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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 of�ce 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 forsensingvarious entities
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in the environment,path planningthat 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 planningthat

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 localizationthat 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

signi�cant improvements to the local sensing and motion planning components of robots. Motion

planning is broadly referred to asnavigation.

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 re�ective 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

2



of information with the distances of objects from the camera at each pixel location by either using

the time-of-�ight [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 re�ections 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 (x; y; z)

coordinates, corresponding to objects in the LiDAR's vicinity. Additionally, LiDARs possess

high �elds-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 thecostof 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; ! ) for non-holonomic, differential drive systems or(vx ; vy) for holonomic systems, where

v and! denote a robot's linear and angular velocities, respectively.vx andvy 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.
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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; ! ) 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 �elds, 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 (DNNs) 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; ! ) 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 inef�cient

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

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 signi�cantly

reduces the amount of free space available to the robot for navigation. Such scenarios are

considereddense. 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
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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

re�ective 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 insuf�cient for navigation.

Furthermore, commonly used RGB/RGB-D images, laser scans, and point clouds cannot

detect transparent and re�ective obstacles as most light either passes through or re�ects

away from them and are not captured by cameras, LiDARs, etc. Yet, it would be bene�cial

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 �ip-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 �nd

enough free space to circumvent the �ora. 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-pliableand 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 signi�cant

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 asindividual obstacles. Subsequently, by extending the method in [54],

an approach to check for social distancing ingroupsof 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.
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2. We present Frozone, a model-based approach that predicts pedestrians' trajectories,

constructs aPotential 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 interpersonalcloseness) 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 classi�er that can be trained on a

few hundred RGB images to differentiate �ora 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 speci�cally,

the �nal 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 re�ected 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 thecontextor scenario of the robot's environment, a multi-

modal visual marking method to annotate RGB images with markers, and �nally a

state-of-the-art large VLM is to compute a suitable trajectory given the identi�ed

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

�rst 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, speci�cally

in crowds with pedestrian densities ranging from< 1 to 2 persons/m2.

The problem of robot navigation among dynamic obstacles has been well studied in robotics

and related areas. There is a large body of work onmodel-based navigation techniquesbased on

potential �elds, 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. Theselearning-based

methodscan 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

suf�cient 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 inde�nitely, 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/m2) 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 by48%in

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

2. Frozone, a real-time algorithm that signi�cantly reduces the occurrence of FRP by explicitly

predicting pedestrian trajectories, classifying them aspotentially-freezingor 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 signi�cantly more

pedestrianfriendly 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 inde�nitely 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 classi�es each pedestrian
aspotentially-freezingor non-freezing. We compute apotentialfreezing 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

bene�ts 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

(GANs) and LSTMs have also been proposed. For instance, GANs have been used for pedestrian

trajectory prediction [44] and CNNs have been used for traf�c 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 identi�ed previously unseen scenarios to carefully navigate

around pedestrians has been presented in [101].
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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 �rst 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 YOLOv3 [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 traf�c

trajectory prediction algorithm called RobustTP [106] to predict pedestrian motions. An image

with the bounding box coordinates of the detected pedestrians (from YOLOv3) 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 modi�ed to
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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� � that drives the robot to its goal while avoiding all the obstacles in the

environment. During each stage of reinforcement learning training, policy parameter� is updated

based on the robot's actions and their corresponding pre-de�ned 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 brie�y 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 instantt can be

represented asot = [ ot
percep; ot

odom; ot
goal], whereot

percep is the observation from the perception
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sensors,ot
odom is the odometry observation (which includes the current velocity of the robot), and

ot
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 asat = [ vt ; ! t ].

The robot performs a certain action until it receives the observation for the next time instant

ot+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:

argmin
� �

E[
1
N

NX

i =1

tg
i j� � ]: (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 knowswhere 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 thisfuture 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

collision avoidance network as a new observation. Formally,ot = [ ot
lid ; ot

cam ; ot
g; ot

v; ot
pred], where

ot
lid denotes raw data from a 2-D LiDAR,ot

cam denotes the raw image data from either a depth or

an RGB camera,ot
g refers to the relative position of the goal with respect to the robot,ot

v denotes

the robot's current velocity, andot
pred 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 fromat
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at each time instant as:

at � � � (at jot ): (2.2)

Note that it is also possible to directly combine the prediction output with the actionat . 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

observationot . 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 �rst 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 �lters, 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 instantt can be given as:

r t = ( rg)t + ( r c)t + ( rosc)t + ( r safedist )t ; (2.3)

where the reward for reaching the goal or an intermediate waypoint(rg)t is given as:

(rg)t =

8
>>>>>>>><

>>>>>>>>:

rwp if jjpt � pwpjj < 0:2;

rgoal if jjpt � gjj < 0:3;

2:5(jjpt � 1 � gjj � jj pt � gjj ) otherwise:

(2.4)

Here,pt andpwp denotes the position of the robot at timet and the position of the waypoint

respectively, andg denotes the robot's goal location. The collision penalty(r c)t is given as:

(r c)t =

8
>>><

>>>:

r collision if jjpt � pobsjj < 0:3;

0 otherwise:

(2.5)

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

(rosc)t = � 0:1j� ! t j if j� ! t j > 0:3: (2.6)
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Here,! t is the angular velocity of the robot. The penalty for moving too close to an obstacle is

given by:

(r safedist )t = � 0:1jdthresh � drobj if dthresh > d rob; (2.7)

wheredthresh anddrob denote thethresholddistance 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 setrwp = 10,rgoal = 20, andr collision = -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 bene�ts 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 Con�guration Dense-Static Random-Sparse-PedDense-Ped

Success Rate
Depth Camera 0.26 0.73 0.55

Depth Camera + LiDAR 0.6 0.733 1
DenseCAvoid 0.93 0.87 1

Avg Trajectory Length
Depth Camera N/A 5.5 16.3

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 bene�t 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

Freezing Robot %
< 1.0 meters 100% 100% 100%
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 than1m
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 Tensor�ow,

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 of4 meters and a �eld of vision (FOV) of 240� ,

and provides512range values per scan. The Orbbec Astra has a minimum range of1:4 meters

and a maximum sensing range of5 meters. We use depth images of size60� 80as 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 about85%

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:

(i) Policy trained only with depth camera observations, and (ii) Policy trained with LiDAR and

depth camera observations. This comparison would clearly highlight the bene�ts 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 through10randomly walking
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pedestrians to reach its goal.

3. Dense-Ped: Scenario where the robot must move against the direction of15 walking

pedestrians in a narrow corridor to reach its goal.

4. Robot Freezing: Several (3� 4) pedestrians are suddenly spawned at different distances

(1� 2meters) in front of the robot to simulate the freezing-robot scenario. Most prior benchmarks

fail in such cases and we highlight the bene�ts 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 inde�nitely,

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 �eld 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 bene�t 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 about1 to 1:5 meters away much better than the other methods,

leading to oscillations/freezing only 5% of the time. This highlights the bene�t 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[pped; uped] = [ pped
x ; pped

y ; uped
x ; uped

y ] 2 R4, wherepped and

uped 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

asgrob. All values are speci�edwith respect to a coordinate frame attached to the robot,with

an origin denoted byorob as shown in Fig. 2.7(a). Therefore, the forward heading direction of

the robot always corresponds to (1î + 0 ĵ ) and the direction towards the left is represented as (0

î + 1 ĵ ). 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 regionSrob is formulated as a square space with a side length ofssen meters in front of

the robot (see Fig.2.7(a)). Our approach can be easily modi�ed for other sensing regions. The

sensing region is offset in front of the robot byf meters to account for sensing inaccuracies in the

depth image, which could arise for objects too close to the robot. The depth imageI at any time

instantt, and the value of a pixel at(i; j ) which contains the proximity of an object at that part of

the image, are represented as:

I t = f C 2 Rw� h : f < C ij < f + sseng;

1 � i � w and 1 � j � h;

(2.8)

wherew, h, i and j are the image's width, height, and the indices along the width and height,

respectively.Cij 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 de�nedist(a, b) as a

function that computes the Euclidean distance between pointsa andb.
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2.4.1.2 Pedestrian Behavior in Crowds

Pedestrian motions in crowds are in�uenced 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 (vped) is related to physiological (pedestrian's height

and stride length) and psychological (need for personal space) factors [62] using the following

equation:

vped = min
�

jj~vpref jj ;
�

S�
H (1+ � )

� 2
�

(2.9)

where jj~vpref jj 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� are constants that account for the

stride of the pedestrian. We assume that all the pedestrians have the same values for H,� and

� . We use the velocity relationship in equation 2.9 to predict the future positions of pedestrians

after a time� t. 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 suf�cient 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 suf�cient distance in-front of the pedestrians, and avoids them from behind
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when possible. We de�ne� 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 de�ne thepedestrian-friendliness (PF)of the robot as,

PF = Z � N1 + �Z � min (dist(orob; pped
i )) ; (2.10)

where Z is a boolean that represents if a pedestrian has been avoided from behind,N1 is a large

value, andpped
i represents the position of thei th 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 asB = f Bk j B =

[top left; mB; nB]; 2 Hg , where top left; mB; andnB denote the top left corner coordinates, width,

and height of thekth bounding boxBk , respectively.H denotes the set of all pedestrian detections.

In addition, it also assigns an ID for a given image and reports the detection con�dence.

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/m2) scenarios.

2.4.2 Methodology

In this section, we describe how we formulate the freezing robot problem. This includes

various components including pedestrian classi�cation, 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 �nd 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 aspotentially-freezingin 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 ofpotentially-freezing
pedestrians after time� t. 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 ofT pedestrians in

its sensing region before reaching its goal. The pedestrians could either be mobile or stationary.

De�nition 2.4.2.1.1 (Freezing Robot Problem). If the pedestrians are stationary and are

positioned such that,

dist(pped
i ; pped

i +1 ) < 2
 8i 2 f 1; 2; :::; Tg;

dist(orob; pped
i ) � 
 8i 2 f 1; 2; :::; Tg;

pped
i ; pped

i +1 2 S rob;

(2.11)

wherepped
i and pped

i +1 are the positions of thei th and (i + 1) th pedestrian with respect to the
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robot, and
 denotes the minimum distance threshold that the robot's collision avoidance module

should maintain with all obstacles. If the conditions in 2.11 are satis�ed then the planner deems

all forward velocities as unsafe. Such a scenario constitutes theFreezing 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 ef�ciency 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; j )th pixel in the

imageCij contains the proximity of an obstacle present in that part of the image. When a

pedestriank is detected and tracked in consecutive images (Section III.C), the pixel values within

the detection bounding boxBk are averaged to measure the mean distance (davg) of the pedestrian

from the camera. Let the centroid of the bounding boxBk be denoted as[xBk ; yBk ]. Then, the
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angular displacement of the pedestrian with respect to the robot can be calculated as:

 =
� xBk

w

�
� FOVcam ; (2.12)

whereFOVcam is the �eld of view angle of the camera. The pedestrian's position with respect

to the robot can be calculated as[pped
x ; pped

y ] = davg * [ cos ; sin ]. A pedestrian's orientation

unit vectors[uped
x ; uped

y ] 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 speedvped 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 �rst identi�es the pedestrians in its sensing region who could cause such freezing

behavior and classi�es them aspotentially-freezing. To this end, the sensing regionSrob of the

robot is divided equally along the robot's X-axis asSrob
right and Srob

lef t as shown in Fig. 2.7(b).

Consider a pedestrian in the sensing region of the robot with an orientation denoted byu =

[uped
x ; uped

y ]. The pedestrian's velocity vectorvped with respect to the robot's frame, can be

obtained by scalingu by the pedestrian walking speedvped (from equation 2.9) as

vped = [ vped
x ; vped

y ] = vped � [uped
x ; uped

y ]:
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Let the robot speed bevrob. Therefore, its velocity vector with respect to its local coordinate

frame will be vrob = vrob � [1; 0]. A pedestrian positioned atpped 2 S rob
right is considered as

potentially-freezingif its velocity vectorvped satis�es these constraints:

vped
x 2 [� vped=

p
2; vped=

p
2];

vped
y 2 [vped=

p
2; vped]:

(2.13)

Similarly, the velocity vectorsvped of a pedestrian positioned atpped 2 S rob
lef t is considered

potentially-freezingif it satis�es:

vped
x 2 [� vped=

p
2; vped=

p
2];

vped
y 2 [� vped; � vped=

p
2]:

(2.14)

The pedestrian's speed is assumed to be comparable to the robot's speed in both cases (vped �

vrob).

Proposition 2.4.1.The distance function (dist()) between any pedestrian with a velocity vector

that satis�es the conditions in equations 2.13 or 2.14 and the robot, is a decreasing function with

time.

Proof. Considerpped 2 S rob
right with a velocity vector[vped

x ; vped
y ] that satis�es equation 2.13. From

Fig.2.7(b), we observe thatpped
x is positive andpped

y is negative. For simplicity, let us assume that

for a time interval [t0; t f in ], vped = vrob. Let t f in � t0 = � t 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(pped
x ; pped

y ) to

(pped
x + vped

x � t � vrob� t; pped
y + vped

y � t): (2.15)
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We assume no sudden changes in the pedestrian's motion since� t is small. Sincevped = vrob,

vped
x 2 [� vped=

p
2; vped=

p
2] =) vped

x < v rob andvped
y 2 [vped=

p
2; vped] =) vped

y > 0. Then,

the distance between the robot and the pedestrian att0 is given as,

d0 =
q

(pped
x )2 + ( pped

y )2: (2.16)

The distance between the robot and the pedestrian att f is given as,

df =
q

(pped
x + vped

x � t � vrob� t)2 + ( pped
y + vped

y � t)2: (2.17)

Sincevped
x � t � vrob� t < 0 andjpped

y + vped
y � t j < jpped

y j, we getdf < d 0 =) dist(orob; pped) is a

decreasing function in [t0; t f in ]. A similar proof can be formulated for a pedestrian inSrob
lef 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 classi�ed aspotentially-freezing.

�

Pedestrian Classi�cation: Thepotentially-freezingvelocity directions for each half of the sensing

region are shown in Fig. 2.7(b). Ifvped < v rob, then the pedestrian is considered aspotentially-

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[� vped; 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-freezingpedestrians' positions are involved infreezingzone
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computation.

2.4.2.4 Constructing the Potential Freezing Zone

De�nition 2.4.2.4.1 (Potential Freezing Zone (PFZ)).PFZ is de�ned as a conservative

region with a high probability for the occurrence of FRP, after a time interval� t. Using the

current position and velocity of apotentially-freezingpedestriani, we predict his/her's position

p̂ped
i after� t as,

p̂ped
i = pped

i + vped
i � t i 2 1; 2; :::; K; (2.18)

where K is the number ofpotentially-freezingpedestrians in the sensing zone. With these predicted

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

PFZ = Convex Hull(p̂ped
i ); i 2 1; 2; :::; K: (2.19)

We use the convex hull of̂pped
i as a conservative approximation because it simpli�es the computation

of the freezing zone. It also simpli�es 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

suf�cient distance from the pedestrian in this case, we construct the PFZ as a circle centered

around the pedestrian with a �xed radius. The avoidance of the PFZ locally guarantees the

prevention of FRP after time� t. 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, ifp̂ped
i of the closestpotentially-freezingpedestriani positioned atpped =

[pped
x ; pped

y ] satis�es,

dist(vrob� t; p̂ped
i ) � � (2.20)

(� is the pedestrian comfort distance) andvrob� t 2 PFZ, the robot initializes a deviation from

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

vrob
new = Rz;� vrob; (2.21)

whereRz;� 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 (� 1; � 2); (2.22)

where� 1 and� 2 are given by,

� 1 = argmin
Rz;� 1 vrob � t=2 P F Z

�
dist (Rz;� 1 vrob� t; grob)

�
; (2.23)

� 2 = tan � 1(pped
y =pped

x ); � 2 6= 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� t, the robot avoids the closest pedestrian

from behind. If� 2 = 0, we use� = � 1, which denotes the least deviation from the goal.
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Figure 2.8: The maximum possible deviation� 2max occurs, when the closestpotentially-freezing
pedestrian is at[f; s sen=2]. This proves that� 2 is always bounded, which implies that� =
min (� 1; � 2) is bounded.

Proposition 2.4.2. The deviation angle� has an upper bound oftan� 1(�
p

� 2 � f 2=f ) which

depends on� and f.

Proof. Consider the formulation for� 2. For the dimensions of the sensing region shown in

Fig. 2.7(a), the maximum value of the deviation angle for a certain� could occur if the closest

pedestrian is located atpped with pped
x = f meter (just within the sensing region), andpped

y =

�
p

� 2 � f 2 (see Fig. 2.8). This is because thetan� 1(pped
y =pped

x ) function increases aspped
x

decreases, andf is the least possible value thatpped
x can have. Then, the maximum value of� 2,

� 2max = tan � 1(�
p

� 2 � f 2=f ). � 2 is bounded bytan� 1(�
p

� 2 � f 2=f ) =) � is bounded by

tan� 1(�
p

� 2 � f 2=f ). �

The constraints on the deviation angle ensure that (i) 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/m2), 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 modi�es the velocities computed by the DRL policy to preemptively

avoid potential freezing zones in crowds with lower pedestrian densities (� 1 person/m2). 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:

vrob =

8
>>><

>>>:

vF rozone if T � s2
sen;

vDRL if T > s2
sen:

(2.25)

T � s2
sen corresponds to a density of� 1person=m2. 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 signi�cant

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 modi�es 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 aPotentialFreezing Zone;
3. Avoiding the PFZ in a pedestrian-friendly manner.

2.4.3.1 Implementation

We �rst 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 of4 meters, an FOV of 240� , and provides512range

values per scan. The Astra camera has a minimum and maximum sensing range of0:5 meters

and5 meters, respectively. We use images of sizew � h = 150 � 120 with added Gaussian

noiseN (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
Rate

(higher
better)

DWA [29] 0.4 0.6 0.6 0.8
Long et al. [34] 0.1 0.4 0.6 0.2

DenseCAvoid [53] 0.2 0.6 0.7 0.4
Frozone + DRL 0.6 0.8 0.6 0.8

Mean
Time
(lower
better)

DWA [29] 32.9 31.9 33.25 32.71
Long et al. [34] 35.4 39.2 31.3 33.8

DenseCAvoid [53] 32.03 39.08 32.77 30.04
Frozone +DRL 31.3 29.06 32.8 32.2

Avg
Velocity
(higher
better)

DWA [29] 0.30 0.31 0.31 0.30
Long et al. [34] 0.28 0.25 0.30 0.33

DenseCAvoid [53] 0.33 0.25 0.31 0.33
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 �ve pedestrians
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Metrics Method 1Ped-3m 1Ped-4m Ped-perp-3m Ped-perp-4m

Freezing
Rate

(lower
better)

DWA [29] 100 87 11 0
Long et al. [34] 100 100 23 11

DenseCAvoid [53] 100 81 5 0
Frozone + DRL 0 0 0 0

PF
(higher
better)

DWA [29] 0.0 0.35 1.02 1.5
Long et al. [34] 0.0 0.0 0.57 0.95

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 signi�cant 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 /m2.

• Random-10:The robot navigates through randomly moving 10 pedestrians. The maximum

density however, is< 0.75 person /m2. 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 of3 meters and4 meters. The pedestrian

moves at1 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 withN1 = 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 signi�cantly 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 signi�cantly 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 ef�ciency of the navigation. In

all our trials, Frozone + Long et al's method passed the pedestrian from behind, without changing
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