But, it sufficiently demarcates the boundaries of various terrains in
the input image. First, the Sobel edge detector is applied to the grayscale input image ];”T/azh/ of
the scene, and the histogram of the result is computed. Next, based on the Bayesian information
criterion [216] a Gaussian mixture model is fit to the histogram, and the mean of each Gaussian
curve is used as a marker/threshold (yq, o, ..., pt;) to differentiate the regions of pixels with

different intensity levels in the image. Finally, the watershed filter [217] is applied to highlight

the regions of different intensities to obtain [ {,“Vgh (See figure 4.3).

Selecting Sampling Patch Size: We consider the patches I}, I775%", I's ™ in the weak
segmentation output / f,“vl g " and the intensity of pixels within them. If a patch larger than n x n

satisfies the condition in 4.7, smaller patches are not considered for cost prediction.
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where num(p;) is the number of pixels with intensity greater than or equal to y;, and ¢ is
a threshold. This condition ensures that when a large patch has a significant number of pixels
with the same intensity, implying the presence of a single surface, smaller patches are not used

for cost prediction. The larger patch is resized to n X n before passing into the network.

4.3.3 TerraPN: Navigation

In this section, we explain how the computed surface cost map is used by TerraPN’s
navigation to adapt DWA (section 4.3.1.2) for outdoor navigation and compute dynamically

feasible, low surface cost velocities.

4.3.3.1 Trajectory Navigability Cost

To adapt DWA to outdoor terrains, the trajectory corresponding to a (v,w) pair must be
associated with a surface cost. The trajectory for a given (v, w) pair relative to a coordinate frame
attached to the robot’s center (X-axis pointing forward, Y-axis pointing left) is calculated as,

27 = v cos (wt;)t;
yrot = vsin (wt;)t; (4.8)

t; = to + iAL, i € [0, Spum)-

Here, ¢, is the initial time instant and s,,,,,,, 1s the number of time steps used for extrapolating
the trajectory. This trajectory is then transformed relative to the camera frame attached to the
robot using a homogeneous transformation matrix as [x¢4™ ™| T = Heam . [x79b 4rob] T Next,

7 rob
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w’ xh' img

the trajectory is converted to correspond to the image/pixel coordinates of I , i.e., [x; img T

Yi
using the camera’s intrinsic parameters. The navigability cost for a velocity pair can be then

! !
computed from C*"*" as,

Snum

sur(v,w) = Z cost(z™9, ™). 4.9)
i=0
Here, cost() is the surface cost at a given pixel’s coordinates.

4.3.3.2 Variable Acceleration Limits

Robot navigation methods consider a constant range of linear ([— 0,4z, Umaz|) and angular
([~Wmazs Wmaz)) accelerations. Our formulation varies the linear and angular acceleration limits
available for planning depending on the properties of the surface on which the robot is traversing
such that © € [—Vpaz, Vlim] and & € [—Wyim, Wiim) -

This is done because, intuitively, the robot accelerating on a smooth surface (e.g., concrete,
asphalt) would lead to a low navigability cost. Therefore, the robot can proceed towards its goal
faster. Whereas on a bumpy surface or one with poor traction, (e.g., tiled surface, dry leaves),
accelerating would lead to high vibrations and the risk of getting stuck (e.g. mud). We do not
limit the maximum deceleration available to the robot since it may have to slow down to avoid
obstacles or while moving on a rough surface.

First, we divide the trajectory corresponding to the robot’s current (v, w) and calculate the

cost for the second half as follows,

Congottionm = D, €08t 4™/ (sum/2). (4.10)

i:5n1Lm/2+1
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We limit the robot’s accelerations using this navigability cost as,

blim =T:- ijmama (411)
wlim =T- wmax; (412)
7 = cos (Congm ,,,,,); Conpm.s,,. € [0,7/2]. (4.13)

If Conym 1 1.5,,,,, 18 low (low-cost surface), the robot is allowed to accelerate towards its goal, while

ahigh C smum 41, TeStricts the robot from speeding up. Considering only the second half of the

trajectory also implicitly accounts for transitions between surfaces. Using these acceleration
limits, a new dynamic window V is constructed. The new resultant search space is calculated as

vV =V,nV,NV.

4.3.3.3 Optimization
Finally, a (v, w) € V,/ which maximizes the objective function

Go(v,w) = a.head + B.dist + vy.vel — d.sur, (4.14)

is chosen. Here, «, (3,7, 0 are weights for each component.

Lemma 4.3.1. TerraPN’s navigation computes collision-free, dynamically feasible trajectories

with surface costs that are always lesser than or equal to the DWA’s trajectory’s surface cost.

Proof. Let (v1,w;) = argmaz (G4), and (vq, ws) = argmazx (Gs), Vv,w € V.. From equations
4.1 and 4.14, we get G3(v,w) = G1(v,w) — dsur(v,w). We know that, G5(vq, ws) > Ga(vy,wr)
=  G1(vg,ws) — dsur(ve,wq) > Gy(vy,wr) — dsur(vy,w;). Rearranging the terms, we get
G1(v1,w1) — Gi(ve,wa) < d(sur(vy, wy) — sur(ve,ws)).
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Since vy, w; maximizes G1, in the LHS, G (vy,w;) — Gy (vg,w2) > 0 = sur(vy,w;) —
sur(ve,ws) > 0. This inequality holds since sur(v,w) > 0. The dynamically feasibility of
TerraPN’s velocities follows from the fact that acceleration limits obey [—Umaz, Viim| € [—Vmazs Umaz)

as 7 € [0,1]. |

4.3.3.4 Algorithm

The algorithm for TerraPN’s outdoor navigation is shown in Algorithm 2.

Algorithm 2: TerraPN Navigation

1 Input obs, goal, Vmax, Wmax> Veurrs Weurrs Snum

2 Output v*, w*

‘/s = [[07 Umax]» [_wmax; Wmax“

V4 = CollisionFree(V, obs)

traj,,, = ComputeTrajectory (Veurr, Weurr, Snum)

Clomm 1150 = SurfaceCost(traj ., Snum)

7 = cos(Clam 410

Vlim; Wiim = T * Umax, T * Wmax

VI = [[Veur — Omax At Veurr + VtimAL], [Weurr — Wrim AL, Weurr + WrimAl]]
Vi=V,nV,NV]

Go = a.head(V), goal) + [.dist(V/, obs) + ~v.vel (V) — d.sur(V))

v, w* = argmax(Gy)
v,weV)/

A A S o e

._.
e

Here, obs is the set of obstacles in the environment characterized by LiDAR scans. In line
2, CollisionFree() is a function that returns the velocities that avoid a collision with the obstacles
in the environment. The ComputeTrajectory() function in line 3 implements equation 4.8, and

the SurfaceCost() in line 4 implements equation 4.10.
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4.3.4 Results and Analysis

We detail our method’s implementation, our evaluation metrics, and the different environments

we tested in, and compare with other methods in this section.

4.3.4.1 Implementation

Our self-supervised learning network is implemented using Tensorflow. A Clearpath Husky
robot mounted with a VLP-16 LiDAR and Intel Realsense camera is used to evaluate our method
in real-world scenarios. The LiDAR is only used for the initial LiDAR-based odometry data
collection and to provide 2D scans for detecting obstacles for navigation. For processing, the
robot is equipped with a laptop with an Intel 19 processor and Nvidia RTX2080 GPU.

In our formulation, we use n = 50, w = 640, h = 480, £ = 0.8, s,um = 15, At = 0.1,
a=24,0=32v=0.1,6 = 50. The velocity and acceleration limits are set according to the
Husky’s limits. We train our cost map prediction on 5 surfaces: 1. concrete, 2. tiles, 3. grass, 4.
asphalt, and 5. fallen yellow leaves. Each surface offers different levels of traction, bumpiness,

and deformability.

4.3.4.2 Navigation Evaluation Metrics

We use the following metrics for our comparisons.

Success Rate - The number of times the robot reached its goal while avoiding getting stuck or
colliding over the total number of trials.

Normalized Trajectory length - The robot’s trajectory length normalized over the straight-line

distance to the goal for all the successful trials.
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Vibration Cost - The summation of the vertical motion’s gradient experienced by the robot along
its trajectory.
Mean Velocity - The robot’s average velocity along its trajectory as it traverses various surfaces.
We compare our method with DWA [29], and TERP [153] which navigates the robot
based on the elevation maps in the environment. We also compare with two methods that use
OCRNet [218], and PSPNet [219] for semantic segmentation and the Dijkstra’s algorithm for
waypoint computation and navigation. OCRNet and PSPNet classify different surfaces into
several discrete classes based on their degree of navigability. Different cost values are associated
with each class and used for waypoint computation using Dijkstra’s algorithm. The OCRNet and
PSPNet networks were trained on the RELLIS-3D outdoor dataset which contains all the surfaces

TerraPN’s cost prediction network is trained for.
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Figure 4.6: Surface cost map predictions along with OCRNet’s (third column) and PSPNet’s (fourth
column) segmentation results for different scenarios with 2-3 surfaces. TerraPN’s cost prediction considers
non-uniformly sampled patches on the RGB images and feeds them into our network along with the robot’s
velocities. We observe that surfaces are differentiated well based on their navigability (dark blue denotes
low cost and therefore better navigable surface and lighter, yellow shades denote high cost). We observe
that our cost predictions are fairly accurate even for regions not seen during training (person’s legs, soil,
boundaries between surfaces). OCRNet and PSPNet mostly classify surfaces as traversable (green), or
moderately traversable (cyan). However, they often incorrectly segment some patches as forbidden (red)
or as obstacles (blue) which reflect poorly during navigation.
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4.3.4.3 Testing Scenarios

We evaluate and compare TerraPN’s navigation with prior methods in five scenarios. We
characterize each scenario’s difficulty based on the number of surfaces, the level of unstructuredness,

and whether they were previously seen during TerraPN’s cost prediction training.

* Scenario 1: Two trained surfaces (concrete and grass). See Fig. 4.7a.

* Scenario 2: Three surfaces (concrete, asphalt, and rocks) with one untrained surface

(rocks). See Fig. 4.7b.

* Scenario 3: Four surfaces (tiles, concrete, mud, grass) with one untrained surface (mud)

where the robot could get stuck. See Fig. 4.7c.

* Scenario 4: Four surfaces (asphalt, rocks, discolored grass, unstructured dry brown leaves
with mud). The grass and dry leaves surfaces had undergone considerable seasonal changes.

See Fig. 4.1.

* Scenario 5: Untrained, highly unstructured surface with dry brown leaves, broken branches,

mud, etc. See Fig. 4.7d.

4.3.4.4 Analysis and Comparisons

Cost Map Prediction Performance: Fig. 4.6 shows the results of our cost map prediction
in scenarios with various surfaces, both seen during training (tiles, grass) and unseen (soil,

rocks, human obstacles). For unseen surfaces, our network typically predicts higher costs for
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Metrics Method Scenario Scenario Scenario Scenario
1 2 3 4
DWA [29] 100 70 79 53
Success TERP [153] 100 77 78 61
Rate (%) OCRNet [218] 94 72 73 58
(Higher is better) PSPNet [219] 92 75 72 56
TerraPN 100 88 85 72
Norm. DWA [29] 0.965 1.001 1.076 1.141
Traj. TERP [153] 0.996 1.271 1.158 1.229
Length OCRNet [218] 1.389 1.084 1.403 1.287
(Close to 1 is better) PSPNet [219] 1.241 1.066 1.524 1.369
TerraPN 1.147 1.034 1.127 1.261
DWA [29] 2.334 1.678 1.518 3.652
Vibration TERP [153] 1.199 1.279 1.627 4.156
Cost OCRNet [218] 0.893 2.115 1.393 4.378
(lower is better) PSPNet [219] 0.967 2.384 1.424 4.456
TerraPN 0.766 1.329 1.166 2.886
DWA [29] 0.581 0.564 0.531 0.542
Mean TERP [153] 0.544 0.506 0.525 0.522
Velocity OCRNet [218] 0.561 0.532 0.529 0.515
(lower is better) PSPNet [219] 0.548 0.526 0.509 0.513
TerraPN 0.347 0.336 0.271 0.296

Table 4.1: Relative performance of our method TerraPN compared to other methods on various metrics.
We observe that TerraPN leads to the highest success rates in all the scenarios. Further, TerraPN results in
vibration cost decrease up to 21.52%, mean velocity reduction up to 46.76%, and shorter or comparable
trajectory lengths than the other segmentation methods in most of the scenarios. DWA and TERP take
shorter trajectories in some cases since they directly move toward the goal in the absence of obstacles and
elevation changes, without considering surface properties.

Method Inference Time (sec) | Training Time
OCRNet 0.052 10hrs and Smins
PSPNet 0.045 2hrs and 47mins
CGNet 0.015 9hrs and 53mins
TerraPN-50 0.055 20-25mins
TerraPN-non-uniform 0.029 20-25mins

Table 4.2: TerraPN’s inference time and training time compared to existing semantic segmentation
methods are executed on a laptop with Nvidia RTX2080 GPU. We observe that TerraPN’s non-uniform
sampling approach reduces the inference time significantly compared to PSPNet, OCRNet, and uniform
sampling of 50 x 50 patches (TerraPN-50). Even though CGNet outperforms all the other methods in
terms of inference time, it needs ~ 10 hours of training time to achieve satisfactory segmentation accuracy.
However, TerraPN achieves cost prediction results suitable for outdoor navigation within ~ 25 minutes of
training for 5 different surfaces.
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Figure 4.7: Robot trajectories when navigating in different unstructured terrains using our method,
TerraPN (green, yellow, red corresponding to different speed levels), DWA [29] (blue), TERP [153]
(orange), OCRNet-based (pink), PSPNet-based (purple) navigation schemes. (a) Scenario 1; (b) Scenario
2; (c) Scenario 3; (d) Scenario 5. We observe that TerraPN generates relatively shorter or comparable
trajectories that navigate the robot on low-cost surfaces (concrete, asphalt, etc). Further, TerraPN varies
the velocity appropriately when the robot encounters a relatively rough surface such as grass, rocks, dry
leaves, or mud, while other methods always navigate the robot at its maximum speed on all surfaces. This
leads to high vibrations and odometry errors in the robot. In (d), TerraPN moves slowly (red) throughout
its progress towards its goal. TERP takes a much longer trajectory to the goal based on elevation changes.
All other methods fail to reach the goal either due to incorrect segmentation (OCRNet, PSPNet) or high
odometry errors (DWA).

navigation, which results in cautious, slow trajectories near such surfaces. We observe a clear
differentiation of the surfaces (blue denoting low-cost surfaces) based on the robot’s current
velocity. Additionally, non-uniform patch sampling uses smaller patches in certain regions of
interest such as the boundaries between different surfaces, and even over a pedestrian’s shoes. In
all other regions, larger patches are used, achieving a good balance between the fineness of the
cost map and computation time.

OCRNet and PSPNet mostly segment different surfaces as traversable (green) and moderately
traversable (cyan). However, in many instances small regions of forbidden (red) and obstacle
(blue) classifications are observed. This results in wandering trajectories during navigation in
many scenarios. In some cases with grass and asphalt, both surfaces are considered to be equally
traversable. TerraPN on the other hand, clearly prefers asphalt over grass. This reflects the

discrepancy between obtaining labels from the robot-terrain interactions (in TerraPN), versus
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human annotations (prior segmentation methods).

In the case with red tiles and concrete (row 3), TerraPN predicts both surfaces to have
similar surface costs for the Husky robot, with high costs at the boundary between them (with
soil). TerraPN accurately correlates the texture of the red tiles (previously unseen) with the tiles
it has seen during training (similar to row 1 in Fig. 4.6). OCRNet predicts that the red tile surface
is forbidden, and concrete to be moderately traversable. PSPNet is more accurate. However, it
too has incorrect forbidden segmentation in the red tiles in some instances.

TerraPN sometimes does get confused. For example, in row 4, the different shades of the
asphalt are considered to be different surfaces and slightly different costs are predicted (green
versus blue). However, the small change in the predicted surface cost does not affect the robot’s

trajectories.

Navigation Performance: We evaluate TerraPN’s navigation performance both quantitatively
(Table 4.3) and qualitatively (Fig. 4.1 and 4.7) in our test scenarios. We do not report the metrics
for scenario 5 since other methods mostly failed to reach the goal. Quantitatively, we observe
that TerraPN leads to the highest success rates in all the scenarios. Other methods failed to reach
the goal by either traversing surfaces where the robot got stuck such as rocks (scenario 2), or mud
(scenario 3, 4). Or, in the cases of OCRnet and PSPnet, their trajectories wandered away from
the goal due to the mis-classification of certain surfaces as forbidden.

In terms of trajectory lengths, TerraPN is comparable or lower to the navigation methods
based on OCRnet [218] and PSPnet [219]. This is again due to wandering trajectories as explained
before. DWA and TERP take shorter trajectories in some cases since they directly move toward

the goal in the absence of obstacles and major elevation changes, without considering surface
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variations. However, in the cases where the normalized length is less than 1, DWA and TERP
wrongly assumed that the robot had reached its goal due to odometry errors (due to wheel slip)
while navigating with high velocities on high-cost surfaces. Although TerraPN’s trajectories
deviate to avoid high-cost surfaces, their normalized lengths are close to one. This is due to the
influence of the head() term in the objective function.

TerraPN also outperforms the other methods in terms of vibration costs in three scenarios
since its trajectories were on smooth, low-cost surfaces as much as possible (see Fig. 4.1 and
4.7) with appropriate speeds. In scenario 2, TERP outperforms TerraPN due to the presence of
concrete curbs. TerraPN could not distinguish the elevation changes between the ground and the
curb, and moved over its edge near the rocks (see Fig. 4.7b) in some trials. Since TERP uses
elevation maps to compute cost maps, it takes an overly conservative trajectory to avoid the curb.
OCRNet and PSPNet have higher vibration costs although they possess semantic information
about the terrains due to their longer, meandering trajectories.

In terms of mean velocity, we observe that TerraPN varies the robot’s speed when navigating
on different surfaces in the various scenarios (see yellow and red trajectories in Figs. 4.1, 4.7). All
other methods move towards the robot’s goal close to its maximum velocity (0.6 m/s). TerraPN’s
overall lower mean velocity varies depending on the number and type of surfaces in the scenario
(which also reflects on the vibration cost). The regions where TerraPN slowed down the robots
can be seen in Figs. 4.1 and 4.7. In the highly unstructured scenario 5, only TERP and TerraPN
reached the robot’s goal. TerraPN took a slow, cautious speed towards the robot’s goal while
TERP took a slow winding path based on the elevation changes it sensed in the terrain. DWA
moved fast directly toward the goal and stopped short of it due to odometry errors caused due to

the surface’s poor traction.
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Inference and Training Times: Table 4.2 compares TerraPN’s cost prediction inference time
with various semantic segmentation methods trained for outdoor environments. TerraPN’s inference
time when using a uniform patch sampling of 50 x 50 patches, is comparable to OCRNet and
PSPNet. However, our non-uniform patch sampling when using patches of side lengths 50, 100,
and 200 reduces the inference time by 47.27% compared to uniform sampling. For comparison,
we also include CGNet [220], an extremely lightweight (< 500K parameters) segmentation
network.

However, TerraPN’s cost prediction network trains in ~ 20 — 25 minutes to achieve a
performance suitable for navigation compared to ~ 3 — 10 hours need to train other networks
for satisfactory segmentation accuracy. Additionally, using TerraPN’s cost map leads to superior

navigational performance, as observed before.

4.3.5 Limitations

TerraPN must navigate on a surface to estimate the corresponding navigability costs. This
strategy cannot be applied on completely non-traversable surfaces (e.g. swampy or densely
vegetated terrains). Significant lighting changes in the environment could adversely affect the
surface cost prediction. Further analysis on the number of surfaces our method can learn effectively
must be conducted. TerraPN cannot distinguish subtle elevation changes in the same or similar
surfaces due to the unavailability of depth and elevation inputs to the system.

Since TerraPN is fundamentally formulated for a wheeled robot, it is limited by the robot’s
dynamics. Therefore, it cannot be directly applied to deal with dense outdoor vegetation since

wheeled robots have a high probability of getting entrapped in such settings. VERN, presented
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in the next section, is formulated to navigate a legged robot through dense vegetation.

4.4 VERN

In this section, we provide some background (section 4.4.1) on the concepts used in VERN.
Next, we explain VERN’s perception formulation in section 4.4.2 and its navigation formulation
in section 4.4.3, elaborate the details of its implementation and evaluations in section 4.4.4, and

discuss its limitations in section 4.4.5.

4.4.1 Preliminaries

In this section, we provide our problem formulation, and briefly explain siamese networks
used for vegetation classification. For navigation, VERN extended DWA'’s formulation explained

in section 4.3.1.2. Our overall system architecture is shown in Fig. 5.3.

4.4.1.1 Setup and Conventions

We assume a legged robot setup with holonomic dynamics equipped with a 3D LiDAR (that
provides point clouds and 2D laser scans) and an RGB camera. Certain quantities are measured
relative to a global coordinate frame (referred to as odom hereafter) with the robot’s starting
location as its origin. Some quantities are relative to a cost map grid moving with and centered at
the robot. The quantities can be transformed between these frames using transformation matrices
TS or T§. The reference frame for each quantity is indicated in the superscript (O or C') of its
symbol. We denote vectors in bold, and use symbols such as i, j, row, col as indices. Apart from

its pose w.r.t odom, the robot does not have access to any global information.
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4.4.1.2 Problem Domain

We consider navigation in environments containing three kinds of vegetation together: 1.

Tall grass, 2. Bushes/shrubs, and 3. Trees. We make the following assumptions about the three

types.

Properties of Vegetation: Tall grass is pliable (therefore traversable), with height > 0.3m
(could be taller than the height the robot’s sensors are mounted at), and could be of varying
density in the environment. Bushes/shrubs (height 0.1 — 0.5m), and trees (height > 2m) are

non-pliable/untraversable and must be circumvented.

Adverse Phenomena: Navigating through such vegetation, the robot could encounter three
adverse phenomena: 1. Freezing, 2. Physical entrapment in vegetation, and 3. Collisions. The

conditions for these phenomena are,
1. Freezing: V., = @,

2. Entrapment: (v*,w*) # (0,0) but AzQ, = AyQ, = A9, =0,

rob —

3. Collisions: dist(robot, {bushes/trees}) = 0.

Here, V, refers to the robot’s feasible, collision-free velocity space. (v*,w*) is the velocity
commanded by the robot’s planner, and Az?,, AyQ,. A9, refer to the robot’s change in position
and yaw orientation relative to the global odom frame. Freezing occurs in densely vegetated
environments if the planner cannot find any collision-free velocity to reach its goal. To avoid
this, the robot must accurately identify pliable vegetation to navigate through. The robot could
also get physically entrapped in dense vegetation if its legs are caught in grass, small branches of
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bushes, etc. Finally, the robot could collide if its planner misclassifies a non-pliable obstacle as
pliable.

With these definitions, VERN’s problem formulation can be stated as follows: To compute a
robot velocity (v*,w*) such that traj®(v*,w*) € Free® U Grass®, traj®(v*,w*) ¢ Tree® U
Bush©, assuming that Tree® N Grass® = Tree® N Bush® = Bush® N Grass® = @.
Here, Tree®, Bush®, Grass® represent the sets of locations containing trees, bushes, and grass,
respectively that were detected by the robot w.r.t the odom frame. Free® represents free space
locations. tra;j®() returns the forward-simulated trajectory of a (v, w) pair relative to the odom
frame. We assume that the robot can balance and walk on all the terrains we consider. We also
assume that the robot never encounters a scene with no free space and only non-pliable vegetation

(an unresolvable scenario).

4.4.1.3 Siamese Networks

Siamese networks [221] are a class of neural networks used for one-shot or few-shot
learning (learning with very few samples). They use two sub-networks with identical network
structures, parameters, and weights, and are connected at the end using an energy function (e.g.,
L2 norm). They accept two distinct images as inputs for the two sub-networks and are trained
to map similar images close to each other in a low-dimensional latent space. Dissimilar images
have latent representations that are mapped far away from each other.

Siamese networks are typically used for verification, and identification tasks (e.g., facial
recognition) where the number of training images is low. Moreover, since they are trained to

identify the similarity between images, the training dataset does not require any human annotation.

142



Vegetation
Classifier

RGB Image

Yes Holonomic

Identify Estimate
Critical Vegetation Recovery
Obstacles Height Proceed to
No Goal
Multi-view Cost Maps
Figure 4.8: VERN’s overall system architecture for vegetation classification to estimate

pliability/traversability. Our model uses classification, its confidence, and vegetation height to create a
vegetation-aware cost map C'y 4 used for planning. In high traversability cost regions, our planner executes
cautious behaviors by limiting the robot’s velocity space. If the robot freezes or gets entrapped, it executes
holonomic recovery behaviors.

Using them allows our classifier to be trained with a few hundred of images corresponding to each

class. Our classifier’s network architecture using siamese networks is shown in Fig. 4.9.

4.4.2 VERN: Vegetation Classification

In this section, we first explain VERN’s perception components that train a vegetation
classifier and integrate it with a cost map.

Our vegetation classifier uses an RGB image (ItRGB ) obtained from a camera on the robot
at a time ¢ as input. Although a plant’s structure is well preserved in an image, using the entire
image for classification is infeasible because the scene in 1P typically contains two or more

types of vegetation together. Therefore, we split 178

into four quadrants (), (top-left), ()5 (top-
right), Q3 (bottom-left), ()4 (bottom-right) as shown in Figs. 4.9, 4.10. A quadrant predominantly
contains a single type of vegetation typically (see Fig. 4.10).

We classify vegetation in the quadrants into four classes: 1. sparse grass, 2. dense grass, 3.
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bush, and 4. tree. We separate sparse and dense grass due to their visual dissimilarity.

4.4.2.1 Data Preparation

To create the training dataset, images collected from different environments are split into
quadrants and grouped together manually based on the vegetation type predominant in a quadrant.
Next, pairs of images are created either from the same group or from different groups. The pair
with similar images (same group) is automatically labeled 1, or O otherwise. The entire data
preparation process takes about 30-45 minutes of manual effort. The obtained image pairs and

the corresponding labels are passed into the classification network for training.

4.4.2.2 Network Architecture

Our vegetation classifier network consists of two identical feature extraction branches to
identify the similarity between input image pairs. Our feature extraction branches are based
on the MobileNetv3 [222] backbone. We choose MobileNetv3 because it incorporates depth-
wise separable convolutions (i.e., fewer parameters), leading to a comparatively lightweight and
fast neural network. The outputs of the MobileNetv3 branches (7, and hy) are one-dimensional
latent feature vectors of the corresponding input images. The Euclidean distance between the
two feature vectors is calculated and passed through a sigmotd activation layer to obtain the
predictions.

We utilize the contrastive loss function, which is capable of learning discriminative features
to evaluate our model during training. Let ¢ be the prediction output from the model. The

contrastive loss function J is:
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Figure 4.9: VERN’s classification network architecture. Quadrants of the real-time camera image are
paired with several reference images for each class and fed into the two identical branches of our network.
Example reference images for each class are shown at the bottom.

J=19-d*+ (1 —9) - max(margin — d,0)?, (4.15)

where d is the euclidean distance between the feature vectors hy and hy. Margin is used

to ensure that dissimilar image pairs are at least margin distance apart.

4.4.2.3 Network Outputs

During run-time, the quadrants ()1, ()2, ()3, and (), are each paired with several reference
images of the four classes. The several reference images per class have different viewpoints and

lighting conditions. They are fed into the classifier model F as a batch to obtain predictions as,

F(Q1,Qa,Q3,Qu) = Via| (Vij €[0,1]) 4,5 € {1,2,3,4}. (4.16)

174X 4 1s the output prediction matrix whose values ‘71 ; correspond to the least euclidean distance
of the quadrant (); from any of the reference images for the j* class. The closer ‘N/” is to 0, the

145



higher the similarity between (); and class j.
We extract two outputs from Vixa. Namely, for each quadrant ();: 1. the vegetation class

that is most similar to it (v;), and 2. the corresponding similarity score (d;):

v = argminffi,j, and d; = ‘7” (4.17)

J

For readability, hereafter we denote v; as belonging to the Pliable Vegetation (PV) set if v; = 1
or 2 (sparse/dense grass), and to the Non-Pliable Vegetation (NPV) set if v; = 3 or 4 (bush/tree).

We define the confidence of classification «; as,

Ky = e >, (4.18)

where « is a tunable parameter. We observe that d;, - 0 =—> k; — 1, and vice versa.

4.4.3 VERN: Navigation in Dense Vegetation

We use occupancy grids/cost maps generated using 2D LiDAR scans to detect obstacles

around the robot. Our cost map can be defined as,

C.(row,col) = {p | p € {0,100} }. (4.19)

Here, z is the height (along the robot’s Z-axis) at which the 2D scan is recorded on a plane parallel
to the ground. p is a binary variable representing if an obstacle is present at (row, col) of the cost
map. In a densely vegetated environment, C, contains obstacles in all the locations where the
LiDAR’s scans have a finite proximity value. However, it does not account for the pliability

of certain types of vegetation, which makes them passable and therefore not true obstacles.
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Therefore, we use the classification results, its confidence (section 4.4.2.3), and estimated vegetation

height to augment our cost map prior to navigation.

4.4.3.1 Multi-view Cost Maps

To estimate the height of the environmental obstacles, we use three cost maps of equal
dimensions Cjgy, Crnia, and Chgp, corresponding to 2D scans from three different heights in 3D
LiDAR’s point clouds. The cost maps correspond to a height lower, equal to, and higher than
the height at which the robot’s 3D LiDAR is mounted, respectively. Cj,,, contains obstacles of
all heights around the robot. C),;; and C},,, contain taller obstacles such as tall grass, trees,
walls, humans, etc. Using only three views instead of projecting the entire point cloud onto a
2D plane reduces the computation burden. It also helps identify truly tall obstacles and avoids
misclassifying overhanging leaves from trees as tall obstacles.

We consider tall obstacles as critical obstacles due to the high probability of them being
solid obstacles such as trees and walls. To identify critical obstacles, we perform the element-

wise sum operation as follows,

Ccm't = C’high @ Cmid @ Clow- (420)

Corit(row, col) € {0,100, 200, 300}, and regions with higher costs contain critical obstacles.

4.4.3.2 Vegetation-aware Cost Map

To combine v;, x; and C,,;;, we must correlate the regions viewed by quadrants ()1 23 4 in

IFSB with the corresponding regions in Cl.;.
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Homography: To this end, we apply a homography transformation H to project 175 onto the
cost map. Let reg() denote a function that returns the real-world (z, y) coordinates corresponding
to a region of a cost map or image. We obtain the image quadrant relative to the cost map (see

green/red rectangles in Fig. 4.10 bottom) as,

QY = {(row, col)|reg(C(row, col)) = reg(H(Q;))}. 4.21)

Cost Map Clearing: We now use v;, k;, C.ir, and Qic to clear/modify the costs of the grids in
Clow- We choose to modify and plan over (', since it detects obstacles of all heights. First, we
calculate the normalized height measure (between 0 to 7/2) of the obstacles in each quadrant i

using C,,.;; as,

™

hi = mean(Ceit(QS))/ Cmaz - oL (4.22)

where, ¢4, = 300 the maximum value in C,.;;. Next, in each quadrant Qic of C,, we modify

the cost as,

clear(k;, h;)

Cva(QF) = Ciow(QF) - (4.23)

mazx(clear(k;, h;))

Wyorg - (1 — Ky) + 2 if 9, is PV

™

clear() = (4.24)
(wNpV “ K + prv> + Sin(hﬁ if v;is NPV.

Here, Cy 4 is a vegetation-aware cost map, ws, Wy, Wy py, and by py are positive constants satisfying
the condition wy; > wy, and bypy > wy + 1. The weights w, and w, are used when v; is sparse
and dense grass respectively. We incorporate sin(.) for NPV to ensure that the significantly tall

obstacles have higher costs and differentiable cost values from short obstacles. In contrast, we
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consider a linearly varying cost function w.r.t. the vegetation height for PV since the resistance

to the robot from pliable tall objects is correlated with their height. We note that sin(h;) > 2':"
for h; € [0, 7/2].

For PV classifications, low confidence and tall vegetation lead to higher navigation costs.
Intuitively, this leads to the robot preferring to navigate through high-confidence, and short pliable
vegetation whenever possible. Conversely, for NPV classifications, high confidence, and tall
vegetation lead to higher costs since such regions should definitely be avoided. Accounting for

low-confidence classifications in the formulation helps handle misclassifications and assign costs

accordingly.

Proposition 4.4.1. The clear() function modifies Cy,,, such that traversability costs in PV regions

are always lower than in NPV regions.

Proof. The maximum cost for PV is wy+ 1 (when x; — 0 and h; — 7/2), and the minimum cost
for NPV is by py (When k; — 0 and h; — 0). Conditions w, < wg, and bypy > wy+1 = max
cost of PV < min cost of NPV. Therefore, in the absence of free space, the robot always navigates
through PV and avoids NPV regions. Therefore, regions with PV will always be preferred for

navigation. u

4.4.3.3 Cautious Navigation

We adapt DWA (section 4.3.1.2) to use our vegetation-aware cost map for robot navigation.
We calculate the obstacle cost (obs(.)) associated with every (v, w) pair by projecting its predicted

trajectory traj“ (v, w) relative to the cost map over Cy, 4 and summing as,

obs(v,w) = Z Cy a(row, col). (4.25)

(row,col)€trajc (v,w)
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Next, we compute the total cost Q(v,w) (equation 4.1). The (v,w) that minimizes this cost
is used for navigation. In some cases, the robot might have to navigate a region with high
traversability cost (represented say in Q) which typically occurs with NPV. To imbibe cautious
navigation behaviors for such scenarios, we stunt the robot’s complete velocity space as V, =

[[O, R+ Umaa}]a R+ [_wmaara Wmaa:”-

4.4.3.4 Recovery Behaviors

In highly dense vegetation or in regions with low confidence classifications, the robot could
still freeze or get physically entrapped. We observe that Spot’s high degrees of freedom and
superior dynamics allow it to recover itself from such situations if it avoids rotational motions.
Therefore, we propose holonomic recovery behaviors to recover Spot from such situations. To
this end, the robot periodically stores safe® locations relative to the odom frame whenever the
conditions for freezing or entrapment (section 4.4.1.2) are not satisfied. If the conditions are
satisfied, the robot stores its current location into an unsafe® location list and chooses a safe

location such that,

unsafe’ = TOC -unsafe®, (4.26)

Cya(unsafe®) = oo, (4.27)

p, = argmin (dist(go, po)) ,s.t (PO —P9,) € Free® N Grass©, (4.28)
pPesafe

[Ur? Uy] = kp ’ [prec - prob]' (429)

Here, p?ec, gO, and p%b are the safe location chosen to recover to, the robot’s goal and current
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M Non-pliable ™ Pliable Tall/Critical obstacles m Short obstacles ™ Robot

Figure 4.10: Snapshots of the vegetation classification results on RGB images (top), and the
corresponding cost maps Cy 4 marked with critical obstacles (bottom) from trials in scenarios 2 (left),
3 (center), and 4 (right). A green/red rectangle in a quadrant Q1234 in the RGB image represents a
PV/NPV classification respectively. The same quadrants are projected onto the cost maps (Qlc:m’ 4) along
with their classifications for visualization. The cost for the vegetation within the green regions is reduced
significantly using equation 4.24. The encircled regions in each cost map correspond to an obstacle in the
RGB image. [Left]: White - Tree, Blue - Tall grass, [Center]: White - Tree, Blue - Bush, [Right]: White
- Tree, Blue - Human. Our classifier accurately detects trees, and bushes as non-pliable/untraversable,
and tall grass as traversable. In scenario 4, it accurately detects the human as untraversable due to its
dissimilarity with all training classes and tall height.

location. The condition in equation 4.28 ensures that the line connecting the robot and the
recovery point only lies in traversable regions. Once the robot recovers, it proceeds to its goal

after marking the unsafe location with high costs in Cy 4 to circumvent it.

4.4.4 Results and Analysis

We detail our method’s implementation and experiments conducted on a real robot. Then,

we perform ablation studies and comparisons to highlight VERN’s benefits.
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—— VERN (Ours)

Figure 4.11: Spot robot navigating in: [Left] Scenario 1, [Center] Scenario 2, and [Right] Scenario 4.
We observe that VERN navigates through pliable/traversable vegetation in the absence of free space. This
leads to significantly higher success rates, low freezing rates, and trajectory lengths. Other methods either
freeze or take long, meandering trajectories to the goal.

4.4.4.1 Implementation and Dataset

VERN?’s classifier is implemented using Tensorflow 2.0. It is trained in a workstation with
an Intel Xeon 3.6 GHz processor and an Nvidia Titan GPU using real-world data collected from
a manually teleoperated Spot robot. The robot is equipped with an Intel NUC 11 (a mini-PC with
Intel i7 CPU and NVIDIA RTX 2060 GPU), a Velodyne VLP16 LiDAR, and an Intel RealSense
L515 camera. The training images (~ 600 per class) were collected from various environments
in the University of Maryland, College Park campus. Our model takes about 6 hours to train for

55 epochs.

4.4.4.2 Evaluations

We use the following evaluation metrics to compare VERN’s performance against several
navigation methods: 1. Boston Dynamics’ in-built autonomy on Spot, 2. DWA [177], 3. GA-
Nav [172], and 4. GrASPE [176]. Spot’s in-built autonomy uses its stereo cameras in four
directions around the robot, estimates obstacles, and navigates to a goal. DWA is a local planner

that utilizes a 2D LiDAR scan for obstacle avoidance. GA-Nav combines semantic segmentation

152



for terrain traversability estimation with elevation maps for outdoor navigation. It is trained
on publically available image datasets (RUGD [223] and RELLIS-3D [224]). GrASPE is a
multi-modal fusion framework that estimates perception sensor reliability to plan paths through
unstructured vegetation. We further compare VERN without height estimation and recovery

behaviors. The metrics we use for evaluations are,

Success Rate - The number of successful goal-reaching attempts (while avoiding non-

pliable vegetation and collisions) over the total number of trials.

* Freezing Rate - The number of times the robot got stuck or started oscillating for more
than 5 seconds while avoiding obstacles over the total number of attempts. Lower values

are better.

* Normalized Trajectory Length - The ratio between the robot’s trajectory length and the

straight-line distance to the goal in all the successful trajectories.

 False Positive Rate (FPR) - The ratio between the number of false positive predictions
(i.e., actually untraversable/non-pliable obstacles predicted as traversable) and the total
number of actual negative (untraversable) obstacles encountered during a trial. We report

the average over all the trials.

If the sum of the success and freezing rates do not equal 100, it indicates that the robot has collided
in those cases. We also compare these methods qualitatively using the trajectories pursued while
navigating. For perception comparisons, we quantitatively evaluate the accuracy and F-score of
MobileNetv3 [222], EfficientNet [225], and Vision Transformer [226] when trained and evaluated

on our dataset. We also show VERN’s classification results and cost map clearing in Fig. 4.10.
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4.4.4.3 Navigation Test Scenarios

We compare the performance of all the navigation methods in the following real-world
outdoor scenarios (see Figs. 4.2 and 4.11) that differ from the training environments. The
scenarios are described in increasing order of difficulty. Ten trials are conducted in each scenario

for each method.

* Scenario 1 - Contains sparse tall grass, and trees.

* Scenario 2 - Contains trees and dense tall grass in close proximity. The robot must identify

grass and pass through it to reach its goal successfully.

* Scenario 3 - Contains trees, bushes, and dense grass in close proximity. The robot must

identify grass and pass through it. See Fig. 4.2

* Scenario 4 - Contains dense grass, trees, and an obstacle (human) unseen during training.

4.4.4.4 Analysis and Discussion

Classification Accuracy: We observe from Table 4.4 that MobileNetv3 has the best accuracy
and F-score compared to other methods. EfficientNet is difficult to train and tune especially due
to longer training time requirements. Similarly, ViT requires a lot more data for training and is
not compatible with the Siamese network framework.

Navigation Comparison: The quantitative navigation results are presented in Table 4.3.
We observe that VERN’s (with height estimation used in equation 4.24 and recovery behaviors)

success rates are significantly higher compared to the other methods. Spot’s in-built planner and

154



Metrics Method Scenario Scenario Scenario Scenario
1 2 3 4
Spot’s Inbuilt Planner 50 0 0 0
Success DWA [177] 80 0 0 0
Rate (%) GA-Nav [172] 60 20 30 30
(Higher is GrASPE [176] 80 60 50 40
better) VERN w/o height estimation 80 60 40 30
VERN w/o recovery behavior 100 60 40 40
VERN(ours) 100 90 70 70
Spot’s Inbuilt Planner 30 100 100 90
Freezing DWA [177] 20 100 100 100
Rate (%) GA-Nav [172] 40 80 70 70
(Lower is GrASPE [176] 10 20 20 50
better) VERN w/o height estimation 20 40 40 70
VERN w/o recovery behavior 0 40 60 60
VERN(ours) 0 10 20 30
Norm. Spot’s Inbuilt Planner 1.23 0.37 0.24 0.22
Traj. DWA [177] 1.52 0.46 0.34 0.62
Length GA-Nav [172] 1.31 1.39 1.32 1.49
(Closer to 1 GrASRE [176]. ' 1.18 1.09 1.46 1.37
is better) VERN w/o height estimation 1.39 1.41 1.35 1.30
VERN w/o recovery behavior 1.42 1.48 1.46 1.39
VERN(ours) 1.11 1.19 1.28 1.23
False GA-Nav [172] 0.33 0.39 0.30 0.61
Positive GrASPE [176] 0.25 0.31 0.28 0.44
Rate EfficientNet [225] 0.28 0.23 0.32 0.35
VERN(ours) 0.15 0.18 0.12 0.21

Table 4.3: Navigation performance of our method compared to other methods on various metrics. VERN
outperforms other methods consistently in terms of success rate, freezing rate, false positive rate, and

normalized trajectory length in different unstructured outdoor vegetation scenarios.

DWA consider all vegetation as obstacles. This leads to Spot becoming unstable or crashing when

using its in-built planner and leads to excessive freezing and oscillations when using DWA.

GA-Nav considers all vegetation (except trees) as partially traversable because it segments
most flora as grass. It also cannot differentiate vegetation due to the lack of such precisely human-
annotated datasets. Additionally, in cases where vegetation like tall grass partially occludes the
RGB image (see scenario 2 in Fig. 4.11 [center]), GA-Nav struggles to produce segmentation

results leading to the robot freezing or oscillating. In regions with tall grass, GA-Nav’s elevation

maps also become erroneous.
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Methods Accuracy | F-score

MobileNetv3 [222] 0.957 0.833
EfficientNet [225] 0.758 0.632
Vision Transformer (ViT) [226] 0.689 0.546

Table 4.4: The accuracy and F-scores (higher values are better) of three feature-extracting backbones
used to train our dataset. We observe that our MobileNetv3 has the best accuracy and F-score because of
its depth-wise separable convolutions. This leads to faster and better learning.

GrASPE performs the best out of all the existing methods. It is capable of passing through
sparse grass and avoiding untraversable obstacles. However, in highly dense grass that is in close
proximity to trees, GrASPE is unable to accurately detect and react quickly to avoid collisions
with trees.

Since some existing methods do not reach the goal even once, their trajectory lengths are
less than 1. The values are still reported to give a measure of their progress toward the goal.
Spot’s in-built planner progress the least before the robot froze or crashed. In some cases, the
methods take meandering trajectories (e.g. DWA) in scenario 1 before reaching the goal. Notably,
VERN deviates the least from the robot’s goal and that reflects in the low trajectory length.

FPR: We compare VERN’s vegetation classifier’s false positive rate (FPR) with GA-Nav and
the EfficientNet-based classifier using manual ground truth labeling of the vegetation in the trials.
We observe that GA-Nav leads to a significantly high FPR in all four scenarios primarily because
GA-Nav’s terrain segmentation predictions are trained on the RUGD dataset. Moreover, GA-
Nav’s incorrect segmentation under varying lighting conditions and occlusions increases the false
positive predictions. GrASPE and the EfficientNet-based classifier are trained using the same
images we used to train VERN. However, we observe that their accuracy is comparatively lower
than our VERN model. This is primarily due to the fine-grained feature learning capabilities of

VERN’s MobileNetv3-based backbone. Additionally, GrASPE’s predictions lead to erroneous
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results when its 3D point cloud cannot identify the geometry of the vegetation such as trees and
bushes under visually cluttered instances.

Ablation study: We compared VERN and its variants without using height estimation,
and recovery behaviors. We observe that when the height estimation is not used for cost map
clearing, the robot’s success rate drops. This is mainly because height helps differentiate short
and tall pliable vegetation (where the robot could freeze). Additionally, estimating the critical
regions based on the height helps avoid obstacles such as humans (Scenario 4) which are not part
of our classifier.

Using recovery behaviors helps reduce freezing in the presence of dense obstacles (especially
in scenarios 2, 3, and 4). Additionally, moving the robot to a safe location, and marking and
remembering the unsafe region allows the robot to preemptively avoid the region in subsequent

trials.

4.4.5 Limitations

Our primary navigation assumes non-holonomic robot dynamics to utilize DWA’s dynamic
feasibility guarantees. However, the legged robot dynamics are holonomic, and further investigation
is required to extend our method to relax its action constraints. We assume that the different kinds
of vegetation are not intertwined with one another. This may not be the case in highly forested
environments. VERN could lead to collisions in the presence of thin obstacles such as branches

that are not detected in the cost maps.
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4.5 Summary

In this chapter, we presented two methods for navigating unstructured terrains by accounting
for their surface properties, and dense vegetation, by estimating its pliability. Both methods use
perception models based on DNNs, and require no or minimal human labeling.

In the first part of this chapter, we presented TerraPN, an approach that used self-supervised
learning to identify the surface characteristics in complex outdoor environments to perform autonomous
robot navigation. Our method incorporated RGB images of surfaces and the robot’s velocities as
inputs, and the IMU vibrations and odometry errors encountered by the robot while traversing on
a surface as labels for self-supervision. The trained self-supervised network generated a surface
navigability cost map that differentiated smooth, high-traction surfaces from bumpy, deformable
surfaces. We introduced a novel navigation algorithm that accounts for the surface cost, computes
cost-based acceleration limits for the robot, and computes dynamically feasible and collision-free
trajectories.

In the second part of this chapter, we presented VERN, an algorithm to navigate a legged
robot in densely vegetated environments with various traversability. We utilized a few-shot
learning classifier trained on a few hundred quadrants of RGB images to distinguish vegetation
with different pliability with minimal human annotation. This classification model was combined
with the estimated vegetation height (from multiple local cost maps), and classification confidence
using a novel cost map clearing scheme. Using the resulting vegetation-aware cost map, we
deployed a local planner with recovery behaviors to recover the robot if it freezes or gets entrapped
in dense vegetation.

TerraPN and VERN were implemented on a real Clearpath Husky and a Boston Dynamics
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Spot robot, respectively. TerraPN was evaluated and demonstrated in unstructured terrains with
rocks, mulch, deformable muddy surfaces, etc. VERN was evaluated in several densely vegetated
environments with tall grass, bushes, and trees in close proximity.

An important limitation of these methods is their dependence on well-lit conditions, since
their perception is primarily RGB image based. TerraPN’s self-supervised learning helps more
accurately characterize terrain traversability. However, this requires the robot to first traverse
these terrains during training, which is not possible for completely non-traversable terrains.
VERN, assumes that different kinds of vegetation are separated enough to be visually detectable.

Such limitations may be overcome with fusing information from multiple sensor modalities.
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Chapter 5:  Perceiving Complex Obstacles and Contexts in Indoor and Outdoor

Environments

5.1 Overview

The methods discussed in chapters 2, 3, and 4 have been specifically formulated for a
particular domain (indoor or outdoor), and challenge (crowds, unstructured terrains, vegetation).
This chapter discusses methods that address the challenges in sensing, and navigation in both
indoor and outdoor environments. We first discuss these challenges here.

While navigating indoor and outdoor settings, robots face a variety of complex obstacles
of various sizes, densities/solidities, and opacities that are challenging in terms of the robot’s
perception, and navigation. For instance, contemporary indoor environments contain objects
such as string/beaded curtains, transparent surfaces such as glass walls [17,227], etc. Outdoor
scenarios, on the other hand, have complex vegetation such as pliable tall grass, bushes, trees,
etc. in close proximity to and intertwined with each other. A major challenge, and an important
requirement for autonomous navigation, is differentiating truly solid and impassable obstacles
(furniture, glass surfaces, bushes, trees, etc.) from obstacles that can be passed through (beaded
curtains, tall grass, etc).

To first detect obstacles, mobile robots have predominantly used RGB and depth images
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[228], 2D LiDAR scans [177], 3D point clouds [229], etc. The raw data from these sensors has
been used to: (1). Estimating the proximity of objects in the robot’s vicinity; (2). Computing a
variation of an occupancy grid [230] or a cost map representation that indicates both an obstacle’s
size and distance from the robot; or (3). Segmenting the scene to assess obstacles’ size, distance,
and semantic meaning [231,232]. Although such approaches have been used to aid navigation,
they may not work well in environments composed of thin, pliable/bendable, and transparent
obstacles. For instance, time-of-flight sensors such as depth cameras and LiDARs tend to detect
thin, pliable, and passable obstacles (e.g. string curtains, tall grass) as solid obstacles that the
robot must avoid [233]. On the other hand, transparent objects such as glass remain undetected
since the laser rays mostly pass through them, leading to collisions during navigation. Similarly,
perception methods using RGB images may not work well in terms of detecting transparent
objects and visually similar but structurally dissimilar vegetation. Moreover, they are severely
affected by the environment’s lighting changes.

Another important aspect of autonomous navigation is generating behaviors that are apt
for the robot’s current context/scenario. The socially-compliant indoor navigation methods of
chapters 2 and 3, and the outdoor navigation methods in chapter 4 generate such apt behaviors
given a challenging context. However, all these methods were formulated to exhibit specific
behaviors in a single context, and do not exhibit new behaviors in novel contexts. For example,
TerraPN cannot exhibit socially compliant behaviors, and Frozone cannot prefer to navigate on
pavements instead of sand. The robot perceiving and understanding its current context, and
adapting its behaviors accordingly (akin to humans) is the next step of generalized autonomous
navigation.

Humans are able to effectively navigate all these environments because we identify the
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surrounding scenario or context (e.g. indoor hallway, outdoor terrain, etc), and follow certain
explicit (e.g. crossing roads at crosswalks) and implicit (e.g. keep to one side of a corridor
[234,235]) social rules, and preferences (e.g. walk on well-paved surfaces). Existing navigation
and perception methods are limited in their applicability. Conversely, Large Language Models
(LLMs) [236-240] that use only text inputs and subsequently large Vision Language Models
(VLMs) that use both RGB images and text prompts as inputs [237,238,240,241] have overcome
this generalization limitation to a large extent. They have demonstrated impressive zero-shot
classification [242,243], semantic visual understanding [244], and logical reasoning capabilities
[245] in various tasks involving embodied vision language navigation [246,247], open vocabulary
manipulation [248,249], etc. These capabilities would be beneficial for perceiving and reasoning
about complex indoor and outdoor environments during autonomous navigation.

However, there are a few key challenges in using large VLMs for navigating mobile robots.
Due to their large model size and high memory and computational demands, these models cannot
be run on robot-mounted edge processors. They typically require several seconds to process
queries and the response time varies based on the size of the queries [250]. Therefore, current
VLMs cannot be queried for safety-critical tasks such as real-time collision avoidance with
dynamic obstacles. Additionally, queries should be succinct and account for the environment’s
context to elicit quick and accurate responses.

To address the problems of detecting complex indoor and outdoor obstacles, and generating

context-aware navigation behaviors, we propose the following methods:

* Multi-layer Intensity Maps (MIMs) (section 5.3, Fig. 5.1), a novel obstacle representation

constructed from the intensities of the reflected points in a point cloud. In addition to an
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Figure 5.1: Comparison of trajectories while navigating using our Multi-layer Intensity Maps (MIM),
DWA with laser scan [177], DWA with occupancy map [230], Spot’s Inbuilt Autonomy, and VERN [251]
in complex vegetation. The MIM for the scenario is shown in the top right, with the robot in pink, its goal
in blue, passable obstacles such as tall grass in green, and the robot’s trajectory overlayed for reference.
MIMs help differentiate solid objects such as trees even when they are intertwined with tall grass. Other
methods for robot perception in this case either freeze or collide with the solid obstacles.

object’s height and size, the multi-layer intensity map also reflects its true density/solidity.
MIMs can also be used to detect transparent obstacles such as glass, and thin passable
objects such as string curtains indoors, and tall grass outdoors. We also present an adaptive
inflation strategy that assesses the detected solid obstacles (e.g. concrete and glass walls,
furniture indoors, and bushes and trees outdoors) to enlarge them in the multi-layer intensity
map for efficient planning. Our strategy handles narrow scenarios such as doors, corridors,

and passages between dense vegetation and trees, where existing navigation schemes freeze.

* CoNVOI (section 5.4, Fig. 5.2), a context-based navigation method that harnesses the
zero-shot image classification, and logical reasoning capabilities of VLMs. CoNVOI uses
a novel context-based prompting method that involves querying a compact VLM [242] to

determine the robot’s environment context (e.g., indoor corridors, outdoor terrains, crosswalks).
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CoNVOI then utilizes a predefined text prompt that describes a context-based navigation
behavior and a marker-overlayed RGB image to a large VLM [237,239, 240] to generate
a reference trajectory for the robot. The marker overlayed image is created using a multi-
modal visual marking method that enhances the RGB image inputs to a large VLM by
overlaying visual markers/numbering on obstacle-free regions, aiding the VLM to focus
on navigable regions, comprehending spatial relationships and underlying terrains across
different regions within the image. Using CoNVOI’s context-based text prompts and marked
images help generate reference trajectories that adhere to explicit and implicit social rules
while also mimicking human preferences (e.g. walking on pavement, crossing at crosswalks,

etc).

The rest of this chapter is organized as follows. In section 5.2, we discuss the related works
in sensing complex indoor and outdoor environments, and the recent advances in VLMs that
can bring context understanding and logical reasoning to robot navigation. Sections 5.3 and 5.4
explain MIMs’ methodology to sense challenging indoor and outdoor obstacles, and CoNVOI to

generate context-aware navigation behaviors. We finally summarize this chapter in section 5.5.

5.2 Related Work

In this section, we survey the previous sensing methods for detecting complex indoor and
outdoor obstacles and their limitations that MIM addresses, and the recent work in VLMs that

forms the foundations for CoNVOI.
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— robot stays on the crosswalk. |
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Figure 5.2: [Top]: The trajectories of a Spot robot crossing the road when using CONVOI with GPT-
4v [237] (in green), CoNVOI with Gemini [240] (in purple), teleoperated by a human (in red), GA-Nav
[18], and DWA [29]. CoNVOI navigates the robot on the crosswalk by understanding the environmental
context. [Bottom]: The trajectories when the Spot robot navigates to a goal beyond a blockade. While
using CoNVOI, handling such scenarios can be added on the fly using a simple text prompt without any
reformulation. The RGB images from the robot are shown with CoNVOI’s multi-modal visual marking
(numbers in yellow). GPT-4v/Gemini is queried with the marked image and a context-based text prompt in
quotes, and it returns the green reference path that follows explicit, and implicit social rules, and human-
like preferences during indoor and outdoor navigation.

5.2.1 Sensing using Point Cloud Intensity

The importance of intensity information in LiDAR point cloud data has been an emerging
focus in robotics [252-254]. Some methods investigate the use of intensity information alongside

geometric features to enhance point cloud classification methods in outdoor settings [255]. These
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methods highlight the potential of using the intensity information to provide a better understanding
of obstacles, particularly when scene illumination is not consistent. Other methods include
the ISHOT descriptor [256], which combines geometric and intensity data for improved place
recognition. Lidar intensity maps have been also used for localization [257-259]. In [257], the
authors present a robust Graph-SLAM framework that improves map accuracy for autonomous
vehicles by encoding road surfaces based on LIDAR reflectivity. Moreover, the application of
LiDAR intensity in visual navigation tasks has been explored. For instance, [260] introduces
a LiDAR-intensity-image pipeline and demonstrates its performance in visual odometry (VO)
and visual teach and repeat (VT&R) tasks. Lidar intensity maps have also been leveraged
for various other applications, including orthoimage generation [261] and anisotropic surface

detection [262].

5.2.2 Detecting Indoor Obstacles

Object detection in indoor settings has been widely studied for numerous applications
including robot navigation, mapping, and computer graphics. Popular solutions in the literature
include vision-based object detection and semantic segmentation approaches due to the structuredness
of indoor environments. Moreover, the generation of necessary image datasets is feasible due to
the limited diversity of indoor objects. However, detecting non-opaque objects such as glass
remains a formidable challenge for vision-based systems due to the lack of visual clues. The
method in [17] proposes GDNet, a glass detection network that identifies abundant contextual
cues for glass detection using a large-field contextual feature integration (LCFI) module. UCTNet

[231] proposes a cross-modal transformer network for indoor RGB-D semantic segmentation
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to identify different objects such as curtains, doors, etc. However, such methods require large

datasets with pixel-level ground truth labeling.

5.2.3 Detecting Outdoor Obstacles

Over recent years, there has been significant progress in the development of robotic systems
designed for outdoor navigation [232,263-266]. One early approach can be found at [207], where
the usage of laser measurements enabled navigation capabilities for robots such as detecting short
and grass-like vegetation. However, this method is not universally applicable, particularly in
complex, unstructured vegetative terrains. Complementary approaches have tackled associated
issues in off-road navigation, specifically concerning varying slopes [27] and different terrains
[267].

Many studies integrate proprioceptive with exteroceptive sensory data to enhance outdoor
navigation [213,268,269]. Machine learning techniques have also been incorporated to augment
the robot’s capabilities for navigating through pliable vegetative obstacles [156, 175]. To this
end, [251] uses a few shot-learning approaches to classify RGB vegetation images based on their
traversability. This classifier is then integrated with a 3D LiDAR to construct a vegetation-aware

traversability cost map.

5.2.4 Vision Language Models in Navigation

Over the past few years, LLMs [236] and VLMs [237-242] have demonstrated impressive
accuracy in tasks such as scene/semantic understanding [270], grounding objects in a scene based

on language description, instruction following, code generation [271], etc that are useful for robot
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manipulation and navigation tasks. For instance, Shah et al. [247] utilized GPT-3 and CLIP to
extract landmark descriptions from a text navigation instruction and ground them in images,
respectively, to guide a robot’s navigation. Further, Shah et al. [272] demonstrated how the
semantic understanding that large VLLMs possess can help bias a robot’s exploration to search for
a user-defined object/location. Similar to [247], Chen et al. [273] utilize LLMs to decompose
navigation instructions into a series of actionable tasks that are executed by an action-aware
navigation policy.

Zhu et al. [274] propose a system to use VLMs to describe a scene, and an LLM to verify
if the scene matches a user-defined target. Visual Language Maps [275] demonstrate fusing
VLM descriptions of landmarks with a 3D map that enables the robot to understand spatial
references relative to landmarks. OK-Robot [248] vision-language representations computed
from an environmental scan by VLMs are stored as semantic memory [243], and are matched
with a language query to move to a desired target object and pick it up in a zero-shot manner.

Existing research has primarily used VLMs to identify navigation targets (where to navigate)
[246,247] and parse natural language commands but has not focused on the how (lower-level
behaviors such as walking on pavements, not disturbing interacting pedestrians) to navigate
robots to their targets. Additionally, while many studies have been evaluated in realistic simulated
environments, those tested in real-world settings [247-249] have not addressed the use of semantic
and contextual understanding of the environment to guide the robot’s navigation behaviors. CoONVOI’s
goal is to leverage VLMs to guide low-level navigation behaviors to be the most suitable for a

given scenario.
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5.3 Multi-layer Intensity Maps

In this section, we explain the background definitions and assumptions (section 5.3.1) used
in formulating MIMs, its methodology (section 5.3.2), evaluations (section 5.3.3), and limitations

(section 5.3.4).

5.3.1 Background

In this section, we introduce and define the symbols and key concepts used in our work.

Apart from these concepts, MIM’s motion planner is based on DWA (section 4.3.1.2)

5.3.1.1 Definitions and Assumptions

MIM’s formulation assumes that a sensor capable of generating 3D point clouds (e.g., 3D
LiDAR, depth camera) is mounted on a robot with a 2D linear (v) and angular (w) velocity space.
Rigid coordinate frames are attached to the robot and sensor with the positive z, y, z directions
facing forward, left, and upwards respectively, and for simplicity, we assume both frames to
coincide. All positions and velocities are measured relative to these frames. At any time ¢, the
robot has a preferred velocity direction aimed at its goal (¢., g,,) as 6§ = tan='(g,/gx).

Our approach is based on using the reflected intensities of point clouds that could be
obtained from sensors such as 3D LiDARs, depth cameras, etc that have a laser source/transmitter
and a receiver. We represent a point p in a point cloud as p = {x, y, z,int}, where x, y, z denote
the point’s location relative to the sensor, and int € [0, R] denotes its intensity. We define a 2D
robot-centric grid map as containing n X n grids. Each grid is denoted by a row r and column
c. Each grid represents a g x g area in the real world, and the value contained in it indicates the
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probability of the presence of an obstacle. Finally, we use j and k to denote indices.

5.3.1.2 Point Cloud Intensity

Typically, a point’s intensity is high (int > 0.75R) when it is reflected from solid, opaque,
3D (length, width, and height dimensions are not infinitesimal) objects since they prevent the
sensor’s laser rays from passing through, or scattering away from the sensor. In contrast, objects
that are low density (e.g. tall grass which is a collection of thin blades of grass that scatter laser
rays), and transparent (e.g. glass where laser rays mostly pass through) lead to low intensities

(int < 0.5R) or in some cases, no intensity (¢nt = 0).

5.3.1.3 Obstacle Properties

Our formulation leverages the property to accurately detect truly solid objects from the
following categories defined based on how objects are sensed by existing perception modalities

(2D LiDAR scan, RGB and depth images, etc) as:

True Positives (TP): Solid, non-traversable objects detected as solid, e.g. walls, wooden

furniture, etc.

* True Negatives (TN): Non-solid, traversable objects detected as passable or no obstacle,

e.g. free space.

False Positives (FP): Non-solid objects detected as solid, e.g. string/beaded curtains,

pliable tall grass.

False Negatives (FN): Solid objects detected as non-solid or as free space, e.g. transparent
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objects.

5.3.1.4 Obstacle Inflation

Once a truly solid object is detected, it must be enlarged or inflated for the robot’s planner
to ensure that it avoids it at a safe distance [276]. Inflation is performed prior to planning to
expand obstacles uniformly in all dimensions by a certain amount (typically the robot’s radius, or
maximum(length, width) to ensure that the planner avoids obstacles by a safe distance. Standard
methods for obstacle inflation include performing the Minkowski sum [277] between the robot’s
radius and the obstacle, cost propagation from the obstacle, dilating obstacles using convolutions,
etc. on a grid map. With these preliminaries, we state our problem formulation as follows:

To construct an n X n x m grid map representation I,; of obstacles from points p =
{x,y, z,int} and classify each grid (r,c¢) € I%,; as a true positive (T'P), false positive (F'P),
false negative (F' V) obstacle, or true negative (1'N) free space and enlarge 7' P and F' /N obstacles

adaptively based on the robot’s preferred velocity direction.

5.3.2 MIM: Approach

In this section, we discuss how 3D point cloud intensities can be used to construct the
multiple 2D grid map layers of an MIM. The input point clouds could be obtained from any sensor
such as a 3D LiDAR or a depth camera that also measures the intensity of the points reflected from
surrounding objects. We show how different layers of the intensity map can be used to accurately
differentiate solid obstacles from passable objects, and identify transparent obstacles. Finally, we

detail our obstacle inflation strategy, which enables robots to navigate through passable obstacles
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Figure 5.3: MIM’s overall system architecture. At time instant ¢, the intensities of reflected point clouds
from a height interval H; (grey rectangles) are used to construct a 2D grid map layer I,ie H, according to
equation 5.1. Several of such layers are stacked to form an MIM. Certain layers from MIMs can be used
to detect TP, FP, and FN obstacles. The adaptive inflation enlarges the truly solid (TP, FN) obstacles that
the robot must avoid in the direction opposite to the robot’s goal (g.., g,)* direction, and ignores passable
obstacles (FP). The planner finally uses the inflated map to compute collision-free linear and angular
velocities v*, w*.

and narrow passages. Fig. 5.3 shows our overall proposed architecture.

5.3.2.1 Constructing the Multi-Layer Intensity Map

We construct a single layer of the intensity map corresponding to a height interval H; at

any time instant ¢ as follows,

> Zy int
2

t
‘[ZEHJ' (T7 C) - g

vV x S [xlowu Llow + 9]7 Yy € [ylounylow + g];
(5.1)

n n
xlow:*(r—§)~g and Yy = *( —§)~g

H; = [lowj, high;], low; < high;,

where * represents the floor operation, low;, and high; are the limits for all the points whose

intensities must be considered for the map along the z direction. Extending this definition, we
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construct a multi-layer intensity map as a stacking of m layers as,

Ly (rie) = e, (ro) | | Lep, (r ) |- [ ey, (1 €)), (5.2)

where Hy, ..., H;, ..., Hy, are non-overlapping height intervals. We choose to stack multiple non-
overlapping layers at various heights instead of combining the points’ intensities at all heights
into a unified layer. This is due to the flexibility that multiple layers provide in analyzing and
modifying them individually. Furthermore, individual layers can be combined after modification
and used for planning the robot’s trajectories. We highlight these benefits in the following

sections.

5.3.2.2 Obstacle Detection

In this section, we describe how challenging obstacles such as tall grass (FP), string/beaded

curtains (FP), and transparent objects (FN) can be detected using our multi-layer intensity map.

Differentiating True and False Positive Obstacles: Existing methods that use various sensor
modalities typically detect many thin, pliable obstacles such as tall grass, and passable objects
such as string/beaded curtains as solid obstacles that must be avoided. During navigation, such
inaccurate detections cause the robot to freeze or oscillate perpetually without reaching its goal.
We show how such false positive obstacles can be detected using the multi-layer intensity map.
Let us consider three layers I°_o, I’ s Lle( 1) Of the intensity map. If a grid location

(r, c) belonging to all three layers satisfies the following condition C, we classify that grid as a

false positive obstacle:

z z

C(r,c): Iiy(r,c), Icon(r,c), Tigppgy(r,c) <T. (5.3)
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Here, I' is an intensity threshold. Using this condition, we construct TP and FP intensity maps

for planning as,

Irp(r,€) = maz(I—o(), Len 0 Lef-n0)()
(5.4)

V (r,c) | C(r,c) is False

]%P(ﬁ c) = max(]izo(), f§e<o,h](), Ize[—h,o)()) 5.5)

V (r,c) | C(r,c) is True
Detecting False Negative Obstacles: False negative obstacles are typically transparent objects
that allow most of the laser rays from a sensor to pass through. However, a small neighborhood
of points with low intensities is detected for laser rays that are incident ~ 0° on a transparent
surface only along the z = 0 plane [278]. Our approach extrapolates this small neighborhood to
detect solid transparent obstacles.

Consider two layers I!_, and I'___ in the multi-layer intensity map at time instant ¢. Here,

—€
€ is a small positive value. To isolate the low-intensity neighborhood of points reflected from
the transparent object, we first calculate the element-wise difference between the two layers

Lool

zZ=—€"

This removes all the points reflected from the same obstacles in both layers and
retains only the points corresponding to the small glass neighborhood. To indicate the presence
of transparent obstacles for subsequent time steps, we transform /_ & If___based on the robot’s

motion as,

Iy =T-(I'_yo I'__,), (5.6)

where T is a 4 X 4 transformation matrix whose rotational component is based on the robot’s yaw,
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Figure 5.4: The robot’s position and its goal are denoted by the pink and blue circles respectively. The
robot’s heading and goal direction coincide in this case. [Left]: Uniformly inflating obstacles using an
e x e kernel with all ones near a narrow passage closing up the available free space (green rectangle).

[Right]: Adaptively inflating the obstacles based on the robot’s goal direction preserves the free space
while inflating the obstacles in the direction opposite to the robot’s goal direction.

and the translational component is based on its motion from time ¢ to ¢ 4+ 1. Finally, we augment

. s t+1 . t
subsequent time’s I, using [y, as,

Iy =1 | oy (5.7)

5.3.2.3 Adaptive Obstacle Inflation

In narrow and dense scenarios, uniformly inflating obstacles (as explained in section 5.3.1.4)
could close the available free space (see fig. 5.4) leading to the robot freezing problem [54]. If
obstacles are not inflated, the robot could move close to the obstacles and even collide with
them. Additionally, false positive obstacles that can be traversed need not be inflated. Therefore,
our approach adaptively inflates the obstacles based on the robot’s goal direction. Obstacles
are majorly inflated in the direction opposite to the robot’s goal/preferred direction and minorly
inflated in all other directions. This ensures that the robot does not navigate too close to a solid

obstacle, while also never closing free space near the narrow passages.

175



Our inflation is performed using the convolution operation on obstacles by computing the
appropriate kernel matrices K of size e x e as follows. Let (g,, g,) be the goal location relative to
the robot’s coordinate frame. The goal direction can be defined by the slope tan %. To design a

kernel matrix K to inflate obstacles in the opposite direction, we first find the line along the goal

direction relative to the kernel, passing through its center (£, 5) as,

fr& c®) o e —tan(g,/g.) - ™ + const = 0
(5.8)

const = g(tan(gy/gm) —1).

Here, (rK el ) represent the row and column on the kernel. Next, the kernel can be constructed

as,

v {rf R f (R + j,cf + j) = 0}
K(r', ") = (5.9)

0 Otherwise.

Here, j € [-padding, padding| is added to the row and column indices to control the level of

thickness to inflate an obstacle. Finally, using K, we convolve our multi-layer intensity map as,

]fnflate = (]%PUI?’N) ® K. (510)

It flate contains inflated True Positive and False Negative obstacles. To add information about

false positive obstacles prior to planning, we perform,

I]ﬁlan = Iitnflate U I%P’ (511)

where [ ; is a 2D grid map containing TP, FP, FN, and free space represented by various grids,

lan

which can be used as a cost map for motion planning.
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Figure 5.5: Robot trajectories when navigating in different complex indoor and outdoor environments
using various methods. (a) MIM identifies transparent objects such as glass in real-time and avoids it, (b)
MIM identifies string curtains as safe, passable obstacles while other methods detect them as solid, and
impassable. (c) MIM accurately identifies pliable tall grass regions (which register lower intensities on
I;lan) to navigate through, avoiding trees. (d,e,f) show the corresponding I;t;l an, for the scenarios above.
White, grey, and black colors represent intensities in a decreasing order of magnitude. The robot’s starting
location is in pink, and the goal is represented in blue. The yellow in (d) represents the glass (FN obstacle)
extrapolated in real-time by our method in section 5.3.2.2. Green in (e, f) represents passable, non-solid
obstacles such as curtains and tall grass respectively. MIM-based navigation’s trajectory is overlayed for
reference. (d, e, f) also depict obstacles inflated based on the robot’s goal direction.

5.3.2.4 Integration with Planning Methods

The final planning intensity map I°

plan €an be used with any motion planner as a cost map

to evaluate a candidate linear and angular velocity’s (v, w) obstacle or collision cost. This can be

computed by extrapolating the trajectory produced by (v, w) relative to I*, ~asin [251,267] as,

plan

trajlélfm =[(r1,¢1)s e, (15,¢5), ooy (1, Cp)]
P (5.12)
Obstacle Cost = Z Lian (55 5).

j=1

Additionally, I*

slan €20 be used as an observation with deep reinforcement learning-based

177



navigation methods [27] to improve the trained model’s understanding of the solidity of surrounding

obstacles.

5.3.3 Results and Evaluations

In this section, we summarize our method’s implementation details and evaluation metrics.

Then, we present the details of the experiments conducted to highlight the benefits of our approach.

5.3.3.1 Implementation

We use a Boston Dynamics Spot robot for outdoor experiments and a Turtlebot 2 robot
for indoor experiments. The Spot robot is equipped with an Intel NUC 11 with Intel i7 CPU
and NVIDIA RTX 2060 GPU. The Turtlebot is equipped with a laptop with an Intel 19 CPU
and an Nvidia RTX 2080 GPU. Both robots are equipped and a Velodyne VLP16 LiDAR. We
particularly use Velodyne LiDAR’s dual return mode since it captures low intensities in the
point cloud better [278]. We use n = 200, and m = 4 layers in our implementation (one for

I It I'_,, I'__)). The height ranges are adjusted based on the robot’s height.

z€[—h,0)7 “z€(0,h]’ “2=07 “z=—¢

5.3.3.2 Comparison Methods and Evaluation Metrics

We compare the improvements in navigation while using MIMs with various existing
methods. We use MIMs with the dynamic window approach (DWA) [177] and calculate candidate
velocity’s obstacle costs as described in section 5.3.2.4. For a fair comparison, we use DWA as
the baseline planner and integrate other methods for obstacle perception with it for navigation.

We compare with various indoor and outdoor navigation methods that use a variety of perception
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inputs such as RGB/depth image, 2D lase scans, or occupancy grids created by any proximity
Sensor.

DWA is a local planner that can use a 2D LiDAR scan [177] or an occupancy map [230] to
perform obstacle avoidance. Spot’s in-built autonomy incorporates a set of stereo cameras around
the robot to estimate the obstacles and ground plane to navigate to a goal. VERN is a vegetation-
aware navigation approach that uses an RGB image-based vegetation classifier and a set of 2D
occupancy grid maps for perception. In indoor scenarios, Glass-SLAM [279] uses the specular
reflection of laser beams from the glass to map environments that include glass. GDNet [16] is
a semantic segmentation method that uses RGB images to segment glass from a scene. We also
perform ablations studies between using adaptive and uniform inflation using MIMs.

Success Rate - Number of successful goal-reaching attempts (without collisions with solid objects
or freezing behaviors) out of the total number of trials.

Normalized Traj. Length - The ratio between the robot’s trajectory length and the straight-line
distance to the goal from the starting location averaged over all runs.

F-Score - A measure of object detection accuracy calculated as a weighted average of the precision
and recall. Values are between 0 and 1, where 1 indicates the best accuracy. We use human
detection of TP, FP, and FN obstacles to calculate precision and recall.

Inference Time - Time taken from the instant an obstacle is viewed to the instant when it is

detected.

5.3.3.3 Testing Scenarios

* Scenario 1 - Indoor scenario with glass, concrete walls, and pillars (Fig. 5.5a).
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Scenario Method Sucess Norm. F-
Rate Traj. Score
(%) Length
DWA with laser scan [177] 0 0.342 0.12
DWA with occupancy map [230] 0 0.415 0.20
Sen. Glass-SLAM [279] 30 0.895 0.76
1 GDNet [16] 50 0.633 0.69
MIM (Uniform) 80 1.256 0.82
MIM (Adaptive) 80 1.052 0.82
DWA with laser scan [177] 0 0.765 0.17
DWA with occupancy map [230] 0 0.355 0.16
Sen. Glass-SLAM [279] 0 0.421 0.46
2 GDNet [16] 0 0.318 0.65
MIM (Uniform) 30 1.134 0.79
MIM (Adaptive) 70 1.141 0.79
DWA with laser scan [177] 20 1.571 0.35
DWA with occupancy map [230] 20 1.482 0.33
Sen. Spot’s Inbuilt Autonomy 10 0.311 0.38
3 VERN [251] 70 1.154 0.75
MIM (Uniform) 40 1.292 0.84
MIM (Adaptive) 80 1.072 0.84
DWA with laser scan [177] 0 1.543 0.37
DWA with occupancy map [230] 0 1.412 0.36
Sen. Spot’s Inbuilt Autonomy 0 0.298 0.31
4 VERN [251] 50 1.267 0.68
MIM (Uniform) 60 1.248 0.74
MIM (Adaptive) 70 1.146 0.74

Table 5.1: Performance comparison between using MIMs for navigation versus other methods in indoor
and outdoor scenarios using various metrics. We observe that MIMs are versatile in detecting a variety of

perceptually challenging obstacles and aiding navigation.

* Scenario 2 - Indoor scenario with a narrow passage covered with a beaded/string curtain

(Fig. 5.5b).

* Scenario 3 - Outdoor scenario with tall grass, bushes, and trees separated from each other

(Fig. 5.5¢).

* Scenario 4 - Outdoor scenario with tall grass, bushes, and trees closely intertwined with

each other creating narrow passages (Fig. 5.1).
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Method Inference Time (sec) | Training Time
MIM 0.020 on CPU NA
Glass-SLAM 4.5 on CPU NA
GDNet 0.112 on GPU 12-15 hours
VERN 0.083 on GPU 6-8 hours

Table 5.2: The inference rates and training time (where applicable) for several methods that detect glass
(Glass-SLAM [279], GDNet [16]), and pliable vegetation (VERN [251]). MIMs are capable of detecting
transparent obstacles such as glass, and passable tall grass in real-time, faster than existing methods that
use LiDARs and RGB images.

5.3.3.4 Analysis and Comparison

We present the qualitative navigation experiment results for the four scenarios in Fig. 5.5
and the quantitative results in Table 5.1. Scenarios 1 and 2 are complex indoor settings, whereas
scenarios 3 and 4 are outdoor settings. We observe that MIM demonstrates the highest success
rate compared to the other methods in all four scenarios.

In scenario 1, 2D laser scan-based and occupancy map-based DWA planners fail to identify
the glass region since they do not incorporate LiDAR intensity for object detection. GDNet-
based indoor segmentation fails to identify the glass region from RGB inputs consistently due
to lighting changes, and strong lights reflected from the floor. Hence, these methods lead to
collisions with the glass by assuming it to be free space. The detecting glass in SLAM can
identify the glass region using LiDAR intensity. However, it does not avoid glass all the time
since the glass is constructed slower than the robot’s motion. MIM’s multi-layer map formulation
leads to consistent glass detection which also results in a higher F-score compared to the other
methods.

Scenario 2 includes a passable string curtain which is detected as an obstacle from the 2D

laser scan and occupancy map-based DWA methods. Hence, these methods attempt to avoid the
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curtain and collide with the glass during navigation. Further, the glass detection SLAM method
identifies both the curtain and the glass as obstacles. Hence, all three methods demonstrate
poor success rates in scenario 2. GDNet identified both the open door and the glass near it as
glass preventing the robot from entering through the door. In contrast, our MIM demonstrates
a significantly high success rate irrespective of the lighting conditions due to the 360° LiDAR-
based intensity map formulation.

Scenarios 3 and 4 include traversable tall grass and non-traversable bushes and trees.
However, the two DWA methods identify all such vegetation regions as obstacles due to 2D laser
scan-based obstacle detection causing freezing behaviors and longer detours during navigation.
Similarly, Spot’s inbuilt autonomy struggles to estimate the ground and free space from its
vision-based perception in both Scenario 3 and Scenario 4. Hence, the robot demonstrates
highly unstable motion in vegetation. In scenario 3, VERN is able to navigate through tall
grass while avoiding trees and bushes using its vision-based classifier and the occupancy map
formulation. However, VERN’s vision-based classifier could not detect trees behind the grass
region in scenario 4 since they are closely intertwined. In contrast, MIM’s multi-layer intensity
map representation identifies such hidden solid objects to avoid during navigation. Hence, MIM
demonstrates a relatively higher success rate and F-score in scenario 4. In all scenarios, MIMs
(uniform and adaptive) have the highest F-score. The inaccuracies in detecting obstacles in
MIMs occur when the robot/LiDAR is closer than 0.5 meters away from an obstacle, whereas
3D LiDARs typically have a blindspot.

Benefits of Adaptive Inflation: We use scenarios 2 and 3, which contain narrow passages
to highlight the benefits of our adaptive inflation formulation. Laserscan and occupancy map-

based DWA, and MIM (Uniform) use uniform inflation around the obstacles to avoid collisions.
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This closes the narrow passages and represents them as obstacle regions, resulting in freezing
or longer trajectories in the presence of narrow passages between the obstacles. However, our
adaptive inflation preserves the narrow free spaces in the cost map while inflating the obstacles.
Hence, MIM can navigate through such spaces (e.g., through a small door in scenario 2 and
between the trees in scenario 3) and reach the goals using shorter trajectories.

Inference Time: We compared the inference times (Table 5.2) of using MIMs to detect
glass and pliable vegetation with other methods that either detect glass (Glass-SLAM, GDNet)
or vegetation (VERN) on the Intel NUC described in section 5.3.3.1. We observe that apart from
being versatile in detecting obstacles, MIMs are computationally light to be used with a robot’s
limited onboard computing resources. GDNet and VERN use RGB images passed through deep
neural networks and require extensive prior training. While Glass-SLAM does not need training,

it requires ~ 4.5 seconds to update a map with obstacles and multiple runs to detect glass.

5.3.4 Limitations

Since our multi-layer map representation is based on point cloud intensity, it cannot identify
passable objects such as cloth curtains and metal fences. This is especially important because the
navigability of such objects depends on the context (e.g., window curtains may not be passable
but door curtains are generally passable). Hence, a semantic understanding of the environment
is required for such cases. Further, our method cannot detect extremely thin objects such as thin

poles since a 3D point cloud may not be able to capture sufficient number of samples.
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54 CoNVOI

In this section, we explain the background definitions and assumptions (section 5.4.1)
used in formulating CoNVOI, its methodology (section 5.4.2), evaluations (section 5.4.3), and

limitations (section 5.4.4).

5.4.1 Background

In this section, we introduce and define the symbols and key concepts used in our work.
Apart from these concepts, CONVOI’s local planner that follows the reference path from the

VLM is extended from DWA (section 4.3.1.2).

5.4.1.1 Symbols, Definitions, and Assumptions

CoNVOI addresses the challenge “what navigation behaviors should a robot exhibit in its
current local environmental context”. This involves determining the locations within the robot’s
field of view to navigate toward to exhibit these behaviors, extending beyond simple obstacle
avoidance.

For our formulation, we assume a robot equipped with an RGB camera and a 2D or 3D
LiDAR rigidly attached to a wheeled or legged mobile robot base. The camera provides an RGB
image I to view the environment and the LiDAR provides 2D laser scans at time instant .
Our formulation uses an n x n robot-centric occupancy grid map O, obtained using the LiDAR’s
laser scan to represent the environmental obstacles. The grids of O, are marked with 1’s at grids
that contain obstacles, and 0’s otherwise. The obstacles are inflated by the robot’s radius, and the
robot is considered as a point at (n/2,n/2), and the set of obstacles is denoted as obs;. The pixels
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Figure 5.6: CoNVOTI’s architecture utilizes CLIP to interpret the context of the robot’s environment
from an RGB image (ItRGB ), identifying features such as indoor corridors, social scenarios with people,
outdoor terrains, etc. Next, CONVOI queries a large VLM with a context-based text prompt, and the RGB
image marked with numbers (I} ark) in the free space detected in an occupancy grid map to generate a
reference path (in green) that adheres to explicit and implicit social rules (e.g., staying on pavement, using
crosswalks). A dedicated motion planner then follows this path while avoiding obstacles. To prevent
unnecessarily requerying the large VLM, we extrapolate this reference path linearly and check if the
extrapolated point (in yellow) lies on a paved path (sidewalk, corridor, etc) to either use it for navigation, or
requery the VLM again. Instead of using VLMs for direct robot control or for well-addressed tasks such as
goal-reaching and obstacle avoidance, we leverage its context-understanding capabilities to achieve more
intricate, zero-shot navigation behaviors using a separate planner.

in IF'9B are correlated with the grids in O, using a homography perspective projection.

The robot is controlled using linear and angular velocity commands (v, w), respectively.
We consider three coordinate frames:

1. robot - a frame attached to the robot’s center of mass with X, Y, and Z axes pointing
forward, leftward, and upward relative to the robot, 2. Occupancy map (QO) - a frame attached
at the center of O; with X, and Y axes pointing forward and leftward, and 3. RGB - a frame
attached to the top-left corner of the RGB image obtained from the camera, with X, and Y axes
pointing rightward (across columns), and downward (across rows). Quantities belong to the frame
indicated by their superscripts (e.g. 2" belongs to the robot frame). Transformation matrices
between these frames are represented as T°%™, T5®, TS, ;. These matrices transform points

in the subscript frame to the superscript frame. Finally, we use symbols 7, j to denote indices.

CoNVOTI’s overall architecture is shown in Fig. 5.6.
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5.4.2 CoNVOI: Context-aware Navigation using VLMs in Outdoors and Indoors

CoNVOI uses two novel components: 1. a context-based prompting method to query
a large VLM with an appropriate behavior text prompt, and 2. a multi-modal visual marking
method to prepare the large VLM’s input image. Using both components CoNVOI extracts a
reference trajectory 7,y from the VLM. 7, obeys the explicit and implicit rules associated with
the robot’s current context/scenario, and also encodes human-like preferences (e.g. opting to

walk on pavement instead of grass) during navigation.

5.4.2.1 Context-based Behavior Prompt

VLMs utilize an image and text prompt inputs to output a text response. CoNVOI’s first
component is an approach to frame a context-based behavioral text prompt for the VLM. To this
end, we formulate a set of contexts/scenarios C = {cy, ¢a, ..., ¢;} that the robot would operate
in (e.g. indoor corridors, in the presence of humans, outdoor terrains, crosswalk, etc.), and a set
of robot behaviors for each context. The behaviors B = {by, b, ..., b} are specified as simple
text phrases such as “keep close to the right wall” or “move on pavement”, etc. Our formulation
allows for easily adding new scenarios and associated behaviors to C and B, respectively.

Next, we query a light-weight VLM (e.g. CLIP [242]) with IF%5 and text prompts T;
framed as “This is a picture of ¢;” (Vi), and obtain a set of probabilities {p1, po, ..., Pr } ( iD=
1), where p; = P(¢;|IF'“B {1}, T, ..., T};}) is the probability that the context/scenario in /7
corresponds to context ¢;. Let ¢4, ¢ correspond to the context with maximum probability at time
t, and b,,,, be its associated robot behavior. Next, we frame a behavioral prompt 7}, in the

format “You are navigating a robot in this scenario. The numbers marked in the image denote
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regions where you can navigate the robot. Pick a list of numbers marked in the image such that

the robot ”, and the blank is filled with the behavioral phrase in b,,,;.

5.4.2.2 Multi-modal Visual Marking

To prepare the image input for the VLM, we take into account the following considerations.
Firstly, VLMs do not reliably infer spatial relationships, such as the distance of a point from the
camera and the relative locations of various regions in the image (e.g., point A is closer to the
right side of the image) [280]. Secondly, the VLM does not need to focus on obstacle regions
since its task is solely to identify regions within the free space to identify how the robot should
navigate. To this end, we propose to use the correlation between the robot’s occupancy grid map
O, and the RGB image I/*“? to detect the free space in the robot’s vicinity, and overlay markers

(numbers) [245] on the corresponding free space in I7¢8

. This approach combines the benefits
of the spatial information encoded in occupancy grids with the semantic information in RGB

images and results in a richer input to the VLM.

Detecting Free Regions to Add Markers: We consider [ rows and m columns of grids each
on O, as candidate locations where the robot could traverse to exhibit context-aware behaviors.
These grids are uniformly spaced by a distance d,,; along the columns, and d,.,,, along the rows.
Let us consider the ij™ candidate grid g;;, i € {1,2,...,1},j € {1,2,...,m}. Let L;; be the
line connecting g;; and the robot’s location (n/2,n/2) in O,. g;; is considered as a navigable

candidate if,

Lij ObSt = @ (513)
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This ensures that locations obstructed by obstacles from the robot and its camera’s view are
not considered viable for context-aware navigation. We construct the set of candidate coordinates
satisfying equation 5.13 as X° = {g;;} V(4, j). The points in X are transformed into the RGB

frame as,

(¢RCB YRGBy = TECE . g Vg, € XO. (5.14)

We construct the set of candidate coordinates as X*“% = { (2% %)} (i, j). The points in
X[SB are ordered from left to right and row by row (see Fig. 5.6). Next, we mark numbers on

all the points in X' in ascending order on 17" and refer to this marked image as IM"%,

5.4.2.3 Prompting the Large VLM

Finally, using T3,,,. and IM*"* we prompt a large VLM [237, 240] to extract a reference

path as,

Miep = VLM(IM* T, ). (5.15)

Here, M, is a list of numbers (markers) marked on ]tM ark  Their corresponding set of grid

locations relative to O, are obtained by using the numbers in M,..; as indices since they are

Mark
‘[t

marked orderly in . Hence, the reference path in the occupancy map frame is T?f =

™

XP(M,.s). Their locations in the robot frame can be calculated as TQ‘}b =Ty - ﬂ?f

T
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5.4.2.4 Reference Path Following

rob rob r0ob r0ob

When the robot follows the reference path 7,29 = { (27} 1, yr%% 1), (@7 5, 4185 o), o)
(7% 1asts Ut iase)} © = {1,2, ..., last}, it exhibits the most appropriate navigation behaviors
for the context it encounters. These coordinates are repeatedly transformed into the robot’s
coordinate frame as the robot moves. To follow the reference path, we modify the motion
planner [29] explained in section 4.3.1.2 as follows. Let 04, be the angle between the robot’s
current heading direction and the vector pointing to its goal direction. We first formulate a

reference path following cost as,

b b b -rob
ref(v,w) = Yret: = Yistno s Yittn, € traj™”(v,w),
and 7 s.t 27°%. > 0 and (5.16)

ref,i

rob rob rob rob )
)

x?"ef,i - mln(xref,h xref,?? i xref,last

Equation 5.16 ensures that the robot picks (v,w) trajectories that minimize the lateral distance
between the robot and a reference path point that is immediately ahead of the robot. A new

objective function for planning as,

Ql() + Qay - ref(.) if|990al| S Qfm,,
Qa2(v,w) = (5.17)

Q1(.) Otherwise.

Here, );(.) is DWA’s objective function (equation 4.1). 6y, is the field of view of the robot’s
camera. This condition helps to ensure that the robot does not stray away from the goal direction

by following the VLM’s reference paths.
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5.4.2.5 Reference Path Extrapolation and Re-querying

Since large VLMs require several seconds to respond to queries (such as in equation
5.15), continuously querying to obtain new reference paths is computationally infeasible for
real-time navigation. Therefore, CoNVOI reduces the frequency of querying the large VLM
by extrapolating the current reference path, if the context has not changed.

Once the robot obtains a reference path and starts following it, CONVOI repeatedly queries
CLIP to check for context changes. If Cpazt = Cmazy (' > t), and dist((2]2% 10, Yrch jast)) <
dinresn (since (0, 0) is the robot’s location in its own frame, and dyp,.sp, is a distance threshold), we
linearly extrapolate the current reference path by fitting a line to the points in 7;’;3? and extending
it further to a point (x7% ,, 5% ) by distance d,,,. Next, we check if the point (20, ,, 45 )
is obstacle-free (similar to section 5.4.2.2). If it is, we add the point to the RGB image at
(298 yRC9E), and crop a npa X e image patch I** (see Fig. 5.6) to query CLIP if the
patch is an image of a paved (indoors or sidewalks) or unpaved (grass, gravel, asphalt) surface.
If CLIP(I") is paved, (z]%},, 405 ,) is used as the next waypoint for the planner to follow.
Otherwise, the large VLM is queried for the next reference path.

If the context has changed, CONVOI queries the large VLM once dist((]27 1. Yrot jast)) <

dihresh- dinresh 18 chosen such that dipresh = Umaz * tquery> Where vp,q, is the maximum linear

velocity of the robot and ¢4, 1s the average time for a large VLM to respond to a query.

5.4.3 Results and Evaluations

In this section, we explain CoNVOI’s implementation on real robots, and analyze and

evaluate its performance through comparisons and ablations.
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Figure 5.7: Robot trajectories when navigating in different complex indoor and outdoor environments
using various methods: CoNVOI (in green), teleoperated by a human (in red), DWA [29] (in blue),
Frozone [54] (in violet), GA-Nav [18] (in orange). CoNVOI exhibits social-compliant behaviors such as
not moving in-between humans even if there is sufficient space, similar to Frozone, a method formulated
for indoor social navigation. CoNVOI’s behaviors also match GA-Nav, a semantic segmentation-based
navigation approach that prefers to navigate on smooth, well-paved outdoor terrains. CoNVOI achieves
these behaviors in a zero-shot manner, and does not require domain-specific fine-tuning. CoNVOI’s
trajectories also closely match human-teleoperated ground truth paths (in red).

5.4.3.1 Implementation

CoNVOI is implemented on a Turtlebot 2 for indoor evaluation, and on a Boston Dynamics
Spot robot for outdoor evaluation. Both robots are equipped with a Velodyne VLP16 LiDAR, and
a Zed 2i camera. CoNVOI is executed on a laptop with an Intel 17 11th generation CPU and an
Nvidia RTX 3060 GPU. For context detection, CLIP is executed locally on the laptop, and for
the reference path queries, we use the online API for GPT-4v [237], and Gemini [240]. We use
the following values for the parameters in our formulation: n = 200, a1 = 10,0 = 7,3 =
1, a4 = 7.5,1 = 2for outdoors, 3 for indoors, m = 6, d,oy, = 2.5M,dey; = 2m, k = 5, Vpae =

0.3m/s, tguery = 58, dinresh = 4m, Nper = 200.

5.4.3.2 Comparison Methods

We compare CoNVOI with several existing methods for indoor and outdoor navigation.

They are:

* DWA [29]: The dynamic window approach, a baseline motion planner that performs simple
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msss= Human Preference Ours using GPT-4v === Ours using Gemini

Figure 5.8: Qualitative comparison of the reference trajectory generated by GPT-4v [237] (in green), and
Gemini [240] (in orange) compared with human provided ground truth (in blue) by connecting the marked
numbers (in yellow). We observe that the reference paths generated by the VLMs is comparable to that of
the human-preferred path in many complex indoor and outdoor environments.

collision avoidance and goal-reaching behaviors.

* GA-Nav [18]: A planner that uses semantic segmentation-based outdoor terrain classification
to assign traversability costs to various terrains and computes trajectories on smooth (low-

cost) terrains.

e PSP-Net [219]: A planner similar to GA-Nav but employing PSP-Net for semantic segmentation.

* Frozone [54]: A social-compliant indoor navigation method that computes trajectories
that are least obtrusive to surrounding pedestrians. We enhance Frozone’s formulation by
incorporating a method to detect corridors from the robot’s local occupancy grid. Additionally,

we assign higher costs to regions closer to the left wall, which encourages the robot to stay
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closer to the right side.

In addition to baseline methods, we conduct thorough ablation studies by analyzing our
approach’s reference path selection performance by removing its multi-modal visual marking,

and context-based prompting components.

5.4.3.3 Evaluation Metrics

We use the following quantitative metrics to evaluate the navigation performance of all the

methods in real-world scenarios.

* Fréchet Distance w.r.t. Human Teleoperation: Measures the Fréchet distance [281] (a
measure of similarity between two curves) between a human teleoperated robot trajectory

versus a comparison method’s trajectory.

* Normalized Trajectory Length: The robot’s trajectory length normalized over the straight-

line distance to the goal.

* Mean Velocity: The robot’s linear velocity (that indicates its progress towards the goal)

averaged over all the trials.

We use the following metrics to evaluate CoNVOI’s reference path selecting capabilities by

comparing it with a human chosen ground truth points in the marked image.

* Reference Path Error: Measures the distance between the mean points in the ground truth

path and the VLM’s output reference path.

* Cosine Similarity: Quantifies the alignment between the ground truth and the VLM’s
reference path in terms of orientation.
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* Number of unacceptable paths: Counts the number of times a reference path was on an

unacceptable terrain/location (e.g. on an obstacle, asphalt road that could have traffic, etc).

* Inference Time: The time between sending a query to the large VLM and it returning a

reference path. This includes network latencies.

5.4.3.4 Navigation Testing Scenarios

We compare all the methods across four types of scenarios: 1. Indoor corridors, 2. Indoor
scenarios with people, 3. Outdoor scenarios with multiple terrains, 4. Outdoor crosswalks.
Additionally, we illustrate the addition of behaviors for a new scenario and showcase the resulting

robot behavior.

5.4.3.5 Analysis and Comparisons

The results of our qualitative and quantitative comparisons are shown in Fig. 5.7, and Table
5.4, respectively. The results of our ablation studies are shown in Table 5.3.

Ablation Study: We analyze the effects of our multi-modal visual marking (MMVM),
and context-based prompting on generating the reference path by removing these components
individually from CoNVOI. Next, we compare the generated reference path with human-provided
reference paths (see Fig. 5.8). First, removing MM VM, the marked image I/*"* would contain
numbers on obstacles (walls, people, etc.). Therefore, while choosing the numbers for the
reference path, the VLM must also ensure that they do not lie on obstacles (thus being responsible
for avoiding them). However, we observe that this results in high reference path errors, and %

of unacceptable paths as a subset of the chosen points often lie on obstacles in indoor scenarios
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Scenario Method Reference Cosine % Inference
Path Error | Similarity | Unacceptable Time |
1 T Paths |
Gemini w/o MMVM w. CbP 1.442 0.926 0.857 5.24
GPT4 w/o MMVM w. CbP 1.576 0.913 0.913 4.86
Scen. Gemini w. MMVM w/o CbP 0.315 0.995 0.0 4.78
1 GPT4 w. MMVM w/o CbP 0.335 0.993 0.0 4.10
Gemini w. CoNVOI 0.202 0.996 0.0 3.76
GPT4 w. CoNVOI 0.187 0.995 0.0 3.48
Gemini w/o MMVM w. CbP 1.425 0.914 0.786 5.11
GPT4 w/o MMVM w. CbP 2.325 0.802 0.798 4.69
Scen. Gemini w. MMVM w/o CbP 0.484 0.989 0.278 491
2 GPT4 w. MMVM w/o CbP 0.589 0.988 0.223 4.46
Gemini w. CoNVOI 0.444 0.981 0.111 3.55
GPT4 w. CoNVOI 0.456 0.991 0.167 3.28
Gemini w/o MMVM w. CbP 0.891 0.973 0.433 6.35
GPT4 w/o MMVM w. CbP 0.865 0.977 0.366 5.60
Scen. Gemini w. MMVM w/o CbP 0.817 0.978 0.291 6.28
3 GPT4 w. MMVM w/o CbP 0.872 0.971 0.125 5.46
Gemini w. CoNVOI 0.979 0.970 0.125 4.88
GPT4 w. CoNVOI 0.785 0.975 0.083 4.15
Gemini w/o MMVM w. CbP 1.210 0.957 0.285 6.36
GPT4 w/o MMVM w. CbP 1.205 0.966 0.190 4.89
Scen. Gemini w. MMVM w/o CbP 1.229 0.938 0.223 5.98
4 GPT4 w. MMVM w/o CbP 1.159 0.962 0.166 4.95
Gemini w. CoNVOI 1.205 0.977 0.055 5.26
GPT4 w. CoNVOI 0.819 0.978 0.055 4.83

Table 5.3: Ablation studies comparing the impact of removing multi-modal visual marking (MMVM) and
context-based prompting (CbP) from our formulation on generating reference paths. We also compare the
use of two state-of-the-art large VLMs: GPT-4v [237] and Gemini [240]. Our results show that MMVM
and CbP significantly improve the VLM’s performance in generating human-like reference paths.
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Scenario Method Fréchet Norm. Mean
Dist. | Traj. Velocity 1
Length
~1
DWA [29] 0.864 1.082 0.395
Scen. Frozone [54] 0.577 1.239 0.392
1 CoNVOI (ours) 0.521 1.207 0.289
DWA [29] 1.087 1.105 0.390
Scen. Frozone [54] 0.866 1.187 0.388
2 CoNVOI (ours) 0.709 1.194 0.276
DWA [29] 2.475 1.067 0.485
Scen. PSP-Net [219] 2.188 1.121 0.458
3 GA-Nav [18] 1.957 1.160 0.473
CoNVOI (ours) 1.083 1.213 0.238
DWA [29] 2.095 1.091 0.491
Scen. PSP-Net [219] 2.068 1.089 0.455
4 GA-Nav [18] 2.157 1.112 0.466
CoNVOI (ours) 0.863 1.237 0.243

Table 5.4: Performance comparisons when a robot uses CONVOI DWA motion planner [29] that performs
only obstacle avoidance and goal-reaching, Frozone [54], a socially-compliant indoor navigation method,
and PSP-Net [219] and GA-Nav [18], two semantic segmentation-based outdoor navigation methods.
CoNVOI generates trajectories that are most similar to human teleoperated trajectories (lowest Fréchet
distance). Qualitatively, CONVOI performs similar to social and outdoor navigation methods in a zero-
shot manner and is applicable to both indoor and outdoor environments.

(1 and 2). Additionally, the cosine similarity when compared with human GT is low, indicating
that the paths are not generally in the direction preferred by a human. In outdoor environments,
removing MMVM does not affect the metrics as adversely, since these scenarios are expansive
and less constrained by humans. However, the % of unacceptable paths is higher as the returned
reference paths some times intersect with walking pedestrian obstacles. The inference rate is also
increased since the VLM must now pay attention to more regions before choosing points for the
reference path. We observe that current VLMs cannot be used for zero-shot obstacle avoidance
reliably.

In the second ablation study, we removed context-based prompting (CbP) and used a single
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detailed prompt describing the rules for navigating all associated scenarios. We observe that this
leads to a performance comparable to CoNVOI in terms of the path error and cosine similarity.
However, there is a considerable increase in the VLM’s inference time. This could be due to the
higher number of tokens the VLM must process given a detailed text prompt. Additionally, we
observe a significant increase in the % of unacceptable paths in scenarios 2 and 4, where certain
intricate behaviors (avoid moving in-between people, navigate on crosswalk) are expected. Such
behaviors may be harder to interpret accurately when included with behaviors for other scenarios
in the detailed prompt. We observe the lowest path errors, % of unacceptable paths, inference
time, and highest cosine similarity for CONVOI (with MMVM, CbP) in all cases. Since using
CoNVOI with GPT-4v [237] has the least inference rate along with the best reference paths, we
use it for comparison with other navigation methods in Table 5.4.

Comparison with Navigation Methods: We compare all the navigation methods relative
to human teleoperation, which is considered the best trajectory the robot could take in its current
context. We observe that CoONVOI’s zero-shot path resemble the human teleoperated path the
closest (lowest Fréchet distance in Table 5.4) in all the scenarios (see Fig. 5.2, and 5.7).

We observe that CoNVOI typically leads to a higher normalized trajectory length due to
higher deviations from the goal to follow the context-based navigation behavior, similar to the
human teleoperated path. Additionally, CONVOI has a low mean velocity due to its limiting
maximum velocity (v, = 0.3 m/s) set to ensure uninterrupted navigation, due to the high
inference time current VLMs require. However, we highlight that CONVOI demonstrates all
these context-based behaviors in a zero-shot manner, utilizing simple text and visual prompts.
Unlike existing model-based and deep learning-based methods, it has demonstrated wide applicability

across various indoor and outdoor environments.
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Handling Novel Scenarios: We also highlight that new types of scenarios can be easily
added to CoNVOI without any reformulation. We add a scenario with a detour sign and instruct
CoNVOI to deviate the robot in the direction of the detour sign’s arrow. We observe that
CoNVOI immediately adapts to the new scenario, and navigates to its goal behind the sign (Fig.
5.2 [bottom]). This signifies how CoNVOI can use VLMs’ complex visual understanding and
reasoning capabilities for navigation in the real-world.

Extrapolation Benefits: We observe that CoNVOI’s extrapolation helps avoid unnecessarily
requerying the large VLM in environments where the context does not change until the goal
(e.g. in corridors, straight pavements). On average, extrapolation helps reduce the requerying
by ~ 50% in such environments. In dynamic scenarios with walking humans, in the presence of
several terrains (extrapolated point could lie in unpaved terrain), the VLM is requeried to guide
the robot.

VLM Hallucinations: Since during navigation the large VLM is typically fed with a
sequence of similar-looking images and text prompts, we observe that it often starts to hallucinate
and return reference path numbers in a certain pattern (e.g. [1, 2, 3, 4, 5], or [1, 2, 1, 2]) without
considering the scenario. This occurs when the VLM uses its recent memory to perform the
current task. To alleviate hallucinations, we add a phrase to the text prompt to instruct the VLM
that it must consider the current query as a new task and disregard past inputs and outputs.

Wavy Trajectories: We observe that when there are several correct paths that satisfy the
behavior specified in the context-based text prompt, the VLM may return any one of them. This
could sometimes result in a wavy trajectory (as shown in Fig. 5.2 on the crosswalk, while passing
the barricade). This is primarily due to the spacing parameter d.,; between the numbers marked

in the image, which affects the spatial resolution of the reference paths. However, decreasing d,.,,
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leads to more numbers annotated on the image, which leads to higher inference rates to process,
similar to removing MM VM in Table 5.3. Such limitations could be alleviated with faster large

VLMs in the future.

5.4.4 Limitations

Since CoNVOI uses a large VLM that is hosted remotely, its processing time and network
latency affects the robot’s navigation and its maximum velocity. In outdoor environments, since
network speeds also depend on weather conditions, we observe some rare instances where the
robot does not receive a reference path, and uses the baseline planner to navigate. Additionally,
this limits VLMSs’ use in highly dynamic environments with crowds. However, such limitations
can be overcome as large VLMs become faster, and locally executable. We also observe that
outputs could be sensitive to vague terms in the text prompt (e.g. “cross the street like a human”
instead of specifying “stay on the crosswalk’). Our current formulation does not use any global
information like a top-down view of the environment, which would be needed to assess factors
like where to cross the road, when the crosswalk is not visible from the robot’s camera. Finally,
CoNVOI uses the manually framed text prompts. It would be beneficial to allow the VLM to

automatically frame such prompts in the future.

5.5 Summary

In this chapter, we presented two methods that operate in both indoor and outdoor environments.
The first method, MIM dealt with challenges in sensing such as detecting transparent obstacles,

thin pliable curtains, grass, etc. MIM introduced a novel obstacle representation designed to
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enhance autonomous robot navigation. Based on the intensity of reflected points from point
clouds, MIM effectively characterized obstacles by their height, solidity, and opacity. Also, we
presented an adaptive inflation technique that further refines navigation cost maps by considering
obstacle solidity and available free space. We demonstrated significant improvements in navigation
metrics such as success rates, trajectory lengths, and F-scores, validating our proposed approach.

The second method addressed the problem of adapting the robot’s navigation behaviors
based on its environmental context. We presented CoNVOI, a novel method to use compact and
large VLMs for indoor and outdoor navigation without any additional training or fine-tuning.
CoNVOI utilized a novel multi-modal visual marking scheme, and a context-based prompting
method to achieve complex behaviors (e.g. avoiding moving in-between groups of humans,
interpreting signs, etc) in various indoor and outdoor scenarios. CoONVOI also used an extrapolation
method to avoid unnecessary requerying of the large VLM that reduces the queries by up to 50%
in certain scenarios. Both methods have been implemented and demonstrated on a real Boston
Dynamics Spot and Turtlebot 2.

Using MIM and CoNVOI enables mobile robots to operate in both indoor and outdoor
environments. However, their applicability has not been evaluated in highly dynamic environments.
MIMs can be integrated with the crowd navigation methods in chapters 2, and 3. However,
CoNVOI cannot be immediately deployed in such scenarios due to the high inference times
of present-day state-of-the-art VLMs. As VLMs continue to become faster and more capable,
CoNVOTI’s general context-based prompting and visual marking can enable them to be quickly

deployed for robot navigation tasks.
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Chapter 6: Conclusion

This dissertation significantly advanced the autonomous navigation capabilities of mobile
robots in various indoor and outdoor environments. Challenges such as navigating constrained
indoor environments with crowds of varying densities, unstructured off-road terrains with different
surface properties (e.g. deformable sand, rocks, fallen tree branches, etc), and dense vegetation.
Finally, we discuss general methods that solve sensing challenges (e.g. detecting transparent
obstacles, tall, thin, pliable obstacles, etc), and address context-aware navigation behaviors in
indoors and outdoors.

Chapters 2 and 3 discussed methods for crowd navigation. The presented formulations
evolved from considering dynamic humans in social scenarios only as individual obstacles to
detecting groups in a crowd and treating them as one cohesive unit to analyze their characteristics.
They also evolved from being purely learning-based to more practical model-based and learning-
based hybrids. Our methods also progressively became less constrained in choosing collision-
free velocities. For instance, the PFZs in Frozone (section 2.4) were formulated as group PFZs
in CoMet 3.4, which made more free space available to the robot to traverse. We demonstrated
the practical feasibility of all our methods using real robots in real-world crowd scenarios.

A few limitations related to Deep Reinforcement Learning (section 2.3) remain. For instance,

the sim-to-real gap and poor explainability of these models are still prevalent, although our work
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attempts to reduce the sim-to-real gap using realistic 3D simulations. An important, parallel
research direction to crowd navigation is Human Robot Interaction (HRI). Extensive research
on how humans react when walking alongside mobile robots, and how their responses differ
when compared to avoiding other humans are required. Further, methods that lead to improved
navigation behaviors that account for the surrounding context with dynamic humans (beyond our
static experiments in CoNVOI in chapter 5) are required. These methods must also be formulated
to have low computational overhead, and operate in real-time on edge computing devices.

Chapter 4 discussed TerraPN and VERN for unstructured outdoor navigation: TerraPN for
wheeled, and VERN for legged robots. An important feature of both methods was that they
were based on self-supervised and few-shot learning, respectively, and hence there was no need
for human annotated datasets for training their perception components. Further, these methods
required far less training data compared to traditional supervised learning-based methods to
exhibit the same navigation behaviors. Both methods operate in real-time on laptop-grade or
edge computing GPUs onboard robots in outdoor environments.

An important avenue for future research in outdoor navigation is perception that is robust
to changes in the environment such as extreme lighting and weather conditions. Moreover, there
is a need to develop learning methods that can generalize the training from one environment to
another without high model complexity and computational resources. For example, the robot’s
perception model must infer that an oak tree during noon, and a short maple tree at dusk should
both be viewed as the same from a navigation standpoint. One possible direction to achieve this
is by fusing data from different sensor modalities, each of which help detect a specific features of
the environment robustly. Another interesting direction, as recent research on large models have

demonstrated is achieving generalization by using large models trained with hundreds of billions
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of parameters and data points.

Chapter 5 explored the use of such large models for real-time navigation, along with a
generalized method based on point cloud intensities to sense complex obstacles in both indoor
and outdoor environments. The results the proposed methods are promising. However, significant
strides in multi-modal large models are required to make navigation truly environment-agnostic.
These models must be improved to be hosted and executed locally for faster navigation, and
handling dynamic obstacles. Once realized, these models will enable mobile robots to exhibit
truly adaptive, intelligent, and human-like behaviors.

We believe that through the research conducted in this dissertation, we have overcome
many limitations and identified new theoretical, and practical ones. The presented research also
spans the distinct challenges posed by real-world indoor and outdoor settings. All the presented
methods are designed for real-world applicability and realizability, and the practical challenges
in their implementation have also been reported, which is crucial for advancing robotics research

in autonomous navigation across various environments.
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