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Abstract

This thesis presents a practical pipeline for object-goal navigation on
a quadruped robot in real indoor spaces. The workflow has two stages.
In the first stage, an operator teleoperates the robot along a short
trajectory while SLAM Toolbox builds a two-dimensional occupancy
grid, and the semantic stack runs in parallel. An object detector pro-
cesses RGB-D images, confirmed detections are fused with depth and
projected into the map frame, and they are written onto the grid as
a semantic layer of labelled object instances. At the end of this run,
both the 2D map and the semantic database are saved. In the second
stage, during operation, a user selects a target from the list of recorded
objects (e.g., a chair or a person). A small command-line client looks
up the chosen instance in the semantic database and sends this goal to
the navigator.

Navigation uses a layered costmap: the static map from the mapping
stage, an obstacle layer from a two-dimensional laser scanner, and infla-
tion that keeps a safe margin around people and obstacles. A classical
global planner sets the path, and a local controller tracks it within
speed and acceleration limits. We focus on integration, not on new
methods; standard tools provide mapping and localization. During
navigation, we do not run SLAM; the robot only localizes on this pre-
computed grid map.

All components run on a compact onboard computer mounted on the
quadruped robot, with no discrete graphics card. A small supervision
layer handles lost targets, short-term occlusions, and simple recovery
actions so behavior remains steady and explainable. Despite its limi-
tations, the work represents the first attempt in our lab to enable au-
tonomous navigation for the Boston Dynamics Spot robot using only
onboard sensing and computation. By adding an object-based semantic
layer on top of the occupancy grid, the robot can also navigate goal-
orientedly towards mapped object classes, rather than only following
manually specified pose commands.



We demonstrate the system in three real indoor environments: a church,
the Dynamic Legged Systems laboratory, and a large test room at the
Istituto Italiano di Tecnologia. In both the church and the lab, we show
that the mapping pipeline can produce usable occupancy grids in wide,
cluttered spaces. In the IIT test room, we build semantic maps with
chairs and a person, and we run object-goal navigation experiments in
which the robot is commanded to visit specific objects using only the
saved map and object poses. The evaluation is mainly qualitative, sup-
ported by trajectory plots and analysis of failure cases such as depth
misalignment and localization errors. Overall, the results indicate that
a lightweight, modular stack can provide semantic object-goal naviga-
tion for a quadruped robot under tight compute and cost constraints,
while also highlighting the main limitations and directions for future
improvement.

This work is the outcome of an internship at the Dynamic Legged
Systems laboratory of the Istituto Italiano di Tecnologia. It reflects the
design, integration, and experimental evaluation carried out there. An
extended abstract focusing on the mapping and semantic-layer phase
has been published in the proceedings of the Italian Conference on
Robotics and Intelligent Machines (I-RIM 3D 2025).
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Chapter 1

Introduction

1.1 Problem statement

The development of embodied agents that can follow simple human requests such
as \go to that chair" or \�nd the printer" is a long-standing theme in robotics
and Arti�cial Intelligence (Chaplot et al., 2020). This capability is often for-
mulated as Object{Goal Navigation (ObjectNav), where a robot must navigate
an environment to reach an instance of a target object category (Batraet al.,
2020). ObjectNav and the related area of semantic navigation are now established
research topics with public benchmarks, challenges, and realistic simulation envi-
ronments. Within this setting, a central question is how rich the representation of
the environment needs to be to support reliable navigation (Chaplotet al., 2020).

Many high-performing semantic navigation methods rely on rich, computa-
tionally expensive world models. A typical representation is a 3D metric{semantic
map, which is a volumetric or mesh-based reconstruction that stores both geo-
metrical data and semantic labels (e.g., object classes) (Aghaet al., 2021; Rosinol
et al., 2020). Other systems organize the same information as ascene graph,
where nodes represent objects, rooms, or agents, and edges encode relations such
as \on top of", \inside", or \in front of". Frameworks such as Kimera are repre-
sentative: they run real-time metric{semantic SLAM and output dense, labelled
3D reconstructions of the environment (Rosinolet al., 2020). Maintaining these
structures online requires frequent fusion of new depth and image data, signi�cant
memory, and often GPU support. More recent zero-shot navigation approaches
add another layer by using large pre-trained vision{language models to interpret
scenes and score candidate goals (Majumdaret al., 2022). Systems like VLFM
(Yokoyama et al., 2023) keep dense maps and query large models for semantic rea-
soning, which typically demands powerful mobile GPUs to run in real time. This
dependence on heavyweight perception and online dense mapping is a limitation
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1.2 Motivation

for platforms with tight power, cost, or size constraints.
At the same time, there is growing interest in deploying these capabilities on

quadruped robots in realistic indoor settings. Legged platforms are attractive for
inspection and search-and-rescue tasks because they can traverse stairs, clutter,
and uneven terrain where wheeled robots struggle. Recent work has demonstrated
autonomous navigation on quadrupeds such as Mini Cheetah and Spot in real-
world scenarios, using combinations of robust perceptive locomotion policies and
map-based planning (Dudziket al., 2020; Koval et al., 2022; Miki et al., 2022;
Raheemaet al., 2024). Open-vocabulary navigation on quadrupeds has also been
explored, typically using embedded GPUs to host the semantic models (Busch
et al., 2024). These examples highlight a tension between rich semantic reasoning
and the reality of resource-constrained, battery-powered legged robots.

This thesis focuses on that gap by studying ObjectNav for a quadruped robot
in a known indoor environment under tight computational constraints. Instead of
performing a dense 3D map online or running large vision{language models, the
system assumes a pre-built 2D occupancy map and builds a lightweight seman-
tic layer in real time from local RGB{D detections. The core idea is a modular
pipeline: a static 2D map for localization and planning, plus a lightweight seman-
tic layer that maintains persistent object hypotheses over time and exposes ob-
ject{goal targets to the navigation stack. The goal is to retain the key behaviours
of semantic navigation while running entirely on the robot's onboard computer,
enabling practical object{goal navigation on a quadruped in real indoor environ-
ments.

1.2 Motivation

In recent years, legged robots have been deployed in real buildings for sustained,
routine missions rather than remaining con�ned to lab demonstrations: teams have
demonstrated long-range autonomous exploration in GPS-denied settings, robust
perceptive locomotion in cluttered indoor spaces, and map-based navigation with
Spot in real facilities. Figure 1.1 shows a Spot robot operating as part of one
of these deployments, equipped with a �eld sensor payload in a real inspection
scenario (Boumanet al., 2020; Koval et al., 2022; Miki et al., 2022). These de-
ployments share practical constraints such as limited energy budgets, tight timing
and sta�ng windows, and strict requirements for predictable behavior around peo-
ple and infrastructure, which make reliability, explainability, and low integration
overhead as important as raw performance.

In parallel, many of the semantic navigation systems are built on assump-
tions that are hard to meet on a battery-powered quadruped: online dense 3D
metric{semantic reconstruction or scene graphs that must be maintained in real

2



1.3 Assumptions and Constraints

time (Armeni et al., 2019; Rosinolet al., 2020), and, increasingly, zero-shot or
open-vocabulary pipelines that lean on large vision{language models and modern
detectors (Buschet al., 2024; Majumdaret al., 2022; Unluet al., 2024; Yokoyama
et al., 2023). While these choices deliver richer semantics and broader generaliza-
tion, they typically drive up compute and power draw, enlarge the software stack,
and complicate validation and maintenance, which are trade-o�s that run counter
to long-duration missions and conservative safety cases on mobile platforms.

A di�erent operating point is both common and valid in labs and industrial
sites: the environment isknown. In these settings, a 2D occupancy map already
exists (or can be created o�ine) and is su�cient for global localization and path
planning; empirical studies with Spot in con�ned indoor environments con�rm that
a 2D map can support reliable autonomous operation without online dense 3D re-
construction (Koval et al., 2022). What is missing, practically, is a lightweight
semantic layer that turns per-frame RGB{D detections into persistent object in-
stances that a standard navigator can target, so that object-centric tasks can be
executed without in
ating the perception stack.

This motivates a modular design that keeps the deterministic planners and
localization on a known 2D map, adds a lightweight semantic layer only where it
creates task value (object goals), and deliberately avoids heavy online 3-D process-
ing or large VLM inference. The result aims to deliver a deployable stack that is
easier to tune, and maintain over time, while still enabling the semantic behavior
that makes indoor legged robots practically useful (Boumanet al., 2020; Busch
et al., 2024; Kovalet al., 2022; Majumdaret al., 2022; Miki et al., 2022; Rosinol
et al., 2020; Unluet al., 2024; Yokoyamaet al., 2023).

1.3 Assumptions and Constraints

We work under a small set of practical assumptions. They shape the architecture,
limit what we ask from the hardware, and de�ne how we read the results of our
experiments. We assume:

ˆ Known, single-
oor indoor environments (labs, o�ces, corridors);

ˆ A 2D occupancy map for global localization and path planning;

ˆ Static objects as targets (e.g, chairs or desks);

ˆ Preference for lightweight and robust methods that run on limited hardware
over more complex high-compute approaches.

3
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Figure 1.1: Boston Dynamics Spot integrated with the NeBula autonomy stack (\Au-
Spot"): Spot base with the NeBula Sensor Package (NSP) and the NeBula Power and
Computing Core (NPCC). The platform was deployed in the DARPA Subterranean
Challenge and demonstrates building-scale autonomy on a legged robot (Aghaet al.,
2021; Boumanet al., 2020).

Environment and mapping. We assume known indoor spaces in which a 2D
occupancy grid either already exists or can be built o�ine and is su�cient for
global localization and planning. Field reports show reliable quadruped navigation
in con�ned indoor environments using 2D maps with Cartographer and AMCL,
without maintaining an online dense 3D reconstruction (Kovalet al., 2022). Re-
cent work on low-cost legged platforms treats the 2D grid as the default navigation
representation and sometimes augments AMCL with visual odometry to reduce
drift in repetitive corridors (Aditya et al., 2025). The navigation stack itself oper-
ates on a locally planar workspace. Elevation changes such as stairs are handled
by the platform's locomotion controller and are out of scope here.

Representation and computation. Online 3D metric{semantic SLAM and
scene graphs o�er rich context but add substantial computational, memory, and
software complexity compared to 2D navigation maps (Armeniet al., 2019; Rosinol
et al., 2020). In practice, systems intended for �eld use often down-project to lower-
dimensional maps (e.g., 2.5D height maps) because planning in full 3D is rarely
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practical for real-time operation on small platforms (Wellhausen & Hutter, 2023).
Dense volumetric semantic pipelines can run at around 1 Hz on mobile hardware,
which is already tight for closed-loop navigation (Grinvaldet al., 2019). For this
work, we do not use any 3D representation at runtime and rely on the 2D map for
deterministic planning and localization.

Semantic capability vs. acceleration. Zero-shot and open-vocabulary navi-
gation and mapping provide more 
exible semantic understanding, but typically
rely on a GPU to run in real time. Recent systems report the use of RTX-class
GPUs or embedded modules, such as the Jetson Orin AGX, for online open-
vocabulary mapping and frontier selection (Buschet al., 2024; Yokoyamaet al.,
2023). Multi-
oor zero-shot policies are likewise evaluated in multi-GPU execution
environments (Zhanget al., 2024). In this thesis, we avoid large vision{language
inference at runtime; the stack is intended to run on the robot's onboard computer.

Quadruped deployment constraints. Legged deployments emphasise relia-
bility, power awareness, and predictable behavior around people. Field reports
document long-range autonomous exploration in GPS-denied sites, where sensing
fusion compensates for noisy legged odometry (Boumanet al., 2020), and broader
autonomy stacks for subterranean missions stress o�ine-capable operation and ro-
bustness to communication dropouts (Aghaet al., 2021). Real inspection scenarios
highlight hardware-independent operation without internet connectivity (Betta
et al., 2024) and raise human-factors concerns (social navigation and incidental
encounters) that argue for navigation behavior that is easy to understand and to
audit (Hauser et al., 2023). These constraints favour modular stacks with limited
complexity and stable failure modes.

Sensors and perception. The semantic layer relies on short-range RGB{D
sensing within line of sight. Occlusions, motion blur, and low illumination degrade
detections (Unlu et al., 2022). Typical indoor camera setups operate within a few
metres (with reliable depth usually below about 5 m), so stando� distances are kept
conservative and transient observations are �ltered across multiple views (Chen
et al., 2023). Dynamic agents, such as people, are not kept as persistent objects;
the layer targets static objects and applies de-duplication and con�rmation before
exposing targets to the navigator.

1.4 Contributions

This work builds a navigation pipeline that takes an object{level command in a
known indoor environment and drives a quadruped to an useful pose near the

5
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referenced object. In a �rst stage, an operator teleoperates the robot. At the
same time, the SLAM Toolbox builds a two-dimensional occupancy grid, and the
semantic nodes run in parallel, turning RGB{D detections into a small set of
static object instances anchored in the map frame. At the end of this task, both
the occupancy grid and the semantic database are saved. In a second stage, the
robot is returned to the same environment, the saved map and semantic layer are
loaded, and the operator selects a target object either from a command{line menu
or via a short voice command. An object{goal client looks up the chosen instance
in the semantic database, converts it into a navigation goal in the map frame, and
sends this goal to Nav2 for planning and control.

The contribution of the thesis is a complete, deployable implementation of this
pipeline on a real quadruped, with three tightly coupled pieces:

ˆ A semantic layer aligned to a known 2D occupancy map, built online from
RGB{D detections and designed to stay compact and stable over time.

ˆ An object{goal generation method that turns a selected object instance into
a PoseStampedgoal in the map frame, positioned at a �xed o�set near the
object and oriented in a well-de�ned way relative to it.

ˆ A ROS 2/Nav2 stack deployed on Boston Dynamics Spot, including a safety
supervisor and practical launch/con�guration, logging, and visualization tools
tuned for repeated operation rather than one{o� demos.

At runtime, the semantic mapper maintains a database of con�rmed object
instances in the map frame, each with a running con�dence score. Per{frame
RGB{D detections are projected into the map frame through TF and fused in a
two{stage memory: new observations enter a proposal bu�er, and only detections
that are repeatedly supported within distance and angle gates are promoted to the
static table. Near{duplicate instances are merged by spatial gating. A recorder
node exports this static table to a YAML �le, and a command{line client presents
it as a menu of object instances. For each selected object, the client turns the
stored instance pose into a navigation goal in the map frame and hands it to
Nav2.

Planning and execution then rely on standard Nav2 layered{costmap naviga-
tion. The global planner computes a path on the static map, accounting for in
a-
tion, and the local controller tracks that path under speed and acceleration limits.
Internal states (map, semantic markers, TF tree, global path, local trajectory, and
goal pose) are visualised in RViz to support debugging and auditing.

Sensors and data 
ow are kept minimal on purpose. The robot is equipped
with a tracking camera for odometry, a 2D LiDAR for range scans, and an RGB{D
camera for object detections; the base accepts/cmd vel commands. During the

6



1.4 Contributions

Figure 1.2: Our quadruped platform: Boston Dynamics Spot with the onboard com-
puter and sensor payload used in this thesis.

teleoperated pass, SLAM builds the map while the semantic layer is populated.
For navigation, the mapping nodes are stopped, and the system reloads the saved
occupancy grid and semantic database. Nav2 uses this map, together with layered
costmaps derived from the 2D LiDAR, to plan and execute paths to the goals pro-
duced by the object{goal client. A driver bridge forwards the velocity commands
to the robot, and a small supervision node monitors progress and clearance, trig-
gering stop, replan, or retreat actions when the robot gets stuck or new obstacles
appear.

The next chapter surveys related work in quadruped object{goal navigation,
semantic mapping, and ROS 2/Nav2{based navigation under similar constraints.

7



Chapter 2

State of the Art

2.1 Scope and Search Method

This review looks at recent work on legged robots that use semantic context to
navigate to objects in indoor spaces. The emphasis is on real-robot studies, object-
level goals, and methods that report enough detail to compare sensors, compute,
and planning stacks. This section summarizes representative quadruped systems
and highlights how they di�er from our constraints (pre-run semantics, on-board
compute, object-goal execution, conservative safety).

2.2 Quadruped Object{Goal Navigation

Object{Goal Navigation (ObjectNav) asks a robot to reach an instance of a re-
quested object class. It is usually evaluated in Habitat on photorealistic indoor
scans, with Success and SPL / Soft-SPL as the main metrics (Chenet al., 2023;
Yokoyama et al., 2023). Two strands dominate current work: (i) modular, map-
based approaches that build explicit representations and plan over them (for ex-
ample, SemExp) (Chaplotet al., 2020); and (ii) zero- or open-vocabulary variants
that steer classical exploration with vision{language scoring or open-vocabulary
features (Buschet al., 2024; Quet al., 2024; Unluet al., 2024; Yokoyamaet al.,
2023). A recurring issue is semantic reliability: false positives and unstable detec-
tions waste exploration budget, so �ltering and con�rmation layers have a clear
impact on performance (Buschet al., 2024). Many high-capacity systems also
rely on accelerator-class hardware for real-time semantic inference. By contrast,
known-map deployments on Spot show that a 2D occupancy grid is su�cient for
robust global planning and localization when the environment is �xed, and that
the main challenges then shift to execution reliability rather than online dense 3D
mapping (Boumanet al., 2020; Kovalet al., 2022).
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2.2 Quadruped Object{Goal Navigation

For quadruped robots, the same ObjectNav problem comes with additional
constraints that are less pronounced on wheeled bases. The stepping motion and
body oscillations of legged platforms induce high-frequency perturbations on cam-
eras and LiDAR, which degrade feature tracking and can corrupt SLAM estimates
unless IMU, leg odometry, or stereo cues are tightly fused (Adityaet al., 2025;
Da Silva et al., 2023; Jinet al., 2024; Zhanget al., 2024). On uneven or inclined
terrain, quadrupeds may pitch enough that a 2D laser repeatedly detects the 
oor
as an obstacle; recent systems therefore stabilize scans using inertial measure-
ments or gate them based on pitch and roll (Da Silvaet al., 2023; Wellhausen
& Hutter, 2023). Motion planning must respect stability and terrain constraints
while remaining e�cient, combining grid-based global paths with kinodynamic or
reachability-based local controllers, and, in some cases, dynamic manoeuvres such
as constrained jumping (Gilroyet al., 2021; Liu & Yuan, 2024; Wellhausen & Hut-
ter, 2023). At the same time, quadrupeds carry a limited payload and computing
power while already running intensive state estimation and locomotion control.
Inspection and ObjectNav systems, therefore, often keep safety-critical planning
and control onboard and o�oad heavyweight open-vocabulary semantics or com-
monsense reasoning to Jetson-class modules or remote hosts (Boumanet al., 2020;
Ginting et al., 2024; Jianget al., 2025; Xuet al., 2024; Zhouet al., 2025). These
quadruped-speci�c constraints make lightweight, map-based ObjectNav with reli-
able but compact semantics an attractive operating point for �eld deployments,
especially in the indoor environments considered in this thesis.

On-robot ObjectNav and adjacent systems. VLFM demonstrates zero-shot
semantic navigation on Spot in o�ce-like spaces: depth builds an occupancy grid
while a pre-trained vision{language model scores frontiers; semantics are com-
puted online and require a laptop-class GPU (Yokoyamaet al., 2023). OneMap
constructs an open-vocabulary feature map from RGB-D to support single- and
multi-object search on a quadruped, running in real time on a Jetson Orin; the
map fuses CLIP-aligned features with uncertainty and guides target sequencing
(Busch et al., 2024). SEEK targets inspection on Spot, combining prior structure
(e.g., 
oor plans) with online reasoning in a dynamic scene graph; sensing combines
cameras and 3D LiDAR with GPU inference (Gintinget al., 2024). Doubly Right
demonstrates zero-shot object-goal navigation on a Unitree B1 in an apartment,
building an online 2D semantic navigation map and verifying detections with a
vision{language model; core modules run on the robot CPU, with an auxiliary
host for commonsense reasoning (Unluet al., 2024). IPPON extends informative
path planning with open-vocabulary cues, �lling a 3D object-probability map and
using a language model for commonsense guidance; validations include real indoor
scenes (Quet al., 2024). Au-Spot (NeBula on Spot) reports long-range explo-
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2.2 Quadruped Object{Goal Navigation

Table 2.1: Representative ObjectNav systems and adjacent deployments. Assumptions relevant
to a known-map, lightweight-semantics, limited-compute setting.

Method Map used Online 3D GPU at run Semantics Planner / Pol-
icy

Platform Reported
metric

SemExp (Chaplotet al., 2020) 2D semantic grid
(built online)

No Yes Closed-set de-
tector (Mask
R-CNN)

Map-based ex-
plorer

Habitat (sim) 65.0% / 33.0
(Gibson)

VLFM (Yokoyama et al., 2023) 2D occupancy
+ VLM-scored
frontiers

No Yes Open-vocabulary
VLM (BLIP-2)

Frontier (value
map)

Spot (real) 52.5% / 30.4
(HM3D)

OneMap (Buschet al., 2024) Open-vocabulary
feature map
(RGB-D)

No Jetson Orin CLIP-aligned fea-
tures + uncer-
tainty

Greedy / multi-
object sequencing

Quadruped (real) Qualitative +
ablations

SEEK (Ginting et al., 2024) Prior + dynamic
scene graph (on-
line)

Often (LiDAR) Yes Lightweight RSN
+ relational rea-
soning

Probabilistic
global + local
control

Spot (real) Inspection task
success

Doubly Right (Unlu et al., 2024) 2D semantic nav
map (online)

No Mixed (aux host) VLM-veri�ed de-
tections

Frontier + Fast
Marching

Unitree B1 (real) Qualitative tri-
als

IPPON (Qu et al., 2024) 3D voxel proba-
bility map

Yes Yes Open-set cues +
LLM common-
sense

Informative path
planning

Real + sim Challenge /
real demos

Au-Spot (NeBula) (Bouman et al., 2020) 2D/3D geometric
maps (online)

Yes Onboard PC Artifact-centric
detection

Mission / global /
local stack

Spot (real) DARPA SubT
�eld results

Koval et al. (Koval et al., 2022) 2D occupancy
(known)

No No Geometric stack Classical (A* /
Nav2)

Spot (real) System eval.
(con�ned env.)

This thesis 2D occupancy
(known) + thin
semantic layer

No No RGB-D detec-
tions + con�rma-
tion (closed set)

Map-then-act
(Nav2; stando�
+ facing)

Spot (real) Real-world
eval. (Success,
SPL*, errors)

SPL* only where benchmark shortest-path ground truth applies.

ration and artefact search in DARPA SubT with LiDAR-centric mapping and a
mission / global/local planning stack, with a geometric focus rather than explicit
\go-to-class" semantics (Boumanet al., 2020).

Our operating point di�ers on four axes: we assume a known 2D map, we target
low computational cost, we use a small, closed set of object classes, and we favour
conservative, explainable behaviour over raw coverage. The table below contrasts
representative systems with these choices and with the constraints of this thesis.

Summary. Map-based ObjectNav remains competitive when semantics are reli-
able and closely integrated with the planner (Chaplotet al., 2020). Zero-shot and
open-vocabulary approaches broaden the range of possible queries but typically as-
sume GPU-class inference and have to deal with additional semantic noise (Busch
et al., 2024; Unluet al., 2024; Yokoyamaet al., 2023). On quadruped robots, where
sensing is less stable and computing is often tighter, these costs are even more pro-
nounced. For �xed indoor spaces, prior �eldwork on Spot and other quadrupeds
supports a simpler stack: a 2D map for planning and localization, a lightweight
semantic overlay to con�rm static objects, and conservative stando�-and-facing
goal generation (Adityaet al., 2025; Boumanet al., 2020; Kovalet al., 2022; Well-
hausen & Hutter, 2023). This is the operating point adopted and evaluated in this
thesis.
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2.3 Metric and Semantic Mapping

2.3 Metric and Semantic Mapping

State-of-the-art metric mapping for indoor navigation still relies on 2D occupancy
grids. They are compact, planner{friendly, and integrate cleanly with mature
localization and planning stacks (AMCL, layered costmaps) (Hesset al., 2016).
On quadruped platforms in con�ned or structured interiors, prior deployments
show that a prebuilt 2D map is su�cient for global localization and path planning
without maintaining an online dense reconstruction (Adityaet al., 2025; Koval
et al., 2022). For legged robots operating in the �eld, layered costmaps are the
common interface to planners and controllers, with in
ation and obstacle layers
shaping safe motion (Unluet al., 2024; Wellhausen & Hutter, 2023).

Beyond pure 2D, two families dominate. The �rst uses height / 2.5D or ESDF /
TSDF layers to expose traversability and clearance for local planning; these maps
trade memory for local geometric �delity and are widely used when foot clear-
ance or step height matters (Oleynikovaet al., 2017; Wellhausen & Hutter, 2023).
The second builds dense 3D or scene-graph representations to couple geometry
with semantics. While these structures enable richer reasoning (objects, rooms,
relations), they carry higher memory and compute costs and typically assume
accelerator hardware; several recent open-vocabulary pipelines report sub-Hz to
� 1 Hz updates or GPU-bound components that complicate tight real-time control
on mobile bases (Armeniet al., 2019; Jianget al., 2025; Longoet al., 2025).

Semantic mapping spans a spectrum from lightweight overlays to dense met-
ric{semantic maps. Open-vocabulary mapping approaches fuse CLIP-aligned fea-
tures or VLM scores into maps to support text queries and object search; strong
results are reported on quadrupeds, often with embedded or laptop-class GPUs. A
recurring issue across ObjectNav systems is semantic reliability, because false pos-
itives and drifting labels reduce true success; as a result, con�rmation �lters and
de-duplication are now standard practice in high-performing stacks (Buschet al.,
2024). Recent work on resource-limited inspection introduces distilled, compact
models to reduce runtime costs while preserving the class signal for navigation
(Ginting et al., 2024). In parallel, Betta et al. build a multi-layer semantic grid
on top of a 2D LiDAR map for search-and-rescue: each layer stores per-cell con�-
dence values for doors, people, cracks, and stairs, sharing the same 2D substrate
as the obstacle map rather than lifting semantics into full 3D (Bettaet al., 2024).
Figure 2.1 shows their door and person layers overlaid on the obstacle map at two
test sites.

In summary, today's mapping choices re
ect a clear trade space. 2D occupancy
grids plus layered costmaps remain the default substrate for indoor navigation
because they are stable, e�cient, and well supported by localization and planning
toolchains (Hesset al., 2016; Kovalet al., 2022). Height / ESDF layers add local
clearance structure when needed (Oleynikovaet al., 2017; Wellhausen & Hutter,
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2.4 Quadruped Navigation with ROS 2 / Nav2

Figure 2.1: Example multi-layer semantic maps from Betta et al. (Betta et al., 2024).
Left: obstacle layer (black) with Door cells (yellow) at the �rst location. Right: obstacle
layer (black) with Person cells (yellow) at the second location.

2023). Dense 3D and scene graphs o�er richer semantics and global reasoning at
the price of memory, latency, and accelerator assumptions (Armeniet al., 2019;
Jiang et al., 2025; Longoet al., 2025). Multi-layer semantic grids, such as those
of Betta et al. keep semantics in raster form on top of 2D maps when full object
reasoning is not required (Bettaet al., 2024).

2.4 Quadruped Navigation with ROS 2 / Nav2

For indoor legged platforms, the mainstream pattern is a ROS 2/Nav2 stack with a
global planner on a 2D prior and a high-rate local controller over layered costmaps
(Macenski et al., 2020). In recent ObjectNav implementations, the planner is
delivered as a Nav2 plugin, and the world model combines astatic map with
obstacleand in
ation layers so trajectories respect geometry and clearances (Ra-
heemaet al., 2024; Unlu et al., 2024). The costmap serves a continuous occu-
pancy/clearance �eld that global planners can optimize over (Raheemaet al.,
2024). Spot deployments in con�ned interiors con�rm that a prebuilt 2D map
with AMCL su�ces for global localization and planning, so no persistent online
dense reconstruction is required. (Adityaet al., 2025; Kovalet al., 2022).

At the global level, planning is usually straightforward graph search on the
in
ated grid, typically using A* or Dijkstra, trading a little path length for extra
clearance (Raheemaet al., 2024). The local layer then turns that path into dynam-
ically feasible commands within the robot's kinematic limits. In practice, legged
stacks use simple waypoint followers (pure-pursuit/PID) in structured spaces and
switch to kinodynamic MPC when fast disturbance rejection or risk-aware traver-
sal is needed; in both cases, the local plan is refreshed at a high rate (tens of hertz)
to cope with sudden perception changes and tight geometry (Aghaet al., 2021;
Wellhausen & Hutter, 2023).

Robustness sits one level up, in a behavior tree or compact FSM that sequences
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actions and recoveries such as clearing costmaps, rotating in place to reacquire,
backing up, and replanning. It rides through the communication hiccups typical
of real facilities (Agha et al., 2021). Safety for legged bases is encoded directly
in parameters: conservative in
ation to re
ect footprint and human-space bu�ers,
explicit limits on speed and acceleration, and asymmetric bounds for forward vs.
reverse motion that controllers must obey (Adityaet al., 2025; Kovalet al., 2022;
Liu & Yuan, 2024).

Object{goal layers tend to plug into the same Nav2 backbone in two patterns
(Macenskiet al., 2020). In simulator-centric work, exploration is steered by open-
vocabulary scoring from vision{language models or CLIP-style feature maps; it
works, but it assumes accelerator-class inference at run time (Buschet al., 2024;
Yokoyama et al., 2023). On hardware, teams lean on the costmap and behavior-
tree stack: some add a lightweight semantic bias on top of a known 2D map, others
fold 
oor-plan priors and room cues into online reasoning to direct the search, all
of it still funneled through the same planner, controller, and recoveries (Unluet al.,
2024). Across papers, the constants are the same layered costmaps for planning
and control, high-rate local replanning, BT/FSM supervision, and conservative
speed and clearance limits encoded in the parameters.

2.5 Online 3D vs. 2D SLAM

Why is a pre-run 2D map enough here? Indoor navigation on legged robots is
most stable when localization and planning run on a compact 2D substrate and
the heavy lifting is done before deployment. Mature LiDAR-based systems like
Cartographer deliver real-time mapping and loop closure at centimeter resolu-
tion (Hess et al., 2016); the resulting occupancy grid works directly with AMCL
and layered costmaps, which is exactly what prior Spot deployments in con�ned
interiors rely on (Koval et al., 2022). Recent quadruped studies echo the same pat-
tern: 2D grids remain the de facto baseline for path planning and localization in
buildings, with pose-graph tools (e.g., SLAM Toolbox) used for e�cient back-end
optimization and map management (Adityaet al., 2025).

Full 3D pipelines add detail and semantics but at a clear computational cost.
Metric-semantic stacks (e.g., Kimera) combine VIO, reconstruction, and factor
graph inference to produce dense 3D maps or scene graphs (Rosinolet al., 2020).
These representations are powerful, yet they typically assume accelerator-class
compute and accept lower update rates; recent open-vocabulary 3D mapping re-
ports sub-Hz around the fusion loop, which is a poor �t for tightly coupled local
control on mobile platforms (Jianget al., 2025). Field work on legged navigation
highlights where richer geometry helps, for example, with uneven terrain, step
heights, and clearance checks, which are often handled with 2.5D or ESDF layers
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Table 2.2: Canonical SLAM toolchains for mobile robots.

Name Primary
source

Typical sensors Map type Core method Loop clo-
sure

Runtime pro�le

Cartographer (Hess et al. ,
2016)

2D/3D LiDAR,
IMU

2D occupancy Branch&bound
scan-to-submap;
pose graph

Scan/submap
constraints

CPU-only; high
rate ( � 5:3� RT
reported)

RTAB-Map (Labb�e &
Michaud,
2019)

RGB-D, 2D/3D
LiDAR, IMU

2D grid; 3D
cloud/mesh

Appearance-
based LC +
graph opt.

Visual/scan
proximity

CPU (dense can
use GPU); updates
� 1 Hz

SLAM Tool-
box

(Macenski &
Jambrecic,
2021)

2-D LiDAR,
odom

2D occupancy Pose-graph (g2o);
lifelong mapping

Graph con-
straints

CPU-only; ROS 2
native; real-time

Kimera (Rosinol
et al. , 2020)

RGB-D/IMU
(VIO)

3D mesh;
DSG

Factor-graph
VIO; mesh-
ing/semantics

Pose-graph High; CPU/GPU;
metric{semantic
outputs

GMapping (Grisetti
et al. , 2005)

2D LiDAR, odom 2D occupancy RBPF (adaptive
proposals)

Implicit via
particles

CPU-only; classic
2D baseline

ORB-
SLAM2/3

(Campos
et al. , 2021;
Mur-Artal
& Tard�os,
2017)

Mono/stereo/RGB-
D (+IMU)

Sparse 3D
map

Feature-based
BA, keyframes

DBoW2
place recog.

CPU (feature/BA
heavy); high-rate
VIO

LOAM (Zhang &
Singh, 2017)

3D LiDAR 3D cloud Decoupled
odom+mapping
(edge/plane ICP)

Geometric
LC

CPU-oriented;
real-time

LIO-SAM (Shan et al. ,
2020)

3D LiDAR+IMU 3D cloud
(factor graph)

Tightly-coupled
smoothing &
mapping

Scan-context CPU for odom;
back-end heavier;
robust long halls

KinectFusion (Newcombe
et al. , 2011)

RGB-D Dense 3D
TSDF

Dense ICP +
TSDF fusion

Local ICP GPU; real-time
dense indoor recon

LOCUS/LAMP
(NeBula)

(Agha et al. ,
2021)

3D LiDAR, IMU,
VIO

3D geometric
+ 2D proj.

Factor-graph
back-end (multi-
modal)

LiDAR/visual
LC

High-end
CPU/GPU; cen-
tralized opt. when
available

rather than maintaining a full global 3D reconstruction (Wellhausen & Hutter,
2023). For long corridors and other repetitive geometries, teams routinely fuse
VO/VIO or wheel/IMU odometry to stabilize localization when scan matching
drifts (Aditya et al., 2025; Aghaet al., 2021).

Given those trade-o�s, a pre-run LiDAR pass to build a static 2D map (Cartog-
rapher/SLAM Toolbox), followed by runtime AMCL on that prior, with optional
VO/VIO fusion, is a pragmatic operating point for a quadruped operating in known
o�ces and corridors. It keeps memory and latency predictable, leaves headroom
for perception and safety checks, and aligns with the Nav2 planning stack used
across recent systems (Adityaet al., 2025; Koval et al., 2022). Representative
SLAM toolchains and their runtime pro�les are summarized in Table 2.2.
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