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Socially Aware Planning for Indoor Navigation

Abstract: As robots increasingly present in human-populated spaces, they must be able
to navigate among humans safely and without disrupting. People try to preserve their own
personal space when moving in real-world social spaces. However, the current navigation
methods do not consider this aspect and treat humans as any other obstacle.This thesis
proposes a method that considers personal space for humans as well as social navigation
norms. For this purpose, the robot converts camera-based human detections to a costmap
form and define the personal space as a Gaussian asymmetric function. The proposed
solution is validated through real-world experiments, demonstrating that the robot can
improve the quality of navigation. The proposed solution is available on GitHub as a
costmap layer that can be easily integrated into existing frameworks.
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Sotsiaalselt teadlik planeerimine siseruumides navigeerimiseks

Liihikokkuvote: Kuna roboteid on itha enam inimestega asustatud ruumides, peavad
nad suutma inimeste seas turvaliselt ja segamatult litkkuda. Inimesed piitiavad reaalsetes
sotsiaalsetes ruumides liikudes sdilitada oma isiklikku ruumi. Praegused navigatsioo-
nimeetodid aga seda aspekti ei arvesta ja kohtlevad inimesi kui mingit muud takistust.
Kéesolev 10putdo pakub vilja meetodi, mis arvestab nii inimeste isiklikku ruumi kui
ka sotsiaalsete navigatsiooninormidega. Sel eesmargil teisendab robot kaamerapdhised
inimtuvastused kulukaardi vormiks ja defineerib isikliku ruumi Gaussi asiimmeetrilise
funktsioonina. Pakutud lahendust valideeritakse reaalsete katsete abil, mis niitavad, et
robot suudab navigatsiooni kvaliteeti parandada. Pakutud lahendus on saadaval GitHubis
kulukaardi kihina, mida saab hdlpsasti integreerida olemasolevatesse raamistikesse.

Votmesonad:
Diinaamiline viltimine, robootika, ROS, autonoomne navigatsioon, mobiilrobot

CERCS: T125 Automatiseerimine, robootika, juhtimistehnika



Abbreviations

Al - Artificial Intelligence

API - Application Programming Interface
ASR - Automatic Speech Recognition
CPU - Central Processing Unit

DWA - Dynamic Window Approach
GPU - Graphics Processing Unit
LiDAR - LIght Detection And Ranging
LLM - Large Language Model

NLP - Natural Language Processing
OS - Operating System

RGB-D - Red Green Blue — Depth

RL - Reinforcement Learning

ROS - Robot Operating System

YOLO - You Only Look Once (algorithm)
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1 Introduction

1.1 Background

Mobile robots are increasingly operating in human-populated spaces, from warehouses
to hospitals, reflecting the growing recognition of their potential to offer productivity
gains and operational support [1]. However, deploying robots in shared spaces requires
safety guarantees to ensure they do not endanger humans or disrupt workflows. The
safe integration of mobile robots hinges on their ability to navigate between static
infrastructure and unpredictable dynamic obstacles (e.g., humans, other robots) without
causing disruptions or hazards. Current open-source navigation stacks in ROS provide
basic obstacle avoidance capabilities, but often lack handling of social navigation norms
and dynamic human movements.

1.2 Motivation

While ROS provides comprehensive tools for mobile robot navigation through its Navi-
gation stack, there remains a significant gap in handling dynamic human environments
effectively. Existing solutions typically treat humans as simple obstacles without con-
sidering social navigation norms or predictive behaviors. Moreover, the integration of
real-time human detection data from traditional LiDAR-based systems is often subopti-
mal. With mobile robots becoming more prevalent in human spaces, there is a pressing
need to enhance ROS Navigation’s capabilities to include socially-aware motion planning
and improved dynamic obstacle representation.

1.3 Objectives and Contributions

The objective of this thesis is to enhance dynamic obstacle avoidance for mobile robots
in human environments by combining real-time sensor fusion and adaptive cost mapping.
The contributions of this work are:

* C1: A custom costmap layer that integrates real-time human pose data, improving
dynamic obstacle representation. This adaptation of human detection software
works in the context of ROS and provides more accurate environment perception.

* C2: An adaptive trajectory planner that balances collision avoidance with social
navigation norms. This includes modifications to DWA local planners to take social
navigation into account and the development of pre-existing trajectory prediction
implementations for use in planners.



* (C3: Experimental validation in a real environment, demonstrating an improvement
in dynamic obstacle avoidance compared to baseline ROS navigation stacks while
maintaining navigation efficiency.

It is worth noting that while the developed solutions are implemented and tested on a
specific robotic platform, the approaches are designed to be generalizable to various
mobile robot configurations operating in human indoor environments.

1.4 Organization of Thesis

The thesis is organized as follows:

* Introduction: Introduction, background, motivation, and contributions of the
thesis are discussed.

* Background: This chapter presents a literature review on autonomous navigation,
the challenges of dynamic obstacle avoidance, and introduces detection methods
and related works.

* Methodology: Detailed explanation of the proposed solutions, including the cus-
tom costmap layer, intent extraction from speech and adaptive trajectory planner.

* Results: Findings from experimental validation in real environments, with com-
parisons to baseline approaches.

* Discussion: Discussing the results and limitations of the thesis.

* Conclusion: Summary of outcomes and contributions of the work.



2 Background

This chapter establishes foundational concepts discussed in this thesis for robotic naviga-
tion in dynamic human environments. It analyzes technical challenges from real-time
perception to path planning, while exploring solutions developed across sensing, plan-
ning, and prediction domains.

2.1 Autonomous Navigation

Autonomous navigation enables vehicles or robots to operate independently by combining
environmental understanding, decision-making, and precise motion execution. It enables
robots to move independently by integrating four core capabilities defined by Siegwart et
al. [2]:

1. Perception: Interpreting sensor data (LiDAR, cameras, etc.) to construct real-time
environmental representations.

2. Localization: Estimating the robot’s position within these representations using
techniques like SLAM.

3. Cognition: Generating actionable goals through dynamic path planning and
obstacle avoidance.

4. Motion Control: Executing physical movements via controllers that translate
plans into wheel or actuator commands.

These pillars operate together. Perception systems first build maps by fusing data from
sensors, creating a foundation for localization algorithms to track the robot’s position.
Cognition then leverages these spatial models to plan paths that balance efficiency
with safety, employing global planners for coarse route optimization and local planners
for real-time obstacle avoidance. For instance, Starship Technologies’ delivery robots
precompute campus-wide routes but dynamically adjust paths to avoid pedestrians [3],
demonstrating this layered planning hierarchy.

Motion control closes the loop by executing trajectories with precision. Controllers
such as PID or model-predictive systems account for wheel slippage and terrain varia-
tions, ensuring adherence to planned paths. Simultaneously, reactive obstacle avoidance
algorithms continuously monitor proximity sensors to maintain safe distances from both
static infrastructure and dynamic agents like humans.

Real-world implementations highlight this integration. Amazon’s Kiva robots navi-
gate warehouses by dynamically updating routes around mobile workers and stationary
shelves [4], while Aethon’s TUG hospital robots adapt to crowded medical corridors
using socially aware navigation protocols [5]. Retail robots like SoftBank’s Pepper



further illustrate the role of cognition, combining customer interaction with adaptive
pathfinding in unstructured environments [6]. Ultimately, autonomous navigation hinges
on the seamless interaction of perception, localization, cognition, and control—each
component iteratively refining actions to achieve safe, goal-oriented mobility. Figure 1
shows two representative platforms used in healthcare and retail environments.

(a) Aethon TUG in hospital corridors (b) SoftBank Pepper in retail environments

Figure 1. Examples of service robots: (a) Aethon TUG [7]; (b) SoftBank Pepper [8].

2.2 Dynamic Avoidance

The field of robotic navigation has evolved significantly from simple static obstacle
avoidance to the complex challenge of dynamic obstacle avoidance, which has become
increasingly critical as robots move into human-populated environments [9] [10]. While
static navigation deals with predictable, unchanging obstacles like walls and furniture,
avoidance of objects in motion, “dynamic obstacles”, is much more complex as it must
account for people, vehicles, and other robots - each with their own unpredictable
behaviors and trajectories [11]. This fundamental difference creates numerous technical
challenges that span across perception, prediction and planning.

Mobile robots find it difficult to navigate autonomously in a dynamic environment
since most traditional algorithms are only efficient in a static environment. In such
an environment, a mobile robot usually works based on mapped information on the
existing obstacles. So, it becomes a major problem for the mobile robot to autonomously
navigate in a dynamic environment as it is not equipped to learn to plan its path to avoid
dynamic obstacles continuously [12]. The two main challenges traditional methods
face are the contradiction between the accuracy of grid-based map representation and
its memory requirements and the fact that, in dynamic environments, these algorithms
require intensive calculations for real-time re-planning of the navigation path making
their reactivity is somewhat limited [13].

Modern perception systems must resolve the tension between latency and reactivity.



Boston Dynamics’ Stretch robot exemplifies this balance, leveraging fused LiDAR and
depth camera data to classify warehouse workers as dynamic obstacles with sub-second
latency, such systems increasingly employ temporal differencing techniques to distin-
guish static and dynamic elements in point clouds, though occlusions and sensor noise
remain persistent challenges [14]. Accurate prediction is equally critical, requiring
robots to anticipate both movement patterns and human social behavior. At the planning
level, traditional grid-based methods like A* become computationally prohibitive when
frequent replanning is required. This has spurred adoption of reactive techniques such
as DWA and Velocity Obstacles, which enable local adjustments without global recom-
putation. Amazon’s Proteus warehouse robots apply this principle, combining coarse
A* waypoints with real-time DWA corrections to navigate around forklifts while main-
taining throughput targets [15].However, these methods still struggle with long-horizon
reasoning, often failing to anticipate cascading interactions in dense scenarios.

2.3 Robot Operating System

Robot Operating System (ROS) is an open source, Linux-based framework to operate
and program various kinds of robots. It leverages peer-to-peer communication, in
which executable programs, called nodes, communicate with each other at runtime
[16]. The nodes are connected to a ROS master, which is in charge of coordinating the
communication among them and through which they can exchange information. The
nodes communicate through publishing or subscribing to topics containing messages.
Therefore, in case a node needs some data, it subscribes to the relevant topic and, likewise,
if it generates some data, it publishes them in form of messages on a topic. ROS makes the
robot system decoupled, so that different parts of robots can perform different functions
without hindering the others, thus if one of the nodes crashes, it does not necessarily
halt the system entirely. Another advantage of ROS is reusability of the code on various
robots, as it is hardware agnostic.

2.3.1 ROS Navigation

ROS Navigation is a framework that exposes functionalities of trajectory planners through
a ROS based interface, using a collection of packages that enable mobile robots to move
in the environment avoiding obstacles encountered along the way from its current position
to a goal position. It is designed to be as general-purpose as possible primarily meant for
differential drive (two separately driven wheels placed on either side of the robot body)
and holonomic wheeled robots (robots can move in any direction) [17].

The core of the Navigation framework is the move_base node seen in Fig. 2, which
takes a goal pose as input and generates a trajectory for the robot to follow from its
current position to the goal position. The move-base block links the global and local
planners to adjust the behavior of the robot during path planning. The robot’s position
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is estimated using odometry, which uses motion sensors like encoders, and the data is
published on the /odom topic.

The output of the path planning is given in the ROS topic /cmd_vel as a geome-
try_msgs/Twist message, which contains linear and angular velocity vectors. The robot
base controller then interprets these vectors and converts them into the corresponding
motor commands to follow the desired trajectory.

In order to receive goal requests, ROS Navigation uses ActionServer for communica-
tion with an ActionClient. In ROS, services follow a client-server model. A node that
wants to utilize a specific service acts as a client and sends a request to the node that
provides the service, which acts as the server. The server processes the request and sends
back a response to the client. Move-base is an implementation of a SimpleActionServer,
which has a single goal policy, subscribed to the topic move-base-simple/goal. A Sim-
pleActionClient can send goal poses to the server, and move-base generates a trajectory
making use of global and local planners.

S N & Navigation Stack Setup

move_base
i “/map"
¥ nav_msgs/GetMap Mapisender

amecl global_planner =—— global_costmap
. ,‘| p / . .
A : sensor topics
sensor tr internal Sensor sources
| ttfMessage nav_msgs/Path recovery_behaviors sensor_msgs/Laserscan 4l
= sensor_msgs/PointCloud
\\

odometry source “odom*® local_planner  -—— local_costmap

| nav_msgs/Odometry

"emd_vel" | geometry_msgs/Twist
Y

base controller

Figure 2. Structure of ROS Navigation, which integrates localization, mapping, global
and local planners.

optional provided node

provided node
platform specific node

2.3.2 Costmap Representation in ROS

The fundamental task of autonomous real-world navigation is to reach a global goal
(global navigation) while maneuvering in a dynamic environment where it is necessary
to react to static and dynamic obstacles (local obstacle avoidance) [1]. Central to this
process in the ROS Navigation framework is the costmap, a grid-based representation
of the environment where each cell encodes a "cost" value reflecting traversal risk (e.g.,
obstacles, proximity penalties). Unlike traditional monolithic costmaps, where all the
data are stored in a singular grid of values, in the costmap layers approach used in ROS,
each layer tracks one type of obstacle or constraint, and then modifies a master costmap
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that is used for the path planning. The base layers in ROS Navigation are essentially
three: (i) static layer — stores the costs associated with the static map provided at launch
time, (ii) obstacle layer — continuously marks and clears cells according to sensor data,
and (iii) inflation layer — propagates cost values out from occupied cells that decrease
with distance, in order to provide a safety margin for the robot navigation [18].

Real Obstacle

Global costmap

inflated Obstacle

Local costmap

e

e X/Y. Right-Click:: Zoom. Shift: More options.

Figure 3. Layered-costmap representation in ROS

2.3.3 Global and Local Planners

ROS Navigation uses two-level planning - global and local - for calculating the series of
velocity commands from the robot’s current pose to its goal state [19]. After perceiving
the environment using sensors, it is necessary to plan a feasible path in order to reach
the desired target starting from the current position. There is a rich literature on path
planning algorithms which can be categorized to traditional methods (A*, Dijkstra, etc.),
Al-based methods (RL, genetic algorithm, etc.), and hybrid methods which combine
traditional approaches with Al methods [20] [21].

In global navigation, traditional planners like A* or Dijkstra’s algorithm compute
a complete path using the static layer of the costmap. These algorithms prioritize low-
cost cells to generate optimal routes while avoiding high-cost regions such as walls.
For dynamic environments, the obstacle layer continuously modifies the costmap with
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Figure 4. Global and Local planner in ROS

sensor data, enabling the local planner to adjust trajectories in real time [22]. Local
planning leverages the full costmap (static + obstacle + inflation layers) to refine the
global path. Reactive algorithms like the DWA or Vector Field Histogram evaluate
the costmap’s cell values to compute collision-free velocities that respect kinematic
constraints. The inflation layer ensures smooth detours around obstacles by penalizing
paths near high-cost regions, while sensor data updates the obstacle layer to reflect
moving objects.

A global planner takes into account the base footprint, a projection of the robot’s
outline on the ground plane, and a global costmap to generate a collision-free trajectory
consisting of series of wayposes to reach the goal state. However, for the sake of
simplicity and efficiency, global planners consider the base footprint as a single point in
the process of generating the global plan, if the base footprint is defined as a polygon
geometry. Since mobile platforms are commonly navigated by velocity commands,
local planners in ROS Navigation are in charge of translating the wayposes provided by
the global planner into corresponding velocity commands to be sent to the robot [19].
Although global planners publish the whole trajectory to be followed by the robot, local
planners, too, plan for some variable steps ahead at each instance of time and update
the global trajectory. This way, local planners would be able to fix any errors due to
slipping and driving precision while trying to follow the global planner’s trajectory. Thus,
this two-level planning increases the planning accuracy and helps avoiding any new
appearing or moving obstacles. However, this also means the trajectory generated by
local planners is not necessarily following the initial global plan [23].
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2.4 Detection Methods

Accurate obstacle detection forms the foundation of safe autonomous navigation, requir-
ing systems to interpret diverse sensor inputs under dynamic conditions. This section
outlines key detection modalities and their integration:

* LIDAR/Radar: Provide reliable distance measurements and object detection
across lighting conditions.

* Vision-Based Systems: Enable semantic understanding through cameras and
computer vision.

* Sensor Fusion: Enhance robustness by combining complementary sensor data
streams.

24.1 LiDAR

LiDAR (Light Detection and Ranging) has become a cornerstone of autonomous navi-
gation due to its high-resolution 3D mapping capabilities. By emitting laser pulses and
measuring their time-of-flight, LIDAR generates precise point clouds that capture envi-
ronmental geometry with centimeter-level accuracy. Recent advancements in solid-state
LiDAR have improved reliability while reducing cost and mechanical complexity, en-
abling widespread adoption in robotics and autonomous vehicles. For example, Waymo’s
autonomous fleet relies on multi-beam LiDAR arrays to detect and classify obstacles at
ranges exceeding 200 meters, even in low-visibility conditions [24] .Similarly, research by
Malavazi et al. [25] shows LiDAR-only system applications in crop maintenance,while
Wang et al. [26] show a complete navigation system proposed for mobile ground vehicles
in a park environment using a LiDAR as the only sensor.

2.4.2 Camera-Based Detection

Vision-based systems have gained prominence with the rise of deep learning, enabling
robots to interpret complex scenes semantically. Tesla’s "Vision-only" Autopilot system
exemplifies this trend, leveraging a surround-camera array and neural networks to achieve
real-time object detection, lane estimation, and path prediction without LiDAR . Their
approach relies on massive datasets and iterative training to handle edge cases—such as
occluded pedestrians or irregular road geometries—demonstrating the scalability of pure
vision systems in structured environments [27].

Vision systems excel at identifying obstacles through semantic context and Depth-
enabled cameras like the Intel RealSense further enhance spatial reasoning by converting
2D detections into 3D coordinates, stereo vision and structured light technologies enable
precise localization—critical for collision avoidance in cluttered spaces. A representative
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approach by Joul [28] combines RGB-D cameras with YOLO, a real-time object detection
network. The pipeline processes RGB images with YOLO to generate 2D bounding
boxes, then merges these detections with depth maps to estimate 3D human positions.
This hybrid approach balances speed (30 FPS on mid-tier GPUs) and accuracy, enabling
reliable human tracking in dynamic settings.

Modern systems increasingly leverage such vision-depth fusion, as cameras provide
rich environmental context while depth sensors resolve scale ambiguity—critical for
navigation tasks requiring spatial reasoning. Depth-enabled cameras like the Intel
RealSense convert 2D detections into 3D coordinates through geometric deprojection.
By combining pixel locations with depth data and camera intrinsics (focal lengths, optical
centers), systems map image coordinates to real-world positions. This process allows
robots to perceive obstacle geometry directly in their operational coordinate frame.
Depth disparity from stereo vision enables precise spatial localization—a capability
fundamental for collision prediction and avoidance.

2.4.3 Sensor Fusion

Effective navigation in dynamic environments requires perception systems that overcome
the limitations of individual sensors through complementary fusion. Traditional 2D
LiDAR provides reliable mapping of static structures but struggles with dynamic obstacle
classification and suffers from background clutter interference at operational frame rates
[29, 12]. Cameras offer superior object recognition through rich visual features, yet lack
inherent depth perception.

Modern systems address these challenges through tightly-coupled sensor fusion
architectures that combine the strengths of each modality. LiDAR delivers precise,
long-range 3D measurements while cameras provide crucial semantic context, enabling
systems to distinguish between movable objects and fixed infrastructure, as demonstrated
by Pan et al. [30], by correlating geometric point clouds with visual features resolves
ambiguities in crowded environments where single-sensor approaches fail. Wu et al. [31]
further show how such fusion improves both obstacle detection reliability and tracking
performance compared to standalone sensors.

The synergy between these sensors enables robust real-time navigation. LiDAR sup-
plies high-frequency spatial updates while cameras validate obstacle identities, creating
probabilistic representations that account for both immediate collisions and anticipated
movements. This multi-modal approach proves particularly valuable for dynamic obsta-
cle avoidance, where maintaining accurate tracking of moving objects is essential for
safe path re-planning. The sparse but precise 3D data from LiDAR complements the
dense but geometrically ambiguous camera data, yielding a perception system greater
than the sum of its parts [30].
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2.5 Related Works

Socially-aware navigation has become an increasingly active area of research in robotics,
particularly in indoor environments where mobile robots share space with humans.
Several approaches have focused on extending standard navigation to support human-
aware path planning. A common technique involves augmenting the costmap with
social constraints. For example, the nav2_social_costmap_plugin[32] introduces a
ROS2-compatible plugin that inflates costs around humans using asymmetric Gaussian
distributions based on the detected person’s motion and velocity. Similarly, Barig [33]
developed a social costmap layer for ROS1 using laser-based leg detection to enforce
proxemic boundaries and evaluate navigation behavior via a Human Comfortable Safety
Index.

Recent work by Pérez et al. [34] and Ribeiro & Moreno [35] extends the concept of
social costmaps by incorporating human motion prediction and group-aware navigation.
These methods use anticipatory models to adjust the robot’s path dynamically, improving
human comfort and reducing abrupt trajectory changes.

In terms of local planning, adaptive variants of the Dynamic Window Approach
(DWA) have been proposed. Dobrevski and Skocaj[36] introduced an ADWA model that
uses learned cost function weights to adapt robot behavior in cluttered environments.
Ngo et al.[37] further optimized DWA to incorporate personal space constraints, making
it more suitable for socially sensitive tasks.

Camera-based human detection pipelines have also become more prominent with the
use of deep learning. Joul’s ROS-compatible YOLO-based detector [28] provides real-
time 3D bounding boxes that can be directly integrated into costmap layers. Similarly,
Kang et al. [38] fuse RGB-D data to detect humans, considers different social types and
defines appropriate personal spaces for each.

2.6 Intent Detection

Voice-based human-machine interface has become a prevalent feature for modern intelli-
gent vehicles, especially in navigation and infotainment applications [39]. Automatic
Speech Recognition (ASR) converts spoken audio streams to plain texts, but a follow-up
Natural Language Processing (NLP) sub-system is needed to understand the contextual
meaning from the text and act. For the specific human-robot navigation dialogue ap-
plication, the two major tasks include (1) intent detection - decide whether a sentence
is navigation-related, and (2) semantic parsing - retrieve important information (e.g.,
point-of-interest destinations) from the words [39]. This capability becomes particularly
crucial in mobile robotics applications where voice serves as the primary interface for
commanding autonomous navigation in complex environments.

Traditional approaches to navigation intent detection have employed various method-
ologies with differing levels of sophistication. Rule-based systems utilize predefined
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grammars and pattern matching to identify command structures, such as parsing phrases
following the template "[Action] to [Location]" (e.g., "Go to the kitchen"). While ef-
fective for constrained vocabularies, these systems demonstrate limited flexibility when
confronted with the natural variation in human speech. Statistical methods, particularly
those leveraging machine learning classifiers such as Support Vector Machines (SVMs)
or neural networks, give improved robustness by learning intent patterns from labeled
datasets of navigation commands. These models treat intent detection as a classification
problem, differencing navigation commands from other speech acts while simultaneously
identifying key command components through sequence labeling techniques.

The emergence of Large Language Models (LLMs) such as GPT-3.5 and GPT-4
has introduced transformative capabilities to navigation intent detection. These models
excel at interpreting free-form navigation commands without relying on rigid templates,
enabling comprehension of varied phrasings including indirect requests (e.g., "Could we
move toward the exit?") or implied destinations (e.g., "I need to get my lunch" when near
a refrigerator). LLMs can filter non-navigation speech, resolve referential ambiguities
using contextual cues, and output structured navigation goals compatible with robotic
systems.

Several studies have demonstrated the effectiveness of LLM-based approaches in
robotic navigation scenarios. Huang et al. [40] implemented a GPT-3.5 powered intent
detection system capable of interpreting navigation commands across multiple languages,
significantly outperforming traditional classifiers in handling paraphrased commands.
Similarly, Liao et al. [41] developed a multimodal intent detection framework combining
GPT-4 with visual cues, enabling resolution of ambiguous references (e.g., "Go there")
through gaze tracking and scene understanding.
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3 Requirements

3.1 Objective

In this work, the system aims to enhance autonomous navigation in human-populated
indoor spaces by detecting and avoiding human obstacles in real-time while planning
socially-aware paths around them. The primary objectives are to:

* Ensure safe, collision-free navigation in dynamic human environments
* Maintain efficient robot movement while adhering to social navigation norms

* Integrate real-time sensor fusion for improved dynamic obstacle representation

3.2 Functional Requirements

The system should meet the following functional requirements:

Real-time Obstacle Detection: Utilize a combination of LiDAR and RGB-D
camera data to recognize both static and dynamic obstacles.

Predictive Path Planning: Incorporate trajectory prediction models to anticipate
human movements and adjust navigation paths accordingly.

Adaptive Costmap Integration: Dynamically update the local costmap to reflect
detected obstacles and social navigation constraints.

Safety Compliance: Prioritize zero collisions with human obstacles under normal
operating conditions.

3.3 Operational Environment

The system was intended for deployment in structured indoor environments such as
offices, university campuses, and retirement homes. These settings feature a mix of
static and dynamic obstacles, including furniture and moving agents. Development
was conducted in a pre-mapped hallway and room where human agents intentionally
interfered with the robot’s path to simulate real-world unpredictability, and add changes
to the system to improve it. Environmental constraints include spaces for the robot to
maneuver and lighting that provides visibility as it is camera-dependent.
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3.3.1 Hardware Requirements

The experimental platform (Shown in Fig. 5) consists of the following core components:

¢ Mobile Base:

Model: Vstone MegaRover Ver3.0

Drive Type: Omnidirectional wheels

Payload Capacity: 40kg maximum

Platform: Custom acrylic mounting structure
* Perception Sensors:

— 3D LiDAR: RoboSense RS-LiDAR-16

Channels: 16-beam
Field of View: 360° horizontal
Maximum Range: 150m

*

*

*

*

Output: 3D point cloud data
— RGB-D Camera: Intel RealSense D435

* Depth Range: 0.2m - 10m
* Color Resolution: 1920 x 1080 @ 301fps
% Output: Synchronized depth and RGB streams

— Microphone
* Computing Unit:

— Processor: x86_64 architecture
— OS: Ubuntu 20.04 LTS
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Figure 5. MegaRover Ver3.0 mobile platform equipped with RS-LiDAR- 16 and RealSense
D435 sensors

3.3.2 Software Requirements

* Core Framework: The presented approach has been implemented within ROS1
Noetic version on an HP OMEN 16-k0033dx with a Linux Ubuntu 20.04 environ-
ment with the following key packages:

— Navigation Stack: ROS Navigation Framework and Global/local planning
integration.

— costmap2d: Multi-layer costmap management.

— custom costmap layer: Developed in this work to translate detection data
to costmap format and integrate trajectory predictions.

* Perception Stack: Gmapping: 2D mapping with LiDAR.

* Dependencies: GPU version of PyTorch, the NVIDIA CUDA Toolkit along with
a Python 3 environment.
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4 Methodology

This chapter details the technical approach used to implement camera-based detection
and its integration into a dynamic obstacle avoidance system. The section outlines the
software implementation, including human detection, cost map generation, autonomous
navigation, trajectory prediction and the mechanisms for speech-to-intent processing.
A subsequent section describes the system design and the experimental framework
employed for baseline testing.

Use Case

The proposed system enables autonomous mobile robots to operate safely in human-
populated environments through voice interaction and adaptive navigation. It is designed
for environments such as hospitals, offices, or assistive settings, the robot accepts natural
language commands and converts them into navigational goals using GPT-3.5 Turbo
for intent extraction. A multimodal perception system—combining 3D LiDAR and an
RGB-D camera detects and tracks nearby humans, dynamically adjusting the robot’s path
to maintain safe distances while accounting for predicted pedestrian motion. Figure 6
illustrates this use case scenario.

I need ice
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N

Figure 6. Use Case Implementation

21



4.1 Software Implementation

The system’s operation begins when a user provides a navigation goal through voice
commands. Upon detecting the activation word, the microphone captures the spoken
command, which is then transcribed and interpreted into a navigational goal using
speech-to-intent processing (Section 4.2). This goal serves as the input to the navigation
stack.

For environment perception, the RoboSense RS-LiDAR-16 generates a 3D point
cloud that is converted into a 2D laser scan, providing obstacle data for the base costmap
layer. Simultaneously, the Intel RealSense D435 camera feeds RGB-D data to a YOLO-
based detection pipeline that identifies humans in the robot’s vicinity and estimates their
3D poses.

The system dynamically updates the costmap by combining:

* Obstacle data from the LiDAR sensor.
* Human pose from camera detection.
* Predicted human trajectories.

This integrated costmap enables the DWA local planner to compute safe, human-
aware paths. The navigation execution module then guides the robot while continuously

adapting to environmental changes. Figure 7 illustrates this complete workflow from
voice input to motion execution.
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Figure 7. Overview figure of the system
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4.2 Speech-to-Intent System Using GPT and Response Generation

To facilitate seamless human-robot interaction in populated environments, the robot is
equipped with a speech-to-intent system that enables users to specify goal positions via
voice commands. A microphone captures spoken input to ensure optimal audio reception.
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Figure 8. Speech to intent pipeline

The system operates in several stages:

1. Speech Recognition: Upon detecting the activation keyword “start”, the robot
initiates a 10-second listening window to capture the user’s command. Speech
input is transcribed into text using Google’s Speech-to-Text (STT) service,
which supports up to 3 languages in its free version (In this case, English (en-US),
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Spanish (es-ES), and Japanese (ja-JP)). The recognize_speech() function iter-
ates through these languages until a valid transcription is obtained. If no speech is
detected, the system logs a timeout error.

2. Intent Inference via GPT-3.5 Turbo: The transcribed text is processed by
OpenAIl’s GPT-3.5 Turbo model using a structured prompt to enforce deter-
ministic outputs. The system prompt is defined as:

"You are an assistant that identifies locations based on user intent. The possible
locations are List of location. Respond only with the location name, without
additional text."

The infer_location_intent() function parses the API response, enforcing deter-
ministic outputs through regex validation. Successful inferences return canonical
location names; failures trigger re-prompting via TTS.

3. Goal Confirmation and Navigation: The inferred location is mapped to pre-
configured coordinates stored in a JSON file. The robot audibly confirms the
destination using Google’s Text-to-Speech (TTS) service, stating: “I will go to:
[GPT Response]”. These coordinates are then dispatched to the navigation stack.

Multilingual support

The system automatically handles three languages (English, Spanish, Japanese) with-
out pre-selection required, the language of choice can be modified accordingly. The
recognize_speech function sequentially attempts transcription in each language until
successful:

text = recognize_speech(languages=["es-ES", "en-US", "ja-JP"])

This method uses multilingual natural language and applies robust intent parsing, ensuring
reliable operation. The modular design allows for future expansion to additional possible
locations or commands minimal modifications.

Error Handling

If the speech-to-intent process fails to provide a goal location, the system emits an audible
reprompt to restart the process. Persistent failures trigger a fallback to manual keyboard
input. Additionally, once a goal location is confirmed and sent to the navigation stack,
the robot will not accept additional voice commands until the current navigation task
is completed. This prevents conflicting instructions during execution and ensures task
consistency. Users must wait for the robot to reach its destination or manually interrupt
the operation before issuing new commands.
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System Latency

Empirical measurements indicate a cumulative end-to-end intent resolution time of
approximately 10 seconds. Further latency breakdowns are described in Section 4.6.
Additionally, discussion of appropriate latency values for navigation, planning and
execution is detailed in Section 6.

4.3 Human Detection Pipeline

The human detection system is incorporated from Joul’s ROS-based 3D bounding box
detection pipeline [28], [42], which provides real-time human localization using an
RGB-D camera (See Fig. 9). The pipeline consists of three core components

1. YOLOVS Instance Segmentation: A modified YOLOvS5 model detects humans
in RGB images and generates segmentation masks.

2. 3D Bounding Box Estimation: Depth data from the RGB-D sensor is combined
with segmentation masks to calculate 3D bounding boxes in the camera frame.

3. Kalman Filter Tracking: A multi-object tracker maintains temporal consistency
using kinematic predictions.
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(a) Visualization of 3D markers in RViz (b) Detection pipeline overview

(b) Object moving

Figure 9. Human Detection Pipeline [28]
The pipeline outputs visualization_msgs/MarkerArray messages containing:
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* 3D bounding box vertices in camera coordinates
* Tracked human IDs with persistence across frames

* Velocity estimates derived from Kalman filter predictions

4.4 Costmap Layers and modifications

To address the challenge of integrating dynamic human poses—which are highly variable
and sensitive to processing delays this work introduces a custom costmap layer. The
approach developed in this area is divided in three steps:

1. Object Transformation — Starting from the camera sensor, humans are identified
and converted to costmap representation.

2. Scan Matching — The transformed human pose are checked against the LiDAR
scans and corrected.

3. Cost assignment — Assigns costs around each moving person in the local costmap
according to a 2D asymmetric Gaussian shape with variances proportional to the
obstacle velocity and oriented in its moving direction.

4.4.1 Object Transformation

The system processes real-time visualization_msgs/MarkerArray messages from
the human detection pipeline, converting 3D bounding boxes into costmap-compatible
obstacle data through a three-stage coordinate transformation. First, for each detection
marker containing vertices {vy, vo}, the planar centroid is computed in the camera frame
as:

R A N
Ceam = 12 27 12 270 (1)
This position is then transformed to the target navigation frame (/map) using the ROS

TF2 library:

Cmap = Tfr?;gccam (2)

where T05 is the homogeneous transformation matrix. Each detection is finally encoded

as a Person message. The people_msgs/Person message format:

geometry_msgs/Point position # c_map coordinates
float64 reliability # Fixed at 1.0

float64 radius # @.5m obstacle radius

string id # Unique number
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All detected persons are aggregated into a People message and published to /detected_people,
to serve as input for costmap inflation.

LiDAR Data Inflated Centroid
\
n
] Human Pose Detection >
\
i
| |
| ]
Tracking
]
\
| Motion-Based Cost
— .
= Assignment
\
|
Assigned Cost Predicted Pose

Figure 10. Costmap layers with applied methods
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4.4.2 Scan Matching

During development it was noted that there could arise a situation in which the camera
detections (therefore the position in map frame) and the LiDAR scans are not aligned.
Under normal conditions these should be present in the same space, representing the
human standing there. To eliminate this issue, the layer also checks their distance and
aligns the position based on a LIDAR ground truth. This is achieved adding a correction
step in the costmap layer. For each detected person, check if there are LiDAR points near
the camera-estimated position and cluster them. If there are enough points,and these are
not within a radius near the detected position, shift the detected position slightly toward
the center of that LiDAR cluster.

4.4.3 Cost Assignment

To model dynamic human obstacles for safe and socially-aware navigation, the assigned
costs to the local costmap uses both a fixed safety zone and a velocity-dependent Gaussian
spread. The key idea is that faster-moving humans should create more extended cost
regions in the direction of motion, allowing the robot to plan accordingly.

To ensure safety and efficient planning, two cost zones are defined:

* A fixed-radius lethal zone 7,, marking the area closest to the person as a
non-traversable obstacle.

* A directionally biased Gaussian zone, inflated in the direction of motion based
on velocity.

Fixed Radius First, a hard safety zone is established around the person’s position,
represented by a geometry_msgs/Point. Any grid cell within the fixed radius 7emq 1S
marked as a lethal obstacle, ensuring the robot maintains a safe distance regardless of the
person’s movement.

Gaussian Inflation Beyond the lethal zone, the cost is computed using a 2D Gaussian,
but only within a limited region around the person defined by the inflation ranges. The
Gaussian spread is applied only if the person is moving (Seen in Fig.12). Let v denote
the speed. The longitudinal spread in the motion direction is given by:

o =a-|v| (3)

where « 1s a constant that control the spread of the Gaussian. A higher velocity leads
to a larger o, resulting in an elongated inflation region in the direction of movement.
This gives the robot more room to plan around faster-moving people in the direction of
motion. However, after empirical testing if the velocity estimations were incorrect, the
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costmap would be full with overshooting of spread. For that a o.,,x was defined as the
maximum allowed spread.
We define the Gaussian spread in the motion direction as:

0 if [[v]| = 0

o(v) =
(v) min(Omax, o - ||v]]) if ||v]] >0

The parameters used in the final version after empirical testing are:

Table 1. Key parameters for the dynamic human costmap layer. These can be adjusted
via dynamic reconfigure according to testing.

Parameter Value Description

Tobstacle 0.5 Lethal radius
@ 1.0 Velocity scaling factor
Omax 1.5 Maximum Gaussian spread

Once the Gaussian distribution is computed, it is applied to nearby grid cells in the
local costmap. The cost assigned to each cell depends on how far it is from the center
of the obstacle and its direction relative to the human’s motion. The result is a costmap
assignment in which the direction of movement shapes the cost and allows for a better
path planning by the local planner. The cost assignment uses the following logic:

* If the cell is within the personal radius around the person, it is marked as the
personal zone and assigned a lethal cost.

* If the cell is in front of the person (in the direction they are moving), it is assigned
a cost based on a Gaussian function. The cost decreases as the cell gets further
from the person in that direction. The faster the person moves, the further the cost
spreads.

* If the cell is behind or lateral to the person’s direction of motion, the cost is given
by either the lethal zone or the inflation from the gaussian center.
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Figure 12. ROS Costmap representation of human standing still (left) and moving
towards the right direction (right)

4.5 DWA Planner Modifications

The path planning process builds upon the 2D occupancy grid generated by the mapping
algorithm using distance data from the LiDAR. This grid map forms the basis for
computing obstacle-aware paths between goals, which are defined through speech-based
intent parsing as described in 4.2. The ROS Navigation stack is used to configure both
the global and local planners, where the global planner determines a feasible long-range
route, and the local planner refines it dynamically based on real-time sensor updates [18].

As a result of the human representation design, human-aware components are in-
troduced in the planning stack: direct avoidance, a velocity-sensitive obstacle inflation
mechanism and velocity adaptation. These components are incorporated into both global
and local costmaps for perceived social navigation and safety in human spaces.

1. Direct Avoidance: Each human is modeled as a distribution centered at their
detected position, with a cost gradient towards their direction of motion. This
influences the global path to naturally detour around humans field of view and
to avoid direct motion in front of a person, preserving social norms. To further
enforce this, a penalty was added to any trajectory heading straight toward a
person’s current position, making it less likely to be chosen as the path.

2. Velocity-Obstacle Cost Assignment: As faster moving humans represent a longer
spread across the costmap, the planner can avoid intercept trajectories as it checks
the velocity space and picks the highest scoring [43].

3. Velocity Adaptation: For each velocity sample, first evaluate the cost under
the planned path. Then scale the robot’s maximum forward speed (max_vel_x)
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inversely with this cost, so in regions near high cost areas (human obstacles)—the
robot automatically reduces its speed.

Overall, the local planner integrates these components not just to avoid collisions, but
to further improve the results of the human dynamic layer and produce socially intelligent
navigation strategies.

4.6 Latency

This section evaluates the latency introduced by each major component in the system,
encompassing speech-based intent inference, visual perception, robot navigation, and
actuation response.

Speech-to-Intent Pipeline

Empirical measurements indicate an average transcription latency of 1.7 seconds follow-
ing the listening period, and a mean GPT-3.5 Turbo inference latency of 8.2 seconds.
Together, this results in a cumulative end-to-end intent resolution time of approximately
10 seconds.

Keyword Detection: 0.3s (audio buffer processing)

Speech-to-Text (Google STT): 1.7s £+ 0.4s (excluding the listening window)

GPT-3.5 Turbo Inference: 8.2s + 1.1s (including API round-trip)

Subtotal: 10.2s + 1.5s

Human Detection Pipeline

The computational tasks involved in the visual pipeline include 3D bounding box predic-
tion, object tracking, and trajectory prediction. In the final implementation of the thesis
the Human Detection nodes are executed on a GPU version of PyTorch and the NVIDIA
CUDA Toolkit for faster computation. Even in scenarios with five detected objects, the
average combined computation time for these modules remains below 10 milliseconds.
This corresponds to a theoretical throughput of 100-300 frames per second [28].

When integrated with YOLOVS, which operates at an average rate of approximately
30 frames per second, the total computation time for the full visual pipeline (detection,
tracking, and prediction) remains below 40 milliseconds per frame. These results demon-
strate that visual processing is efficient and does not pose a computational bottleneck for
real-time operation.
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Actuation Latency

Actuation latency comprises delays in motor command processing and the robot’s physi-
cal response. According to the specifications of the MegaRover Ver3.0 mobile platform
[44]:

* Motor Command Processing: 5 ms (based on onboard MCU specifications)

* Physical Response Delay: 30-50 ms (mechanical response time for wheel initia-
tion)

Although exact values can vary slightly with robot load and terrain, for the intended pur-
pose these delays are minor compared to higher-level planning and perception latencies.

4.7 Resource Distribution

Real-time robotic navigation involving visual perception and dynamic obstacle avoidance
presents significant computational demands. Initial development testing was conducted
using a single laptop running all system components, including sensor drivers, the speech
to action pipeline, the human detection pipeline (YOLO-based), the ROS navigation
stack, and auxiliary nodes. However, this monolithic setup quickly revealed performance
bottlenecks. Initial usage on a single laptop showed:

* GPU Utilization: YOLO inference consistently pushed GPU usage above 90%,
leading to frame drops and delayed detections.

* CPU Utilization: Simultaneous ROS callbacks, LiDAR processing, costmap
updates, and motion planning elevated CPU usage beyond 80%, frequently causing
latency spikes exceeding 300 ms.

These issues had a direct negative impact on the robot’s performance. Delayed
or dropped detections led to outdated obstacle information being fed into the planner,
increasing the inefficient or unsafe navigation decisions, specially in dynamic scenarios
with crossing pedestrians. To mitigate these limitations and ensure timely data processing,
a distributed architecture was adopted using a two-laptop setup connected over a wired
network. This configuration enabled both computers to operate while sharing selected
topics.

Network Topology and Role Assignment:

* Laptop 1 (192.168.1.10): Perception Node: Designated for handling sensor input
and computing-intensive tasks.
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— Active Nodes: LiDAR driver, Camera driver, Human Detection Pipeline.

— Primary Output: Human position markers published on /visualization_
marker_array.

* Laptop 2 (192.168.1.20): Navigation Node: Focused on decision-making and
control tasks.

— Active Nodes: move_base node, Global Planner, Local Planner, Dynamic
Obstacle Layer, Speech-to-Intent Interface.

Inter-machine communication used ROS topic sharing over TCP/IP. Only essential topics
(such as detected human positions, LiDAR scans) were shared to reduce bandwidth
consumption and latency (Fig. 13).

G

192.168.1.10 192.168.1.20
Laptop 1 Laptop 2
LiDAR Speech to Action
RealSense Camera Navigation Nodes
H.um.an Detection | /Visualization_marker_array 4 Dynamic Layer
Pipeline | |

r=--"
! 1=Master

Figure 13. Task Distribution Overview

After deployment of the distributed configuration, system performance improved such
that YOLO inference ran consistently at full frame rate, eliminating dropped detections.
ROS callback latency dropped below 50 ms, even during high sensor throughput. The
distribution resulted in real-time cost assignment and tracking of the human obstacles in
the costmap, which was the main critical failure previously.
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5 Results

5.1 Experimental Setup

Experiments were carried out in a 10-meter straight corridor (Shown in Fig. 14 )contain-
ing static obstacles such as walls, columns, and trashcans, as well as up to three dynamic
obstacles in the form of moving human participants. The primary objective was to
evaluate navigation performance under varying levels of dynamic complexity; therefore,
the speech interface was not employed. Instead, navigation goals were predefined and
issued directly to the robot.

Each trial followed a three-phase process:

1. Initialization: The robot performed a self-check, localized itself within a preloaded
global map, and initialized both global and local costmaps. Concurrently, the
human detection module actively added any detected individuals to the local
costmap as dynamic obstacles.

2. Planning & Execution:

* The testing script dispatched a goal to the move_base node.

* The global planner generated a path, while the local Dynamic Window
Approach (DWA) planner refined it using real-time sensor inputs.

* LiDAR and camera data updated the costmaps at frequencies of 10 Hz and
5 Hz, respectively.

* The robot navigated autonomously, avoiding both static and dynamic obsta-
cles.

3. Completion: Upon goal arrival, navigation metrics were logged automatically.
Manual annotations were added when necessary before shutting down the nodes.

To increase the difficulty of the trials and simulate realistic dynamic interactions,
human participants were instructed to deliberately obstruct the robot’s path by walking
across or standing in its trajectory. Importantly, participants were unaware to whether
the system under evaluation was the baseline or the proposed planner, to reduce bias in
their behavior. However, due to the inherent variability in human behavior, each trial
introduced stochastic elements, particularly in the timing and trajectory of the human
motion, which contributes to natural variation across runs.
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5.2

Figure 14. Testing area with 3 human participants in a long hallway

Evaluation Metrics

To evaluate improvements from the proposed implementation and compare performance,
the baseline system—using a standard LiDAR-only DWA planner—was tested against
the proposed system across ten trials per scenario. The following metrics were recorded:

Success Rate: The percentage of trials in which the robot reached its goal without
human intervention. Success was confirmed through:

— The move_base/GoalStatus topic indicating successful completion.

— Manual validation of the robot’s final pose.

Collision Detection: A collision event was defined as any instance where the dis-
tance between the robot’s footprint and a human participant fell below 0.1 m. These
events were detected using costmap-based proximity calculations and corroborated
by participant feedback.

Time-to-Goal: Total duration from the moment the goal was sent to the time the
robot arrived at the target location. Timing was measured using timestamp logs
captured in the evaluation script.

Motion Smoothness (Jerk): Jerk, the derivative of acceleration, serves as an indi-
cator of trajectory smoothness and responsiveness. Higher jerk values often reflect
frequent or abrupt changes in direction, which can suggest inefficient or reactive
replanning, especially in the presence of dynamic obstacles [45]. Acceleration was
derived from /odom twist messages sampled at 100 Hz, excluding the initial 2 s to
remove startup transients.
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* Recovery Behaviors: The number of emergency stop or re-planning events trig-
gered, recorded from the move_base/recovery_behavior topic.

5.3 Experiment Results
5.3.1 Success Rate and Failures

Across all three scenarios, the proposed planner delivers a consistent improvement
success rate compared to the baseline. While the baseline degrades as crowd complexity
increases, the proposed method does not drop as drastically as the number of human
obstacles increase. This demonstrates that predictive, dynamic re-routing maintains
high task completion even under sudden occlusions and multi-person crossings. As an
overview, before even considering the remaining metrics the % of successful runs show
the overall improvement.
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Figure 15. Success Rate across experiments

5.3.2 Collisions

Collisions directly measure the planner’s reactive limitations. The baseline method
results in increased collisions per trial as crowd density grows, reflecting its reliance on
instantaneous LiDAR scans without foresight. In contrast, the proposed method holds
collisions rarely. This is also due to the decision to label the human obstacle pose as
a lethal obstacle and distributing the cost, highlighting the safety-first approach that
was taken. In Experiment 2’s staggered crossings, for instance, the robot using the
baseline often misjudges the second person’s entry and must swerve abruptly—triggering
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a collision (Trajectory Shown in Fig.17). By modeling each human’s projected path, the
proposed method initiates smooth detours at a safe distance.
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Figure 16. Collision Rate across experiments
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Figure 17. Trajectory results with different methods when avoiding a moving obstacle
appearing from behind

5.3.3 Time to Goal

Navigation time encapsulates both efficiency and the cost of reactive stops. The base-
line’s mean time grows with added people, revealing frequent stops and back-and-forth
replanning. The proposed planner consistently shaves off time due to the predictive
planning. In Experiment 3, the extra average 7.8s saving equates to almost 15% speedup,
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despite the planner deliberately slowing when passing an obstacle. This speed gain
arises because the proposed method allows the planner to identify “windows” in human
movement and creates the path optimally, rather than stopping to re-scan each time an
occlusion appears.
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Figure 18. Time per Trial across experiments

5.3.4 Trajectory Smoothness (Jerk)

High jerk values indicate abrupt velocity changes, which translate to jerkiness in real
robots and potential discomfort in human-robot interaction [46] [45]. The baseline’s
jerk averages 2.63 m/s3 across the scenarios, driven by sudden stop motions and rapid
spinning to recover from deadlocks. By forecasting pedestrian motion and keeping track
of the human obstacles position the robot can improve the average jerk to 2.3 m/s3—a
reduction of up to 10%. The smoother profiles are evident when encountering a new
person behind, rather than suddenly breaking the robot can smoothly avoid the area and
re-plan (As seen in Fig.17 )
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Figure 19. Trajectory Smoothness (Jerk) across experiments

5.3.5 Recovery Behaviors

Recovery actions quantify how often the robot “gets stuck™ and is unable to create a
plan without collisions. The baseline spikes from average recoveries per trial as crowd
complexity increases, since unexpected occlusions cause it to spin in an attempt to
understand clear obstacles. Our planner’s recovery count remains near low, as a result of
preempting and bypass tight spots altogether.
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Figure 20. Recovery Behaviours (Spin in Place) across experiments
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5.4 Experiment Breakdowns

Experiment 1: One Person Obstructing Path In this scenario, a single human crosses
the corridor at different intervals. Table 2 presents the mean results for each method
and the improvement. The Baseline method occasionally collides or fails when the
human obstructs the path suddenly, incurring extra time and high jerk during repeated
re-planning. In the 1-person experiment the participant was quickly moving to purposely
block the path of the robot, so the main point of reduction is due to better planning with
a long spread due to a fast velocity obstacle.

Table 2. Experiment Performance Comparison: 1 Person

Metric Baseline Avg Proposed Avg Improvement + SD
Success Rate (%) 90.00 100.00 10.00

Collisions 0.10 0.00 —0.10 +0.32
Time (s) 45.98 37.59 —8.40  £3.35
Jerk (m/s?) 2.28 2.04 —0.24 040
Recovery Behaviours 0.50 0.10 —0.40  #0.61

Experiment 2: Two People Staggered Crossing This experiment introduced increased
complexity with two participants crossing at separate times. Table 3 summarizes the
results. The baseline’s success rate dropped further due to late-stage obstructions from
the second human, leading to increased collisions and abrupt recovery actions. The
proposed planner maintained smooth trajectories by anticipating motion patterns and
proactively rerouting.

Table 3. Experiment Performance Comparison: 2 People

Metric Baseline Avg Proposed Avg Improvement + SD
Success Rate (%) 80.00 90.00 10.00

Collisions 0.30 0.10 —0.20 +0.58
Time (s) 52.96 45.67 —7.29 +4.94
Jerk (m/s?) 2.69 2.54 —0.15 048
Recovery Behaviours 1.00 0.40 —0.60 +0.88

Experiment 3: Three People This scenario represents the most challenging condition,
involving three human participants, one of whom remained stationary to obstruct the
corridor while the others move across the robot’s path. As shown in Table 4, the baseline
planner frequently failed in this setting, with collisions occurring regularly. A common
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failure mode was the robot encountering a third person unexpectedly after passing a
partially occluded individual—highlighting the limitations of relying solely on current
sensor readings from laser scans without future motion prediction. These surprise
encounters often triggered abrupt reactive maneuvers, resulting in high jerk values and
up to four recovery behaviors per trial.

In contrast, the proposed method successfully completed most trials despite the
increased crowd density. Although the time-to-goal was slightly longer due to more
cautious planning, the robot maintained smoother trajectories, evidenced by moderate
jerk values and minimal recovery actions.

Table 4. Experiment Performance Comparison: 3 People

Metric Baseline Avg Proposed Avg Improvement + SD
Success Rate (%) 60.00 70.00 10.00

Collisions 0.60 0.30 —-0.30  #0.71
Time (s) 67.28 59.47 —7.81  £7.88
Jerk (m/s?) 3.13 2.79 —0.34  +0.52
Recovery Behaviours 2.10 0.70 —1.40  #0.75

6 Discussion

In this section the results and limitations of the work are discussed. To improve the
system and reduce limitations, some ideas are proposed for further development.

This thesis developed a method to incorporate human pose information from a depth
camera into the costmap layers of the ROS navigation stack, aiming to enhance dynamic
obstacle avoidance in environments shared with humans. Additionally, a pipeline was
implemented to process spoken commands, infer user intent, and navigate to correspond-
ing goal locations using the proposed planning framework. The entire methodology is
implemented as modular ROS packages, available on GitHub [47][48]. The discussion is
organized by system components.

Speech-to-intent The system makes use of large language models (LLMs) for parsing
user intent from spoken commands. Specifically, GPT-3.5 Turbo is used for intent
recognition. While the use of commercial APIs raises potential concerns about cost,
this does not represent an issue since the usage remains minimal, in this context—each
request consumes approximately 74 tokens, resulting in negligible cost (around $0.0001
USD per request at current pricing).
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The pipeline is designed to be modular and easily extensible. New available target
goals or command types can be added simply by updating the coordinates. json file
and modifying the system prompt. This ensures flexibility and scalability with minimal
changes to the codebase.

Human Robot Interaction As discussed in Section 4.6 the system’s speech-to-intent
latency exceeds the commonly cited 2-second threshold for natural turn-taking in con-
versation,however, prior research in human-robot interaction demonstrates that user
tolerance can extend to higher latencies in task-oriented interactions, particularly when
system complexity justifies the delay [49]. Perceived latency can be mitigated through
the use of verbal fillers that signal active processing. This principle is applied and in the
case of this project is seen as a terminal message "Processing your request...".

Human Detection Observations False positives in human detection were occasionally
observed due to the model interpreting human-like shapes—such as a long coat hanging
on a rack or a humanoid robot in the lab—as actual humans. These objects were
temporarily added to the costmap as dynamic obstacles. However, once the detector
corrected its prediction, they were subsequently cleared from the map. While these
occurrences were not systematically analyzed in this work, they were noted during
testing and development.

Experiment Size A notable limitation in evaluation stems from the small number
of test participants. A broader user base would have provided more robust data and
potentially revealed edge cases or user-specific challenges. Additionally, a wider range
of evaluation metrics could have been employed to better assess system performance.
However, due to time constraints—particularly because development occurred in Japan
and needed to be concluded before returning to Estonia—such extensions were not
feasible during this phase.

6.1 Limitations

Several limitations arise from the sensors of the system. As the system relies primarily
on a camera for human detection, making its performance sensitive to lighting conditions.
In low-light scenarios, the camera may fail to detect humans, though the fallback on
LiDAR allows continued obstacle detection and navigation. Additionally, real-world
environments such as homes or public spaces can have significant background noise,
which may degrade the performance of the speech recognizer and result in incorrect or
failed intent inference.

Another limitation is the system’s reliance on cloud-based LL.Ms for natural language
understanding. In areas with limited or unreliable internet access, this dependency can
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hinder the functionality. Future versions of the system would benefit from incorporating
local or hybrid models to improve robustness in offline or constrained environments.

7 Conclusion

This thesis focused on enabling mobile robots to navigate safely and socially among
humans in indoor environments by proposing a method for dynamic obstacle avoidance
as a costmap layer for ROS Navigation. It is shown how the problem can be tackled
within the ROS framework by developing both a human-aware costmap layer and mod-
ifying a planner integrated into ROS Navigation. In the current state of the work, the
custom costmap layer transforms real-time 3D human pose detections into velocity- and
direction-sensitive Gaussian inflations around each person, which is used by the local
planner to provide a safer navigation plan.

For demonstrating the implementation in human spaces, a Speech to intent parser
was developed using a large language model (GPT 3.5 Turbo) for parsing user intent
from spoken commands. This resulted in the robot being able to interpret spoken voice
vague commands and determine the goal location based on the extracted intent.

The developed system was compared against a baseline LiDAR-only standard-DWA
planner. Experimental validation in corridor trials with up to three participants demon-
strated that the proposed method achieves a 10% higher success rate, reduces collisions
by up to 50%, and decreases traversal time by up to 15% compared to the baseline.
However there are limitations to the proposed method and future work should address
remaining limitations and challenges:

* Incorporating human-human dynamics to further develop social awareness, such
as taking head pose into account and number of human agents in the area.

* Implementing more sophisticated detection and prediction models. To get more
accurate human pose information and remove false detections.

» Extending evaluation to larger, more complex environments with varied obstacle
patterns and more participants to quantify performance in true real-world settings.

* Incorporating user comfort metrics and dynamic human-robot interaction studies
to refine proxemic modeling.

By addressing these areas, the methodology can be made more robust, responsive, and
adaptable to a wide range of socially-aware robotic applications.
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Appendix

The implementations described in the thesis were developed as a whole but separated for
reproducibility and clarity into different GitHub repositories.

* The speech to navigation goal module: https://github.com/PaoAvalos/Speech_to_Intent
* The proposed costmap layer: https://github.com/PaoAvalos/DynamicHumanLayer
* The modified DWA planner in ROS: https://github.com/PaoAvalos/Social DWA

To implement in simulation or real-conditions the Human Detection Pipeline devel-
oped by Joul,J. is needed. Another detection pipeline could be used but it would be
necessary to rename and re-structure [42]
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