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ABSTRACT

This doctoral thesis presents advancements in perception and control
for autonomous robotics, integrating vision-language semantics to address
challenges in unstructured environments. The research focuses on developing
semantic Simultaneous Localization and Mapping (SLAM) systems. Key con-
tributions include the application of visual open-set semantics within large-scale
LiDAR maps for terrain segmentation in autonomous robot navigation, and
the integration of Large Language Model (LLM)-based high-level planning
with these semantic maps in a tabletop object stacking scenario. The study
aims to fuse various sensor data — LiDAR, depth camera, color images, and
GNSS — into a unified, language-grounded environmental model, facilitating
human-robot interaction through voice or text. Experimental results also validate
novel data set collection methodologies, demonstrating that visual fiducial
markers positioned using surveying tools can substitute for GNSS-INS-based
ground truth position and orientation estimates in scenarios when these are
unavailable or inadmissible. The results of this work have been published across
three first-author articles in indexed journals, two international conferences and
a project report technology description publication. This work introduces two
publicly available resources — the EDI-SLAM dataset and the open-source
SLAMVDB software package. Two demonstrators developed in this dissertation
— a semantic perception system and static manipulation-focused robot control
architecture — have been positively assessed by industry representatives.

Keywords: Robotics, Computer Vision, SLAM, Perception, LLM, VLM
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LIST OF ABBREVIATIONS

EDI - Institute of Electronics and Computer Science, Latvia

SLAM - Simultaneous Localization and Mapping

LiDAR - Light Detection and Ranging (laser range scan)

VLM - Vision-Language (embedding) Model

LLM - Large Language Model

NLP - Natural Language Processing

GNSS - Global Navigation Satellite System

ECEF - The ”Earth Centered, Earth Fixed” global Cartesian coordinate system

ROS, ROS2 - Robot Operating System, Robot Operating System 2

RGB - ”Red, Green, Blue”, used for both the sensor type and data modality

RGB-D - ”Red, Green, Blue, Depth”, used for both the sensor type and data
modality

RTK - Real-Time Kinematic GNSS

ATE - Absolute Trajectory Error

RPE - Relative Pose Error

ICP - the Iterative Closest Point algorithm

HLP - High-level Planning subsystem

LLP - Low-level Planning subsystem

SotA, BSotA - State of the Art, Beyond State of the Art

PnP - the Perspective-n-Point problem or an algorithm solving it
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INTRODUCTION

Across foundational industries such as manufacturing, agrifood, and
forestry, a confluence of demographic shifts, evolving job requirements, and
economic pressures is fueling concerns over a looming labor shortage and a
deepening skills crisis. Recent surveys and industry reports consistently highlight
these challenges, indicating that businesses globally are struggling to find and
retain workers, particularly those possessing the specialized or emerging skills
needed for modern operations [1, 2]. Historically, robotics has long been seen as
a potential solution to many types of shortages in labor markets. In repetitive,
static tasks, such as the ones faced by large-scale manufacturing enterprises,
this has in fact been borne out through static industrial manipulators. However,
though ubiquitous, these are still largely programmed by hand and execute
pre-programmed trajectories [3], which limits their flexibility and therefore
potential uses. Production lines are still being set up by highly skilled and
scarce technicians, and there is little natural feedback or interactivity between
a robot system and the typical line worker. Leaving behind the confines of the
production line, the greatest strides towards autonomy have been made in rela-
tively structured environments, such as the road conditions faced by autonomous
vehicles [4]. As application domains trend towards the less structured, one can
observe a decrease in technology readiness levels (TRLs) for perception and
control technologies through semi-structured (e.g. agricultural [5]) and nearly
unstructured (such as forestry [6]) environments. One can identify some key
challenges that explain this pattern:

1. Modeling environments for perception and planning becomes increasingly
difficult as fewer abstractions can be assumed ahead of time;

2. Setting up a robot control system becomes increasingly expensive and time
consuming as the nature of the task grows less repetitive.

Addressing both of these challenges is required to open up a path towards
deploying robots to conduct open-ended tasks in difficult environments. Potential
applications range from the encouraging the use of manipulator arms in low vol-
ume manufacturing or the service industry to autonomous employment of mobile
robots in use cases featuring complex, unstructured environments, such as agri-
food, forestry, infrastructure maintenance and defense.

Scientific novelty
This dissertation covers a corpus of research and engineering work largely

focused on development of semantic SLAM systems, using them in industrial
robot control and the development of hardware, software and methodology sur-

6



rounding these goals — from data collection to open-source software for public
release. The primary scientifically novel contributions, however, are:

• Use of visual open-set semantics in a large-scale LiDAR map for terrain
segmentation, intended for uses in ground-based autonomous robot navi-
gation;

• The integration between LLM-based high-level planning techniques and
open-set semantic maps;

• Methodology for testing and evaluating SLAM systems in GNSS-denied
environments using visual fiducial markers and surveying equipment.

Aim and objectives
The general motivation and aim of the study is advancing autonomy and

human interactivity in both stationary and mobile robots through the fusion of
various sensor observations— LiDAR or depth camera range observations, color
images, GNSS— into a unified, language-grounded model of a robot’s surround-
ings. The results of this study should enable future autonomous robot control sys-
tems to better navigate complex, unstructured environments such as forests, and
allow human operators to more intuitively interact with robots.

The specific research objectives of the study are to:

1. Develop an open-set semantic mapping system robust to operation in un-
structured outdoor environments and capable of operating over long trajec-
tories and/or time horizons;

2. Demonstrate the capability of the mapping system to perform various
lookup operations relevant in the industrial manipulation and outdoor
rover context — object pose estimation, terrain segmentation;

3. Create the tooling and methodology necessary to test, verify and validate
system performance under relevant conditions.

Main theses
To structure and motivate the numerous contributions made during the de-

velopment of this dissertation, the following three theses are put forward, which
will be supported by the results described thereafter:

• Thesis 1 — visual fiducial markers whose corner points are located us-
ing landscape surveying equipment provide a GNSS-independent refer-
ence pose measurement method that outperforms RTK-corrected multi-
band GNSS in environments with signal degradation.
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• Thesis 2 — open-set semantic voxel or depth maps achieve object recall
rates in excess of 90% in a centimeter resolution tabletop setting, and an
LLM-based command parsing pipeline integrating such maps successfully
understands and executes simple stacking instructions.

• Thesis 3 — an open-set voxel map containing projected vision-language
model image embedding features achieves voxel-wise terrain classification
accuracy as high as 87% when a heuristic to dismiss void observations is
implemented.

Short description of the methods
To motivate and guide the subsequent research, the Author has conducted

a literature review in the field of perception, environment modeling, localiza-
tion and map construction for autonomous robotics [7]. The Author developed a
hand-portable sensor package for collecting synchronized LiDAR, IMU, GNSS
and image data, alongside the software necessary to run it and tooling for pro-
cessing the related data. A key contribution was the development of the visual
fiducial marker annotation method described in [8], and this work has culminated
in the collection of the EDI-SLAM data set [9]. To test the viability of open-set
semantic mapping as a method for robot perception, an indoor industrial robot
demonstrator was developed for conducting tabletop pick-and-place tasks [10].
Tooling for manual annotation of tabletop scenes and semi-automatic creation of
ground-truth action plans for testing the HLP performance were developed and
used to quantitatively evaluate system performance. Finally, a second demonstra-
tor in the form of an open-source software package was developed by the Author
for conducting Open-set Semantic SLAM in outdoor environments and building
large-scale voxel grid maps with interfaces for terrain segmentation and object
search. A version of this has been publicly released as SLAMVDB [11]. Since
much of the work herein was conducted under the Latvian State Research pro-
gram VPP-EM-FOTONIKA-2022/1-0001, a technical project report document
containing implementation details for both demonstrators can be found at [12].

Publication and presentation of results
Publications and conference abstracts relevant to this Doctoral thesis:

( I ) Racinskis, Peteris, Janis Arents, and Modris Greitans. ”Constructing maps
for autonomous robotics: An introductory conceptual overview.” Electron-
ics 12, no. 13 (2023): 2925.

( II ) Racinskis, P., Arents, J., Greitans, M. Towards a Multi-modal, Multi-layer
Mapping Framework for Autonomous Robotics–an Outline, International
Workshop on EmbeddedDigital Intelligence (IWoEDI’2023), Riga, Latvia.
(two-page abstract)
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( III ) Racinskis, Peteris, Janis Arents, and Modris Greitans. ”Annotating SLAM
data sets with Apriltag markers.” In 2024 10th International Conference
on Automation, Robotics and Applications (ICARA), pp. 438-442. IEEE,
2024. (five-page report)

( IV ) Racinskis, Peteris, Oskars Vismanis, Toms Eduards Zinars, Janis Arents,
and Modris Greitans. ”Towards Open-Set NLP-Based Multi-Level Plan-
ning for Robotic Tasks.” Applied Sciences 14, no. 22 (2024): 10717.

( V ) Racinskis, Peteris, Gustavs Krasnikovs, Janis Arents, andModris Greitans.
”The EDI Multi-Modal Simultaneous Localization and Mapping Dataset
(EDI-SLAM).” Data 10, no. 1 (2025): 5.

The results detailed in this dissertation have been presented at the follow-
ing international scientific conferences and research-industry forums:

( a ) Two-page abstract: 2023 International Workshop on Embedded Digital In-
telligence (IWoEDI’2023). Riga, Latvia, 2023;

( b ) Conference paper: 2024 IEEE 10th International Conference on Automa-
tion, Robotics and Applications (ICARA). Athens, Greece, 2024;

( c ) Poster: 2024 IEEE 14th International Conference Nanomaterials: Appli-
cations & Properties (NAP). Riga, Latvia, 2024;

( d ) Poster and physical demonstrator: 5g Techritory. Riga, Latvia, 2024;

( e ) One-page abstract, poster, physical demonstrator: European Robotics Fo-
rum 2025. Stuttgart, Germany, 2025.

The research in this dissertation was primarily funded through two project
grants:

• Latvian state research program No. VPP-EM-FOTONIKA-2022/1-0001
“Viedo materiālu, fotonikas, tehnoloģiju un inženierijas ekosistēma”

• EdgeAI “Edge AI Technologies for Optimised Performance Embedded
Processing” project, which has received funding from CHIPS JU under
grant agreement No 101097300.

The Author’s contribution
In all publications the Author was the primary author, and prepared most

or all of the manuscript. In (I), (II), (III) the Author conducted all of the research
and development activity. In publication (IV), the Author conceptualized the
idea, developed the system architecture, oversaw the development, deployment
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and experimental evaluation of the demonstrator, and implemented the follow-
ing subsystems directly: open-set semantic map, image data middleware, experi-
mental data collection, data set annotation tooling, evaluation statistics computa-
tion. Colleague Oskars Vismanis developed the low-level robot action primitive
subsystem. Colleague T.E. Zinars developed the high-level planning subsystem.
Both colleagues aided in manuscript preparation by writing the initial draft ver-
sions of the sections corresponding to their subsystems. Descriptions of the com-
ponents developed by them have been used with permission, where relevant. In
(V), the Author conducted all of the research and development activity, but col-
league Gustavs Krasnikovs recorded most of the sensor tracks that were included
in the actual public release of the data set, as well as performing sensor package
calibration, set-up and maintenance tasks. In all publications, senior researcher,
EDI robotics research group lead Ph.D. Janis Arents and senior researcher, EDI
director, doctoral thesis supervisor Dr.sc.comp. Modris Greitans assisted in an
advisory and administrative capacity.

Thesis outline
Due to the fact that a considerable amount of material has already been

published by the author regarding the research described in this dissertation, much
of the content of this document is given in the form of an abbreviated summary,
augmented by the addition of some more recent references, results and develop-
ments. This thesis contains 30 figures, 10 tables, and 2 algorithm descriptions.

Chapter 1 — Background is a review of the key concepts, research and
current state of the art in the fields covered by this disseration. It is largely a
combined summary of the background sections of articles (I), (IV), (V) and the
project report at [12], with some more recent results included where relevant to
bring the information up to date with the latest developments in the field;

Chapter 2— Sensor Package and Dataset Collection describes the sen-
sor package developed to collect data outdoors, the novel reference pose measure-
ment method, experimental assessments of its accuracy and a comparisonwith the
on-board GNSS-INS track, as well as the EDI-SLAM data set;

Chapter 3—TabletopManipulation Demonstrator goes into technical
detail regarding the robot control system architecture developed to take advantage
of open-set semantics in a static environment, the evaluation of the LLM-based
instruction parsing and planning system, as well as results in end-to-end execu-
tion;

Chapter 4 — Semantic Perception Systems details the sequence of
open-set semantic mapping systems developed as part of this research, their
design aspects and the various features added in each iteration, as well as
verification methods and results in three domains — object recall, localization
accuracy and terrain segmentation.
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Summary of the key results
A portable sensor package was built and a large, public data set - EDI-

SLAM - containing several kilometers of recorded trajectories from hand-carried
and vehicle-mounted vantage points was collected. The accuracy of the novel
ground truth pose estimation method was employed, and its accuracy experimen-
tally assessed — with a maximum position error under 5cm and maximum ori-
entation error under 0.5◦ when using 4 markers per gate. In parallel, an indoor
multi-level robot control system using open-set semantics for object grasp pose
estimation was implemented. The system proved capable of recovering over 90%
of simple object stacking action plans, and executing two thirds of commands
with complete success on an industrial robot arm. A sequence of open-set se-
mantic perception systems was developed, demonstrating object detection and
grasp pose estimation for manipulation (up to 94.69% recall, using an octree map
and ternary quantization of semantic features) as well as terrain segmentation for
navigation (up to 87.35% voxel classification accuracy on the RELLIS-3D data
set, track 00000).
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1. BACKGROUND

For an autonomous robot to performmeaningful tasks in the world, it must
be able to perceive its surroundings, understand its own position and orientation,
and execute planned actions. In most currently existing frameworks, low-level
controllers actuate individual joints or wheels, and high-level planners generate
sequences of actions to achieve a goal [13, 14]. However, these still require pre-
cise, programmed setpoints — either in terms of actuator state, or precisely de-
fined trajectory in joint or Cartesian space. To generate these movement targets
dynamically, a crucial link between planning and action is the robot’s perception
system, which provides the environmental model necessary for tasks like nav-
igation and obstacle avoidance [15], while more complex behavior and natural
language interfaces require higher-level control.

1.1. Perception and Mapping Systems
When a robot operates without a prior model of its environment, it must

solve the Simultaneous Localization and Mapping (SLAM) problem — con-
currently building a map of its surroundings while tracking its own pose (position
and orientation) within that map [16, 17]. This is formally a Bayesian inference
problem, aiming to estimate the robot’s trajectory and the map structure given a
sequence of sensor measurements [16]. Two dominant paradigms exist for solv-
ing the SLAMproblem. Filter-based approaches, like the Extended Kalman Filter
(EKF), estimate only the most recent robot state, marginalizing out past informa-
tion to maintain computational tractability [18–20]. While effective for real-time
tracking or odometry, this marginalization can lead to drift over long trajectories
[16]. In contrast, smoothing approaches retain the entire history of robot poses
and sensor measurements, optimizing them jointly to find a globally consistent
solution [17], and potentially including loop closures — constraints added when
the robot recognizes a previously visited location [21–23]. Smoothing SLAM
problems are often represented as factor graphs, where robot poses and map land-
marks are variables, and with sensor observation constraints (factors) between
them [24]. Solving the graph corresponds to a non-linear least squares optimiza-
tion problem [17].

The output of a SLAM system is typically a metric map, such as a point
cloud or an occupancy grid [25], which encodes the geometry of the environment.
While essential for localization and basic navigation, purely metric maps lack the
higher-level understanding required for complex interaction and planning [26].
Decades of research have therefore focused on augmenting maps with semantic
layers representing the meaning of objects and areas [27, 28]. The semantic infor-
mation for these maps is overwhelmingly sourced from computer vision models
processing camera imagery. Tasks like object detection and pixel-wise semantic
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segmentation assign discrete class labels (e.g., ”chair,” ”table”) to parts of an im-
age [29]. A recent and powerful evolution of this is open-set semantics, which
moves beyond a fixed set of classes. By leveraging joint text-image embedding
spaces from Vision-Language Models (VLMs) like CLIP [30], these systems can
identify and query for objects and concepts described in natural language, without
needing to be retrained for new categories [31, 32]. This capability is crucial for
creating flexible and human-interpretable robotic systems.

A particularly challenging application of semantic mapping is terrain seg-
mentation for navigation in unstructured, outdoor environments. Unlike typical
object recognition, this task requires distinguishing between traversable and non-
traversable surfaces (e.g., “grass,” “gravel,” “mud”). Existing datasets for this
domain are significantly smaller than those for common objects [33, 34], and
model architectures that excel at object segmentation do not always generalize
well to the nuanced, large-scale awareness needed for terrain analysis [35]. This
thesis posits that by fusing local, open-set semantic observations into a global 3D
map, a generic vision model can be effectively adapted to this specialized task.

1.2. High-Level Planning and Control
The ultimate goal of a perception system is to inform action. In modern

robotics, there is a strong research trend towards using Large Language Models
(LLMs) for high-level task planning [36, 37]. These systems can parse natural
language commands and generate a sequence of steps for the robot to execute.
Some approaches use an LLM to generate a complete plan upfront, which is then
validated and executed [38, 39], while others use the LLM iteratively to select the
next best action from a predefined set of skills based on the current context [40].
A significant limitation of many current LLM-based planners is that their ”world
model” is often confined to the robot’s immediate sensory input or a short history
of observations [40, 41]. They largely fail to leverage the rich, persistent, and
globally consistent world representation that a SLAM system can provide. This
creates a gap: on one hand, we have sophisticated SLAM systems building de-
tailed semantic maps; on the other, we have intelligent planners that cannot fully
exploit them. Bridging this gap by developing a large-scale, queryable semantic
map designed to interface with modern planning systems is a primary motivator
for the work presented in this thesis.

1.3. Challenges, Goals & BSotA
Tomotivate the research work described in this Doctoral thesis, it is impor-

tant to summarize key insights and identify some important problems that remain
to be addressed, as well as the aspects of capability and performance where the
current State of the Art (SotA) is lacking. Practical field trials such as [42], where
a number of systems [18, 19, 21, 22, 43] were evaluated, show that large-scale
robust mapping of outdoor environments remains a problem. It is therefore neces-
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sary to ensure that a robust, reliable and module localization system be deployed
at the core of any perception stack. To ensure this, the ability to collect new sensor
data to adequately reflect the studied target applications is of critical importance,
to avoid overfitting a limited set of available benchmarks. Less often represented
environment types — partially or wholly unstructured —- and long trajectories
(hundreds of meters, kilometers) need to be collected and tested against. When
moving between open spaces with clear, unobstructed GNSS signals and indoor
or highly built-up areas, a ground truth annotation method that is independent
from the GNSS signal should also be provided. With a GNSS-independent refer-
ence pose measurement, it is possible to fairly assess the localization performance
of SLAM frameworks that directly fuse GNSS data into their estimates. Bearing
in mind how SotA approaches to LLM or multi-modal model-based planning ei-
ther process only the currently visible scene [40] or a sequence of images the
robot has seen [41], but fail to take advantage of SLAM technologies, integration
between LLM-based high-level planning and structured semantic environment
models must be explored. Finally, in terrain segmentation, where previous ap-
proaches focus primarily on improved domain-specific semantic segmentation in
images [35] or point clouds [44], this thesis explores the possibility of re-using the
same general-purpose open-set image segmentation model in finding traversable
surface paths for robot navigation.

Taken all together, the author has thus concluded that the implementation
of several technology blocks and experimental activity campaigns was required:

• Perception System — the development of an open-set semantic mapping
system, for use in robot perception. An approach had to be identified that
is capable of both object detection and pose estimation for manipulation
tasks in a confined workspace (thesis 2), as well as terrain segmentation on
a large scale, to enable navigation in autonomous, mobile robots (thesis 3);

• Control Integrations — to validate the applicability of the aforementioned
mapping system in actual robotic control problems (thesis 2), an architec-
ture for the broader system that can take advantage of such a map needed to
be developed, the requisite modules for high- and low-level planning and
control had to be built, interfaces between these had to be implemented and
the capabilities of the resulting system had to be validated in real-world
robot control;

• Data Provision — to ensure that appropriate testing, verification and val-
idation data are available, methodologies and instrumentation for data set
collection, ground-truth labeling and employment in quantitative evalua-
tion needed to be developed (thesis 1).
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2. DATA SET AND REFERENCE POSES

In order to provide the data that are used in developing, testing and eval-
uating the perception systems in this dissertation, a sensor set-up and collection
methodology were needed. At the outset of the research activity described in this
dissertation, EDI’s robotics laboratory already possessed a two-robot workstation
equipped with multiple depth cameras. However, no equipment was available for
collecting LiDAR or GNSS data along arbitrary outdoor trajectories through un-
structured environments. Therefore, a portable sensor package was developed. In
addition, to allow localization accuracy benchmarking in GNSS-denied environ-
ments, or for systems that use GNSS, an independent reference posemeasurement
method was introduced and its accuracy was assessed w.r.t. static motion capture
equipment. The sensor package and new reference pose measurement method
were then employed in collecting the EDI-SLAM [9] data set. This was used in
a localization error measurement for the on-board GNSS-INS sensor, as well as
evaluating the performance of some of the SLAM systems used in the semantic
mapping technologies.

2.1. Sensor Package
Taking notes from the sensor package used in recording the TUM-VI [45]

visual-inertial odometry benchmark, a hand-portable, adjustable mounting frame
was constructed to hold the sensors, compute module, GNSS antenna and power
delivery circuitry, shown in Figure 2.1. LiDAR was selected over a depth cam-
era for its higher range and tolerance of outdoor lighting conditions. Cameras
were mounted primarily to enable the use of computer vision in semantic infer-
ence; two are required to also allow the testing of stereo and stereo-inertial SLAM
systems, in addition to future proofing for more reliable stereo-to-depth estima-
tion methods — which may eventually allow for doing away with the LiDAR in
some workflows. A GNSS-INS navigation system is to be mounted to serve as
the primary dense (high-frequency and high-availability) ground truth annotation
method in scenarios where GNSS drift is expected to be low, such as open field
trajectories.

The sensor package mounts an Ouster OS1 rev7 [46] 32-line mechanical
LiDAR (1), which outputs point clouds at 10Hz and IMU data at 100Hz; 2×
Basler Dart 1920-160uc [47] global shutter USB3.0 cameras (2), equipped with
fixed focal length 4mm 1/1.8” lenses; an Xsens MTi-680g [48] inertial naviga-
tion unit (occluded in the image) with a multi-band u-blox ZED F9 RTK GNSS
receiver(3); and an Intel nuc compact PC, running Ubuntu Linux 20.04 LTS and
ROS1 Noetic, which performs data recording (4). Reflective markers (7) can
be affixed to the package for testing and calibration w.r.t. the Optitrack motion
tracking system.The battery is carried separately — in a backpack for hand-held

15



Figure 2.1: (I) front and (II) top views of the sensor package, with some of the
sensors indicated. (III) one of the images processed for reference pose measure-
ment in the courtyard_gt track, showing a tracking gate with detected marker
indices and their corners drawn in black.

recording, in the cabin when recording using a car and fastened separately on
the UGV platform, with detachable extension cables used to supply power in the
various configurations. A custom Pylon camera ROS driver was implemented,
to provide a software-synchronized LiDAR-camera capture mode, invoking the
software trigger on both cameras whenever a point cloud is published. The kalibr
software toolkit [49] is used to obtain the various camera intrinsic, camera-to-
camera, camera-to-LiDAR and camera-to-IMU extrinsic calibration parameters.

2.2. Reference Pose Measurement
Given the requirement for statistically independent evaluation of SLAM

systems that directly fuse the same GNSS data into their state predictions, as
well as sky occlusion and multipath scattering and occlusion concerns, an entirely
independent method of ground truth pose measurement must also be provided. A
prominent method for providing such alternate measurements used in other data
sets is the use of motion capture systems, e.g. Optitrack system [45, 50]. While
they do provide entirely GNSS-independent measurements, and sub-milimeter
level accuracy, such installations are extremely limited in their effective working
area by the need to deploy numerous (highly expensive) cameras around the body
of interest to provide multiple views of its reflective marker pattern.

In this dissertation, the Author introduces an alternative measurement sys-
tem for SLAM data sets incorporating a camera feed [51]. Apriltag2 [8] fiducial
markers attached to marker plates are placed along the envisioned camera track,
then traditional surveying tools — a total station — are used to measure the posi-
tions of the marker plates, either in a floating Euclidean frame or, if possible, in
a geo-referenced coordinate system (using independently obtained GNSS-RTK
measurements from different equipment) such as ECEF. Given known camera
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calibration parameters and the external reference frame corner point locations, a
camera pose is independently estimated for every frame containing marker obser-
vations, using the perspective-n-point algorithm [52]. In the typical deployment
configuration, the visual markers are arranged in “tracking gates”, each of which
consists of two backing plates mounting two markers each, to present a total of
16 corners for the PnP pose estimation algorithm.

The primary advantage of this set-up vis-a-vis Optitrack and similar sys-
tems is that it can be deployed practically anywhere, since the visual tracking
gate deployments are much simpler and less expensive than motion capture in-
stallations. Furthermore, any pose estimates are aligned in time with the camera
frames by construction, without the need to conduct any additional frame-to-pose
synchronization. Compared to GNSS-INS, the main advantages are the afore-
mentioned statistical independence as well as the ability to deploy such a system
indoors or in other locations where the satellite signal is unavailable or unreli-
able. The most notable disadvantages are reduced coverage— pose estimates are
available only near surveyed tracking gates — and before any recording can be
performed, this placement and surveying work needs to be done, increasing the
time and cost of collecting trajectories in new locations.

2.3. Data Set
Using this sensor package, the driver software and calibration methodol-

ogy At the time of writing this document, the data set is in its first major public
release, an accompanying publication for which can be found at [9]. As of the
writing of this document, the release version contains recordings with and without
the reference pose estimates, collected over five runs in three different environ-
ments:

• the EDI courtyard, some of its surroundings — a cityscape with some
stretches of dense vegetation and shrub mixed in. The high buildings in the
courtyard degrade GNSS signal quality through obstructing line of sight
and multipath scattering (2 tracks);

• a flat, grassy field — featuring high-quality GNSS data but relatively fea-
tureless segments which make complicate scan-to-scan or image-to-image
tracking (2 tracks);

• a network of forest service roads — straight, long dirt and gravel tracks
under the forest canopy, featuring highly repetitive scenery (which aggra-
vates the risk of spurious loop closures) and intermittent GNSS availability
(1 track).

When performing ground-truth-annotated recording runs, Apriltag track-
ing gates were placed in various locations along the planned route. The trajec-
tory always starts with the first gate visible. Others are spaced approximately
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Figure 2.2: Satellite maps with reference positions — made with GNSS-IMU
(top) and visual marker tracking gates (middle). Expanded views (bottom) of
marker-derived reference poses (solid blue), markers (red) and corresponding
GNSS-IMU estimates (gradient)
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Figure 2.3: Visual marker pose estimate deviation from Optitrack w.r.t. obser-
vation index number, with different marker configurations.

evenly along the envisioned path, to ensure any significant drift accumulation
gets measured. Additionally, with the EDI courtyard track, an effort has been
made to place the tracking gates in occluded spots, where it was expected that
significant GNSS degradation would be encountered. The sensor package was
carried in two different ways during collection — in the courtyard and one of the
recordings made in the open field, the package was carried in-hand. For the much
longer forest road track, as well as the other field tracks, the rig was mounted to
the roof of a car, to allow for longer recordings. 3 of the tracks feature refer-
ence pose annotations — one for each environment. Satellite images of the these
are shown in Figure 2.2. The data set is hosted under the Creative Commons
Attribution-NonCommercial-ShareAlike 4.0 International License [53] on EDI’s
domain [54].

2.4. Results
To ensure the quality of the ground truth reference pose measurements in-

cluded in the EDI-SLAM data set [9], assessments of both the newly proposed
surveyed Apriltag localization method and the on-board GNSS-INS trajectory
were performed, the results of which are collected in Table 2.1. The former was
assessed w.r.t. a fixed Optitrack motion capture system. Several marker arrange-
ments were tested and, as visible in Figure 2.3, using more corner points spaced
farther apart in image space is important for reducing the incidence of outlier
errors. Using 4 marker plates, average angular error of 0.43◦ and translation er-
ror of approx. 1.8cm were obtained, up to a bias in the calibration used — with
maximum values of approx. 2◦ and 4.2cm, respectively.

An assessment of the GNSS-INS system error has also been made on the
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Table 2.1: Reference pose measurement results.

Marker count Evaluation metric
and arrangement mean ϵθ max ϵθ mean ϵt max ϵt

all 4 markers, 16 points 0.43◦ 2.04◦ 0.018m 0.042m
top 2 markers, 8 points 0.42◦ 2.39◦ 0.022m 0.090m
left 2 markers, 8 points 0.59◦ 4.51◦ 0.019m 0.135m

Track ϵrmse ϵrmse,XY ϵate ϵate,XY ϵrpe
courtyard_gt 77.291 6.873 4.000 3.193 0.008
saga_gt 1.305 0.452 0.114 0.099 0.024
ropazi_gt 8.223 2.165 3.059 2.405 0.047

EDI-SLAM data set, summarized in the bottom section of Table 2.1. These results
show that the GNSS-INS estimates largely agree with the marker-based position-
ing on the open-sky saga_gt track — with an RMSE of less than 50cm in the
XY plane, a metric that quantifies raw error in individual measurements without
computing any kind of alignment beforehand — there is a substantial divergence
on the courtyard_gt track, where the sky is often occluded and the presence of tall
buildings introduces difficult to predict reflections or scattering. The largest com-
ponent of the error is a systematic bias in altitude estimates, but discontinuities
are also present, which distort the aligned ATE estimates.

The tradeoffs between the new reference pose measurement method and
GNSS-INS are clearly visible in Figure 2.2. The top row shows the much denser
coverage afforded by the high-sample-rate and near-continuously present Xsens
track, where the visual estimates are only available near the tracking gates.
However, when examining the courtyard_gt track, where the greatest amount
of GNSS-INS deviation from Apriltag poses has been measured numerically, a
clear trajectory deviation is apparent — even though the largest component of
the error is along the altitude axis, not visible in the satellite images.
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3. TABLETOP STACKING DEMONSTRATOR

The main research goal at the robot control stack level is to create a sys-
tem that can process a free-form natural language prompt to turn it into a se-
quence of motion commands to a real robot, achieving the desired effect in the
robot’s environment. In accordance with the aims and objectives of the disser-
tation, the decision to pursue an approach integrating an explicit, structured map
of the environment was taken early on. To ensure modularity and portability, ac-
tion primitives — robotic skills — have been selected as the guiding paradigm in
control, implemented through a . A high-level planning subsystem, using LLMs
at its core, is employed to convert unstructured commands in natural language
into action plans the robot can execute. The proposed architecture has been im-
plemented on a real industrial manipulator and tested both component-wise and
in end-to-end execution.

3.1. Multi-level Control System
To take full advantage of the capabilities offered by SotA LLMs andmulti-

modal models, while also making use of a structured model of the environment,
the following three-block architecture has been devised for planning, control and
perception:

• High-level Planning (HLP) subsystem— the main NLP and user interac-
tion driver, processing queries provided by a human operator in the form of
either speech commands or text directly. The primary task of this module is
to extract a sequence of map search operations and robot actions that need
to be performed;

• Low-Level Planning (LLP) subsystem— abstracting robot hardware and
the specifics of the action implementations from the other modules, this
technology block is concerned with actually physically executing the se-
quence of actions commanded by the HLP;

• Semantic map subsystem— an open-set semantic map fusing multiple ob-
servations of an environment, such as the workspace of an industrial robot,
or the surroundings of a mobile manipulator, into a single, consistent map,
where semantic search operations can be performed.

For testing and validation purposes, it is necessary to define the use-case
and human operator interaction procedures. The human operator overseeing the
robot control system issues commands in voice or text — free form natural lan-
guage. The robot workstation computer hosts the LLP application which includes
the user interface, as the LLP is required to directly integrate with the low-level
hardware drivers. Action primitives expose servers implementing the ROS action
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Figure 3.1: Architecture of the industrial robot tabletop manipulation demon-
strator, which was built for map-HLP-LLP integration and map validation in the
object detection and grasp pose estimation tasks [10, 12].

protocol, performing a preemptable, parameterized motion when invoked. Plans
from the HLP and object information from the map are obtained through request-
response protocols to servers which may be deployed locally or on physically
separate servers. A schematic of the demonstrator architecture as actually built
[10, 12] is depicted in Figure 3.1. Real-world data collection and end-to-end exe-
cution was performed on EDI’s testbed industrial robot workstation. This consists
of two robot arms — a Universal Robots UR5e and a UR5, of which the former
is used in this demonstrator; the UR5e is equipped with a finger-type RobotiQ
gripper; above the primary work area, a Zivid One+ RGB-D camera of the struc-
tured light type is mounted statically; a Intel Realsense D435 is mounted on the
robot arm itself. The primary work area is a flat steel surface, with attachment
points for boxes that are used in bin-picking and sorting tast demonstrations. As
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one of the cameras is static, while the other is mounted on the robot arm — and
the robot ROS driver computes tool center point coordinates at high frequency by
solving forward kinematics — the usage of SLAM or other separate localization
algorithm is not required for building maps in the tabletop manipulation scenario,
allowing the semantic map to be tested separately.

The High-Level Planning (HLP) subsystem transforms incoming user re-
quests — voice or text, stated in natural language — into an action plan. To
generate the plan, successive calls to an LLM are made, which progressively fill
in the details in a set of prompt templates, providing details extracted from the
query text itself where required. The HLP uses LLama3 8B Instruct [55] with
Q_4_K_M weights from [56], implemented in llama.cpp [57], with 4-bit GGUF
quantization. In addition to the use of quantization to reduce memory require-
ments, prompt chaining [58] is used to decrease the necessary context length. The
HLP subsystem implements three input processing stages: filtration, parsing and
planning. The filtration stage classifies incoming requests into one among a set
of predefined classes — ”mobile_manipulation”, which triggers the execution
of subsequent planning-related stages in the pipeline, and ”query_answering”,
”casual_discussion” or ”any_other_query”. The next stage in the pipeline, as-
suming planning has been requested, is instruction parsing. It identifies objects
and actions in the user’s request, then breaks the request down into simpler sub-
tasks or “steps” for separate planning as in Least-to-Most [59]. The final stage is
step-by-step planning. Each step is interpreted in the planning stage as a list of
the actions available to the LLP, which are concatenated into the full plan, passed
on to the LLP subsystem.

The Low-Level Planning (LLP) subsystem processes plan descriptors —
sequences of actions — generated by the HLP. It interfaces with the controller
and planner interfaces exposed by robot and other hardware drivers, using ROS
2 framework for task scheduling and inter-process communication. For motion
planning, the ROS2 version MoveIt [13] is used, which abstracts the complex-
ity of turning motion goals in Euclidean space to sequences of configuration
space targets. A collection of five action primitives has been implemented: em-
bed, find,get_grasp, activate_gripper and move. All of these are implemented
through the ROS 2 service call interface, and treated as composable subroutines
when forming the higher level abstraction — actions. As of the writing of this
document, two actions are implemented in the LLP subsystem— pick and place.

3.2. Experimental Assessments
To measure and verify HLP subsystem performance, the approach taken

in this work is starting with a set of known plans, obfuscating them into natu-
ral language commands, then testing whether the HLP, when presented with the
obfuscated command, is able recover the structure of the original plan — the se-
quence of actions and the correct objects associated with them. Given the very
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Figure 3.2: Time-lapse of a single command being performed, from the video
recordingmade during one of the end-to-end execution tests. The command given
was Rest the electrical tape on the multimeter, but only after positioning the com-
puter mouse over the pink foam, which was executed successfully. The robot arm
clears the workspace for collecting each new observation, to avoid obstruction.

simple set of actions available to the version of the demonstrator that was tested
— the “pick” and “place” pair — three types of command were designed to test
for different types of failure that may be encountered during the planning pro-
cess: “simple”— direct pick-place sequences; “forward”— repeated pick-place
commands in order of appearance; “reverse”— two pick-place commands that
have to be executed in reverse order. To generate phrasing permutations in two
stylistic types, the interactive assistant API of OpenAI’s GPT-4o [60] was em-
ployed. Specific object descriptions can then be inserted into the templates to
yield commands.

For end-to-end integration testing and validation a protocol was devised
for executing sequences of instructions from a randomized set and scoring the
results based on qualitative observations. A time-lapse of one such execution
episode is depicted in Figure 3.2. A random permutation of the product of these
objects is generated, and a set of instruction templates is sampled. Due to the large
number of unknown unknowns involved in a physical integration test, a human
observer is present to monitor each episode and note the presence errors in each
system stage—HLP, perception, low-level robot control— and assign a score—
success, partial success or failure. The total score is given by the minimal score
attained in any of the three system stages — a single partial success makes the
result a partial success at best, and a single failure means the total is also a failure.
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Table 3.1: Robot control system evaluation results.

HLP Verification
Command type Count in data set Correct %

simple 394 99.49
forward 400 92.50
reverse 400 96.40
End-to-end Execution (15 episodes)

System stage Success %
HLP 93.33

Perception 86.67
Robot control 73.33

Total 66.67

3.3. Results
The most salient results of the two types of experimental evaluations have

been summarized in Table 3.1. The top block in the table records the HLP as-
sessment results. The leftmost column specifies the command structural type (in-
cluding both stylistic types). The middle column specifies how many times this
type of command was represented in the test data set. The discrepancy in types
by command count is caused by duplication — the “simple” command only has
two object slots, meaning some sequences that differ in their last two elements
result in the same filled template. The rightmost column lists the percentage of
correctly recovered plans for each command type. Upon inspection of the HLP
performance evaluation results, it becomes clear that the approach used is quite
capable at dealing with the rather limited space of commands represented in the
evaluation data, with success rates above 90% for all plan signatures. However,
a somewhat counter-intuitive pattern is observed in the fact that reversed plans
have lower error rates. Human examination of the specific failed commands re-
veals that most failures are due to either superfluous actions being hallucinated or
object descriptions being duplicated, both of which occur more frequently with
the forward ordering. Another prominent issue is the misidentification of polite
requests as casual conversation or question answering.

The bottom block in the table summarizes the success rates attained in the
latest end-to-end execution test of the entire system. The left column specifies
the system stage, and the right column cites the percentage of episodes where this
stage succeeded in its task, with the total success rate (when all stages succeeded
and the task was accomplished) recorded at the bottom. While it is clear that the
system is fundamentally capable of accomplishing simple stacking tasks, future
work in improving the performance in each stage is required to make it ready for
industry deployment — such as more robust grasp pose estimation.
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4. SEMANTIC PERCEPTION SYSTEMS

At the core of the research described in this dissertation was the develop-
ment, testing and real-world validation of open-set semantic perception systems.
All the theses are ultimately concerned with the topic — Thesis 1 concerns ex-
perimental methodology used in evaluating such systems, Thesis 2 asserts that
an open-vocabulary segmentation model can successfully be used in fine-grained
robotic manipulation tasks and Thesis 3 seeks to establish that, through appro-
priately selected lookup vectors, the vision-language embeddings can be used to
distinguish between different terrain types relevant in autonomous robot naviga-
tion. Three different types of experimental evaluations were performed, related
to each of the theses — the novel reference pose measurement method was used
in assessing SLAM system localization performance, the perception systems de-
ployed on the tabletop demonstrator were tested on object recall, while the latest
version of the outdoor mapping system — SLAMVDB—was evaluted in terrain
segmentation accuracy.

4.1. Implementations
As part of an iterative development process, a total of four perception

pipelines were developed, in increasing order of complexity, each implementing
lessons from the previous steps:

1. The Depth Map— a “2.5-dimensional” map, in the form of a single depth
image and corresponding vision embedding feature map, used as the initial
proof of concept for object detection and grasp pose estimation methods.

2. The Vector Octree — a single, fully 3-dimensional octree data structure,
holding VLM embedding vectors in its grid cells. Developed primarily to
validatemethods for integratingmultiple semantic observations of the same
grid cell, and establishing the transferability of object detection methods
used in a single depth map to a fully 3-dimensional map;

3. The Sequential Semantic SLAM system— a large scale mapping pipeline
exploring ways to adapt the voxel grid map to the challenges faced in
outdoor perception — namely, sensor drift accumulation, post-integration
merging through loop closures and having to go beyond the volume lim-
its of an integer-indexed voxel cube — through a sequential submap data
structure where voxel maps are implemented using sparse matrix indexing;

4. The Time-indexed Semantic SLAM system (SLAMVDB) [11] — the final
(as of writing this document) version of the perception system, fully de-
coupling the localization and voxel mapping stages to enable modularity,
combining the Vector Octree data structure with the submap approach from
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Figure 4.1: Components and data flows in the latest iteration of the open-set se-
mantic mapping system as of the writing of this document [11]. The dashed lines
denote optional data flows (IMU for use in external SLAM modules or gravity
estimation, GNSS as an optional feature in the mapper).

the Sequential system. A block diagram of this system is depicted in Figure
4.1.

The Depth Map and Vector Octree systems were deployed and tested in
the tabletop manipulation scenario [10]. The object detection tests in [10] were
performed using these systems, and the algorithms that the Vector Octree was
tested with have been directly ported to both subsequent map versions. The Se-
quential system was used in the initial round of outdoor tests and is featured in the
localization accuracy evaluation in [12] — perhaps most importantly, in validat-
ing the GNSS-enabled mapping approach. SLAMVDB combines lessons learned
from the previous iterations and serves as the proof of concept for integrating
third-party SLAM systems at the localization stage of the pipeline.

27



Figure 4.2: (I - IV) A scene in the reference data set. (V-VII) Impact of ignoring
“void” in the outdoor mapping system.
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4.2. Experimental Evaluation
The Depth Map and Vector Octree were evaluated on a reference scene

data set as part of the tabletop demonstrator in [10]. To assess the capability of
the Depth Map and Vector Octree in finding the desired object given a text de-
scription, a reference scene data set was collected, depicted in Figure 4.2 items
(I-IV). A scene is arranged (I), and an image of it, loaded into an application
specifically developed for the purpose (II), is manually tagged by human annota-
tors for object centroids (red cross markers), grasp directions (blue asterisk mark-
ers) and text descriptions (in green). A series of depth images are also collected,
which can be reconstructed into a voxel map (III), and object detection can be
performed using similarity thresholding (light color in the image indicates simi-
larity to the query “scotch tape”). In evaluation, the map is queried for each object
using its text description, and the estimated object centroid or grasp pose is com-
pared to the nearest ground truth pose assigned to the object (IV). To determine
whether embedding quantization can be used to reduce memory requirements,
tests were conducted at ternary, byte and 32-bit float resolution for the semantic
vector scalars.

To verify the quality of the localization estimates used in the outdoormaps,
SLAM system accuracy wasmeasured w.r.t. the Apriltag system in the EDI court-
yard (a looped trajectory) and an open field (an open-ended trajectory, corrected
by GNSS), which was done with the Sequential mapping system. This follows
the same general procedure as GNSS-INS pose error estimation detailed in Sec-
tion 2.2 — though only the ATE [61] metric is considered in the results. The lio2
[20] tracker supported by SLAMVDB was assessed on RELLIS-3D.

Finally, SLAMVDB was been evaluated in terrain segmentation on
RELLIS-3D, which provides its ground truth terrain segmentation in two
forms — image space masks and segmented LiDAR scans, both of which are
sensor-local, and need to be projected into the map reference frame for any
comparison. Since even a minor amount of localizer drift rapidly hides any
semantic segmentation error, localization accuracy and map construction are
treated as separate problems. Thus, for semantic map evaluation the mapping
system uses ground truth label poses, and the same trajectory is also used to
project the sensor-local ground truth semantic labels into the map frame.

4.3. Results
Table 4.1 collects highlighted results from the three experimental evalua-

tion campaigns. The top row block summarizes the object recall accuracy, which,
with the exception of one system configuration, is above 90% for both the map
versions tested, and shows no clear impacts from embedding quantization. These
results are far from conclusive however, as the reference scene data set is quite
small. In several instances, the set of correctly and incorrectly recalled objects is
exactly the same — with differences in the final score being due to a handful of
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Table 4.1: Results from perception system accuracy assessments.

Object Recall for Grasping
System Quantization Recall, %

Depth Map
ternary 91.04%
byte 92.29%

float32 92.29%
ternary 94.69%

Vector Octree byte 87.60%
float32 93.85%

Localization
System Data set Track l,m ATE, m

Sequential, loops EDI-SLAM courtyard_gt 696.09 0.057
Sequential, GNSS EDI-SLAM saga_gt 421.86 0.485
SLAMVDB, lio2 RELLIS-3D 00000 329.76 2.12
SLAMVDB, lio2 RELLIS-3D 00003 256.58 6.08
SLAMVDB, lio2 RELLIS-3D 00004 228.41 0.91

Terrain Segmentation Accuracy

Track with void without void
ρhit % acc. % ρhit % acc. %

00000 80.28 84.69 81.26 87.35
00003 79.57 79.19 80.39 81.37
00004 73.17 74.22 73.90 76.17

deviations between the various configurations.
The middle row block summarizes results from the localization accuracy

tests. On EDI-SLAM, the LiDAR-ICP SLAM system clearly demonstrates its
ability to counteract drift even along relatively long trajectories — through loop
closure in the long, loopy courtyard track, and usingGNSS constraints on the open
field without loops. On RELLIS-3D, even the more complex LiDAR-inertial lio2
system accumulates a significant amount of drift over shorter tracks, due to the
lack of clear tracking features in many segments of the track and rapid rotations
of the robot platform — clearly indicating the need to separate localization and
semantic accuracy assessments.

The bottom block shows the point-wise classification accuracy ρhit and
voxel-wise classification accuracy attained by the system. Elimination of unob-
servable “void” cells in the map by construction improves accuracy, up to as high
as 87.35% on the longest, but least complex 00000 track. This is also shown in
Figure 4.2—partially translucent treetops in (V) get initially mistaken for the sky,
but after removing “void” from the ontology, their ground truth (VII) “obstacle”
class is recovered (VI).
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SUMMARY AND CONCLUSIONS

In this dissertation, three main theses were proposed and validated — re-
garding SLAM system localization accuracy evaluation methodology, the use of
open-set semantics in fine-grained robotic manipulation in response to natural
language commands given by non-specialist human operators, and performing
terrain segmentation for UGV navigation by re-using an open-vocabulary im-
age segmentation model through optimizing a set of query vectors. In all three
cases, the assertions in the theses have been backed up by experimental evidence.
The terrain segmentation method is, to the best of author’s knowledge, entirely
unique in its approach — having only been proposed as part of the broader open-
set perception and human interaction technology developed in [12]. Moreover,
the conclusions drawn from the theses have already been re-used in the very same
research— the proposed ground truth pose measurement method, the advantages
of which over GNSS-INS localization in environments with disrupted satellite
signal has been demonstrated, was directly used in experiments SLAM perfor-
mance verification for the outdoor mapping systems.

Taking into account the results discussed above, new questions and fu-
ture research directions have become apparent. After discussions with industry
representatives, a clear need for more than just single-event driven control for in-
dustrial robots has been identified. Rather than the command-action architecture
presented in this dissertation, there is a market need for a language-to-program
paradigm, where repeatable, adaptable routines are generated from text or voice
descriptions. Focusing in on the perception aspects, ways to integrate better-
informed grasp and placement pose estimates into the open-set semantic percep-
tion system are clearly required, as even when most plans get generated correctly,
and the right objects found, the final step of physically manipulating the objects
is responsible for the largest fraction of failed execution episodes. In terrain seg-
mentation, novel vision embedding model architectures need to be explored, to
overcome the resolution-inference time tradeoff faced in this work. Furthermore,
research is required regarding ways to model the presence of mobile objects in
the voxel maps — which currently only support holding static objects, with any
ephemeral observations being simply cleared. Finally, the need for integrating
semantic information into the geometric map construction and localization steps
is becoming increasingly pressing — hopefully, reducing the incidence of issues
such as void-valued occupied voxels, and aiding in SLAM aspects such as loop
closure detection.
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