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A operagao auténoma em ambientes subaquéticos confinados e sem GPS impoe
desafios criticos de robustez perceptual (perceptual aliasing) e associacdo de da-
dos (data association), tornando o Simultaneous Localization and Mapping (SLAM)
um subsistema central para navegacao segura. Fatores como turbidez da &agua,
iluminacao variavel, baixa textura e recorréncia estrutural do ambiente submarino
intensificam o perceptual aliasing, levando pipelines geométricos a perda de rastrea-
mento e podendo degradar a consisténcia global do mapa, inclusive em abordagens
bio-inspiradas canodnicas quando submetidas a associagoes espurias.

Esta dissertagao propoe o PoseidonSLAM, um framework neuro-inspirado para
Visual-Inertial-Acoustic Underwater SLAM com énfase em robustez perceptual e
estabilidade topoldgica. O método combina reconhecimento de lugar — Visual Place
Recognition (VPR) — por verificacdo temporal de sequéncias (sequence-aware VPR)
com um mecanismo de VPR Guard que regula a emissao de eventos no Mapa de
Experiéncias, reduzindo a probabilidade de atualizacoes motivadas por evidéncia
perceptual instavel e, consequentemente, mitigando corrupcao estrutural do grafo
sob condigoes degradadas.

A arquitetura é composta por dois subsistemas acoplados: (i) um front-end
neocortical, derivado do NeoSLAM, que codifica observacoes multimodais de
camera e sonar em Sparse Distributed Representations (SDR) e emprega Hierar-
chical Temporal Memory (HTM) para produzir identidades de lugar estaveis; e (ii)
um back-end hipocampal, derivado do DolphinSLAM, que integra essas identi-
dades ao dead-reckoning para construir e manter um grafo topolégico tridimensional

consistente do ambiente submarino explorado.
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A validacao experimental em software-in-the-loop foi conduzida em dois eixos.
Primeiro, a Underwater Cave Transformed Database foi construida como um teste
controlado de robustez do VPR sob perturbagoes programaticas de aparéncia e ponto
de vista, na qual a rede neural convolucional — Convolutional Neural Network
(CNN) — ShuffleNetV2 x1.0 apresentou melhor desempenho na curva Precision—
Recall do que a CNN AlexNet-conv3. Segundo, o PoseidonSLAM foi avaliado no
benchmark Underwater Cave Sonar and Vision Data Set, evidenciando: (a) rastre-
abilidade deterministica evento—evidéncia; (b) redu¢do da densidade de eventos e
do tamanho final do grafo com VPR Guard ON em relagao ao OFF'; e (c) indicios
de fechamento de ciclo (loop closure) consistentes com o protocolo de ground truth
adotado.

Em sintese, os resultados indicam que, ao combinar verificacao temporal de se-
quéncias e regulacao da emissao de eventos, o PoseidonSLAM operacionaliza um
mecanismo de robustez perceptual capaz de preservar a coeréncia topolégica do
mapa e, também, de reduzir o risco de colapso estrutural do grafo em missoes sub-

aquaticas sob condi¢oes ambientais severas.
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Autonomous operation in confined underwater environments without GPS poses
critical challenges in perceptual aliasing and data association, making Simultaneous
Localization and Mapping (SLAM) a central subsystem for reliable navigation. Fac-
tors such as water turbidity, variable illumination, low texture, and structural recur-
rence of the underwater environment intensify perceptual aliasing, causing geometric
SLAM pipelines to lose tracking and potentially degrading global map consistency,
including in canonical bio-inspired approaches under spurious associations.

This dissertation proposes PoseidonSLAM, a neuro-inspired framework for
Visual-Inertial-Acoustic Underwater SLAM with emphasis on perceptual robust-
ness and topological stability. The method combines sequence-aware visual place
recognition (VPR) by temporal verification of place hypotheses with a VPR Guard
mechanism that regulates experience-event emission, reducing updates driven by
unstable perceptual evidence and mitigating structural corruption of the experience
graph under degraded sensing conditions.

The architecture comprises two coupled subsystems: (i) a neocortical front-
end, derived from NeoSLAM, which encodes multimodal camera and sonar observa-
tions into Sparse Distributed Representations (SDR) and employs Hierarchical Tem-
poral Memory (HTM) to produce stable place identities; and (ii) a hippocampal
back-end, derived from DolphinSLAM, which integrates these identities with dead-
reckoning to build and maintain a consistent three-dimensional topological graph of
the explored underwater environment.

The software-in-the-loop experimental validation followed two axes. First, the
Underwater Cave Transformed Database was built as a controlled stress test for

VPR robustness under programmatic appearance and viewpoint perturbations, in

viil



which the Convolutional Neural Network (CNN) ShuffleNetV2 x1.0 demonstrated
better performance in the Precision-Recall curve than CNN AlexNet-conv3. Second,
PoseidonSLAM was evaluated on the benchmark Underwater Cave Sonar and Vision
Data Set, showing: (a) deterministic event—evidence traceability; (b) reduced event
density and smaller final graph size with VPR Guard ON compared to OFF'; and
(¢) loop closure indications consistent with the adopted ground truth protocol.
Overall, the results suggest that PoseidonSLAM operationalizes perceptual ro-
bustness by combining temporal sequence verification with event-emission regula-
tion, preserving topological map coherence and reducing the risk of structural graph

collapse in severe underwater conditions.
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Chapter 1

Introduction

1.1 The Challenge of Long-Term Underwater Vi-
sual SLAM

The exploration and inspection of confined, GPS-denied underwater environments
remain one of the most demanding frontiers in modern robotics [1|. Typical sce-
narios include submerged caves, shipwrecks, flooded mines, and complex industrial
infrastructures, where operation is constrained by limited spatial range, overhead
occlusions, obstacles, high turbidity, and poor ambient illumination [1]. In these
environments, an Autonomous Underwater Vehicle (AUV) must maintain accurate
navigation to ensure mission success and vehicle safety. This requires robust Simul-
taneous Localization and Mapping (SLAM), often under conditions where conven-
tional positioning solutions are infeasible. For instance, acoustic infrastructure such
as Long Baseline (LBL) arrays requires pre-deployment of beacons, while geophysi-
cal matching approaches depend on prior environmental maps; both are frequently
impractical in exploratory or time-critical operations [1].

AUVs, therefore, rely on onboard navigation pipelines that combine self-
motion estimation (e.g., Dead Reckoning—DR—and Strapdown Inertial Navigation
Systems—SINS) with exteroceptive sensing. However, DR and inertial navigation
inevitably suffer from unbounded drift, which can accumulate to mission-limiting
errors in long traverses. This motivates the use of perception-driven correction
mechanisms, notably loop closure and place recognition, as the core tools to con-
strain drift over time [2]. Visual SLAM has consequently become a research hotspot
due to the low cost, low power consumption, and rich information content of cameras
[2]. Nevertheless, the underwater domain imposes unique stressors that severely im-
pair the visual sensing chain: “scattering and absorption” lead to strong attenuation
and reduced contrast, frequently yielding blue-green shifted imagery [3]; further-

more, underwater scenes often exhibit repetitive structures or low texture, which



makes feature detection and matching unreliable [3]. While such degradation can
be tolerable in open-water navigation with large safety margins, it is catastrophic
in confined environments, where small localization failures can produce collisions or
mission aborts [1].

The core long-term challenge, therefore, is to design a SLAM system that remains
coherent in the presence of severe perceptual degradation and persistent perceptual
aliasing, and that can maintain consistency across repeated traversals and extended

missions.

1.2 Limitations of State-of-the-Art Approaches

Geometric Visual SLAM. The geometry-based paradigm is represented in this
dissertation by ORB-SLAMS3, a leading feature-based system that provides an open-
source solution for visual, visual-inertial, and multi-map SLAM [4]. ORB-SLAM3
integrates short-, mid-, and long-term data association mechanisms and reuses past
information to reduce drift in previously mapped areas. Its Atlas multi-map system
improves robustness to tracking loss by spawning new maps and merging them when
revisiting known places [4]. Despite this sophistication, its core reliance on robust
matching of discrete ORB features becomes a critical point of failure in underwater
environments characterized by low texture, repetitive patterns, or substantial ap-
pearance changes. This vulnerability is acknowledged by the authors: “The main
failure case of ORB-SLAM3 is low-texture environments” [4]. In our experiments,
under the repeated-traversal conditions simulated from the Underwater Cave Exper-
iment |5, 6], ORB-SLAMS3 collapses in its monocular-inertial configuration, failing
to deliver a coherent long-term map. This result illustrates a fundamental limita-
tion: sensor fusion can mitigate motion uncertainty, but it cannot compensate for a

perceptual front-end that is brittle under severe aliasing.

Canonical bio-inspired SLAM. The bio-inspired paradigm offers an alterna-
tive route, exemplified by RatSLAM, a canonical framework modeled on rodent
hippocampal navigation |7, 8]. RatSLAM maintains multiple pose hypotheses in a
Continuous Attractor Network (CANN) of pose cells, enabling competition between
hypotheses until sensory evidence resolves ambiguity. Its architecture combines (i)
pose cells, (ii) local view cells for appearance recognition, and (iii) an experience map
that builds a globally consistent topological representation [8]. While this design
confers robustness to short-term ambiguity, RatSLAM’s original visual front-end re-
lies on low-resolution template matching (e.g., Sum of Absolute Differences—SAD),
which is ill-suited for severe appearance changes and long-term underwater degra-

dation [8]. Our experiments confirm this vulnerability: on the same challenging



dataset, RatSLAM fails to sustain reliable Visual Place Recognition , causing the

experience map to collapse into a topologically incoherent graph.

Collectively, these results indicate that, under sustained perceptual aliasing and
long-term appearance variability, the dominant failure mode shifts from back-end
graph optimization to the reliability of the perceptual data-association front-end. In
particular, both (i) discrete feature correspondences (ORB) and (ii) holistic template
similarity (SAD) are insufficient to provide stable place evidence for long-term loop
closure, which in turn degrades topological consistency. This dissertation addresses
this limitation through the development of PoseidonSLAM, which casts percep-
tual disambiguation as temporal sequence verification using sequence-aware
neocortical representations. Moreover, a VPR Guard mechanism regulates
topological event emission based on temporal consistency, reducing spurious associ-
ations and improving map-graph stability within a unified Visual-Inertial-Acoustic
Underwater SLAM framework.

1.3 NeoSLAM: A Neocortical-Inspired Paradigm

for Perceptual Robustness

To overcome the dual failure identified above, this dissertation posits a shift away
from static feature matching and toward sequence-grounded perception inspired by
biological cognition. The motivation is consistent with the observation that “even
animals with very small brains excel at combining local visual cues and self-motion
cues for spatial navigation,” suggesting that biologically inspired SLAM remains a
promising path for robust navigation [2|. In the underwater domain, this direc-
tion has gained momentum as an alternative to classical filtering and optimization
pipelines [3].

Within this context, this dissertation introduces and validates NeoSLAM, a
novel neocortex-inspired Visual SLAM method designed for robust long-term per-
formance by integrating computational models of cortical sequence processing
[9, 10]. NeoSLAM represents a conceptual departure from hippocampus-centered
approaches such as RatSLAM: rather than relying on instantaneous template sim-
ilarity, NeoSLAM models place recognition as a temporal inference problem, where
the identity of a location is supported by consistent transitions over time.

NeoSLAM is grounded in the Hierarchical Temporal Memory framework and
employs Sparse Distributed Representations to encode visual information [9]. SDRs
are high-dimensional binary vectors with high representational capacity and strong
tolerance to noise, occlusion, and partial corruption. Instead of matching sparse
keypoints (as in ORB-SLAM3) or raw templates (as in RatSLAM), NeoSLAM learns



and recognizes sequences of SDRs. This sequence-based memory provides contextual
disambiguation, directly targeting the dominant failure mode of low-texture and
perceptually ambiguous environments [4]. Moreover, the SDR/HTM mechanism
enables an efficient, neuroscience-inspired loop-closure detector suitable for real-time

execution on resource-constrained robotic platforms [9].

1.4 From NeoSLAM to PoseidonSLAM: Toward
Visual-Inertial-Acoustic Underwater SLAM

While NeoSLAM establishes the core principle of neocortical sequence verification for
robust place recognition, real underwater autonomy typically requires multimodal
state estimation. In practice, inertial and acoustic streams (e.g., IMU, DVL, pres-
sure/depth, and acoustic ranging when available) provide essential motion priors,
scale observability, and navigation continuity when vision degrades. In such Visual-
Inertial-Acoustic (VIA) pipelines, the role of the visual subsystem is not merely to
estimate motion, but to deliver high-integrity revisitation constraints (loop closures)
that remain reliable under aliasing.

To bridge the gap between NeoSLAM as a robustness mechanism and VIA un-
derwater navigation as a system requirement, this dissertation introduces Posei-
donSLAM as a system-level realization that operationalizes robust visual place
recognition and its controlled injection into a topological mapping process. Posei-
donSLAM incorporates: (i) a NeoSLAM-aligned VPR pathway, (ii) an auditable
event—evidence association mechanism (ensuring traceability between “experience
events” and their perceptual evidence), and (iii) a VPR Guard gating strategy
that regulates experience creation under ambiguous perceptual conditions. This de-
sign is motivated by a key observation: in multimodal fusion, false visual constraints
can be more damaging than missing ones, because incorrect loop closures can deform
the global estimate and corrupt map consistency. Therefore, the system must not
only detect revisitation, but also control when perceptual constraints are allowed to
influence the global representation.

The PoseidonSLAM results reported in this dissertation provide solid evidence
aligned with VIA Underwater SLAM requirements: the system supports controlled
long-term mapping through (a) regulated event density, (b) stable graph growth be-
havior, and (c) explicit auditing of event-to-evidence synchronization. In addition,
PoseidonSLAM is evaluated through stability-oriented metrics and visualizations
that characterize map deformation proxies (e.g., span and volume ratios) and graph
structure indicators (nodes, edges, mean degree), complementing classical localiza-

tion metrics when appropriate. Collectively, these artifacts establish PoseidonSLAM



as a robust stepping stone from NeoSLAM’s neocortical principle toward reliable Vi-

sual-Inertial-Acoustic underwater SLAM for autonomous-operation pipelines.

1.5 The POSEIDON NAYV Project
The objective of this dissertation is threefold:

1. Validate NeoSLAM for underwater visual robustness: empirically
demonstrate that a neocortical-inspired, sequence-based SLAM framework can
sustain coherent mapping in a regime where a state-of-the-art geometric base-
line (ORB-SLAMS3) and a canonical bio-inspired baseline (RatSLAM) fail.

2. Identify an efficient and effective visual front-end for robust VPR:
perform a controlled comparison between two pre-trained CNN architectures—
AlexNet-conv3d and ShuffleNetV2 x1.0—to determine which offers the best

robustness-to-cost trade-off under underwater perceptual degradation.

3. Introduce PoseidonSLAM and define POSEIDON NAV as the
ROS-based system architecture and experimentation stack for 3D
multimodal VIA-SLAM: operationalize robust VPR within a system-
level pipeline and present POSEIDON NAV as the ROS-based architec-
tural blueprint and experimental framework within which the PoseidonSLAM
method is instantiated, with explicit alignment to Visual-Inertial-Acoustic un-

derwater operation.

To achieve these goals, we designed an instrumented and reproducible evaluation
workflow within the Robot Operating System (ROS) framework [11], comprising
standardized data ingestion, controlled ablation runs, and post-run diagnostic audits
that verify event—evidence traceability and quantify map-graph behavior through
topological stability prozies. The evaluation uses an Underwater Cave Transformed
Database derived from the public Underwater Cave Experiment Dataset [5, 6] to
isolate and stress-test VPR robustness under controlled appearance and viewpoint
perturbations, while PoseidonSLAM is additionally assessed on the original bench-
mark to characterize the system-level Visual-Inertial-Acoustic Underwater SLAM
framework. This setting was used to: (i) characterize baseline failures, (ii) validate
NeoSLAM robustness, and (iii) quantify PoseidonSLAM behavior under controlled
ablations (notably VPR Guard ON vs. OFF).

The main contributions of this dissertation are:

e A failure-grounded benchmark protocol for long-term visual under-

water SLAM: a repeated-traversal evaluation protocol derived from a real
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underwater cave experiment |5, 6], designed to systematically elicit perceptual-

aliasing failure modes and to support controlled robustness analysis.

e Underwater validation of NeoSLAM as a neocortical-inspired ro-
bustness mechanism: empirical evidence that HTM-based sequence pro-
cessing sustains coherent topological mapping under severe aliasing regimes
[9], where representative geometric [4] and canonical bio-inspired [8] baselines

lose coherence.

e A controlled CNN front-end study for robust VPR under resource
constraints: a comparative assessment showing that ShuffleNetV2 x1.0
yields a superior robustness—efficiency trade-off relative to a legacy baseline
(AlexNet-conv3), supporting real-time deployment considerations for under-

water platforms [12-14].

e PoseidonSLAM as wunified Visual-Inertial-Acoustic Underwater
SLAM framework with topological graph stabilization: the develop-
ment of PoseidonSLAM as a system-level integration that couples neocortical-
inspired, sequence-aware VPR with 3D topological mapping principles, target-
ing robust VIA navigation in GPS-denied underwater scenarios. The frame-
work further introduces (i) a VPR Guard mechanism to regulate topological
event emission based on temporal consistency, and (ii) an event—evidence au-
dit procedure that enforces traceability between topological events and sensory
evidence, enabling reproducible ablations and quantitative reporting of long-

term mapping stability in an underwater trajectory scenario.

1.6 Structure of This Dissertation

This dissertation is organized into six chapters:

Chapter 1 — Introduction: Presents the challenges of underwater localiza-
tion, establishes the scientific gap by demonstrating the failure of both geometric and
canonical bio-inspired SLAM under perceptual aliasing, and introduces NeoSLAM
and PoseidonSLAM as steps toward multimodal robustness.

Chapter 2 — Review of Underwater Visual SLAM: Surveys the state-of-
the-art, categorizing existing techniques and identifying the limitations that moti-
vate neocortical-inspired sequence verification and controlled perceptual constraint
injection.

Chapter 3 — Theoretical Foundations: Details the theoretical principles
underpinning ORB-SLAMS3, RatSLAM, and related bio-inspired systems, and for-
malizes the HTM /SDR foundations that motivate NeoSLAM.



Chapter 4 — The POSEIDON NAYV Project: Introduces the POSEIDON
NAV architecture and situates PoseidonSLAM within the broader goal of Visual-
Inertial-Acoustic Underwater SLAM in 3D, emphasizing modularity and robustness.

Chapter 5 — Experimental Validation and Results: Describes the experi-
mental setup and transformed dataset, reports comparative failures of ORB-SLAM3
and RatSLAM, validates NeoSLAM performance and CNN front-end selection, and
presents PoseidonSLAM results and ablations through stability-oriented metrics and
visual evidence.

Chapter 6 — Conclusion: Synthesizes the findings, discusses limitations,
and outlines a research agenda toward field-ready, lifelong, Visual-Inertial-Acoustic
underwater autonomy.

Appendix A — MATLAB Script for Experimental Processing: Docu-

ments the analysis scripts used for post-processing, plotting, and metric extraction.



Chapter 2

Review of Underwater Visual SLAM

To justify the methodological approach of this dissertation, it is essential to first
conduct a critical analysis of the state-of-the-art in Underwater Visual SLAM. This
chapter moves beyond a simple survey to build a clear argument: while significant
progress has been made, conventional SLAM paradigms exhibit fundamental limi-
tations in long-term, dynamic underwater operations. This chapter argues, based
on the literature and on the operational requirements of long-term underwater nav-
igation, that the dominant SLAM pipelines remain limited primarily by perceptual
robustness and data-association reliability under turbidity, low texture, and struc-
tural repetition. These constraints motivate the investigation of neuro-inspired,
sequence-aware place-recognition mechanisms and their integration into a multi-
modal Visual-Inertial-Acoustic Underwater SLAM framework, as later instantiated
by PoseidonSLAM. The analysis will follow a logical progression, starting with the
vulnerabilities of the classic pipeline and culminating in the identification of the

research frontier where this work is positioned.

2.1 Related Works

The conventional Underwater Visual SLAM framework is a structured pipeline, typ-
ically comprising a Front-end for state estimation, a Back-end for optimization,
and a Loop Closure module for map correction [3]. While effective in controlled
settings, each component becomes a point of failure when subjected to the unstruc-
tured and noisy conditions of the underwater domain.

The Visual Front-end, responsible for odometry through feature tracking (us-
ing algorithms like SIFT, SURF, or ORB [15-17]), is the first and most frequent
point of failure. Light attenuation, backscatter from suspended particles, and low-
texture seabeds severely degrade image quality, leading to unreliable feature detec-
tion and the intractable problem of data association [3, 18|. Although image en-

hancement and restoration techniques exist [19, 20|, they are often computationally
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Figure 2.1: The conventional Underwater Visual SLAM framework, illustrating the
key modules from sensor data acquisition to final mapping. While logically struc-
tured, each component faces unique robustness challenges in aquatic environments.
Source: Reproduced from |[3].
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expensive and insufficient for the monotonic and feature-scarce scenes common in un-
derwater exploration. Complementary robustness measures have therefore emerged
that explicitly modulate the influence of visual information under degradation. VIA-
SLAM, for example, introduces an adaptive dynamic weighting factor driven by the
trend of RMS reprojection residuals and the number of successfully tracked feature
points, reducing the impact of poor image quality by shifting reliance toward IMU
and DVL constraints when vision becomes unreliable [21].

The Back-end is tasked with optimizing the vehicle’s trajectory and map by
minimizing accumulated errors. Early approaches relied heavily on probabilis-
tic filtering (e.g., EKF, UKF, PF) [22-24], but these methods are computationally
demanding and prone to catastrophic divergence on long-term missions, as lineariza-
tion errors accumulate irrevocably [25]. This led to the dominance of graph-based
optimization, which uses historical data to refine the entire trajectory [26]. Frame-
works like ORB-SLAM [27] and its variants represent the state-of-the-art in pose-
graph optimization |28, 29]. However, their performance is critically dependent on
the third component: loop closure.

Loop Closure detection, the ability to recognize a previously visited place to
reset accumulated drift, is the Achilles’ heel of traditional SLAM in dynamic en-
vironments. Methods based on appearance, such as Bag-of-Words (BoW) [30] or
hashing [31], struggle immensely with the perceptual aliasing typical of underwater
scenes (e.g., similar-looking coral reefs or cave walls). A single false positive loop
closure can corrupt the entire map, while frequent false negatives prevent the system
from correcting drift at all [3]. While deep learning approaches have shown promise
in generating more robust image descriptors [32, 33|, they do not fundamentally

solve the problem of reasoning under severe and long-term appearance variation.



The inherent fragility of this classic pipeline in underwater environments is not
merely theoretical. In a comparative study conducted by QIN et al. [2], state-of-
the-art geometric methods like ORB-SLAM?2, despite exhibiting the highest metric
accuracy on favorable sequences, showed tracking failures in segments with abrupt
movements or overexposure. This empirically validates our assertion that optimizing
for precision in classic methods often comes at the expense of robustness—the most
desired characteristic for autonomous navigation in unpredictable scenarios.

When loop closure is unlikely or impossible (e.g., long transects without revisit-
ing), an alternative is to inject absolute acoustic constraints that curb global drift
without appearance-based relocalization. Acoustic-VINS illustrates this direction
by tightly coupling LBL slant-range measurements with visual and inertial factors
and refining the solution via a coarse-to-fine strategy that includes global pose graph

optimization with LBL measurements [34].

2.2 Evolution of Methodologies and Persistent
Gaps

In response to the pipeline’s vulnerabilities, research has evolved in several direc-
tions. However, as we will argue, these advances, while valuable, constitute incre-
mental improvements rather than a fundamental solution to the long-term autonomy

problem.

2.2.1 Multi-Sensor Fusion

A primary strategy to mitigate visual data unreliability is multi-sensor fusion
[35, 36]. By integrating data from proprioceptive sensors like IMUs and DVLs, and
exteroceptive sensors like sonar, systems can maintain localization during periods of
visual failure [37]. The SVIn2 framework, for example, demonstrated state-of-the-art
accuracy by tightly coupling sonar, visual, inertial, and depth data [38|. Similarly,
magnetometer data has been used to resolve orientation drift in underwater caves
[39].

Recent DVL-integrated pipelines further show that proprioceptive acoustic cues
can directly address monocular scale ambiguity and fragile initialization: VIA-
SLAM proposes a DVL-assisted coarse-to-fine initialization to estimate scale and
gravity-related parameters, and couples DVL velocity residuals with inertial prein-
tegration and visual reprojection residuals in a factor-graph backend, while dynami-
cally adjusting the weight of visual information [21]. In contrast, LBL-based systems

provide global anchoring: Acoustic-VINS incorporates LBL slant-range factors and
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performs global pose-graph refinement with LBL. measurements to obtain globally
consistent trajectories in large-scale scenarios without loop closure [34].

Critical Gap: While essential, sensor fusion is a compensatory mechanism,
not a solution to the core problem of Visual Place Recognition. It provides
better dead-reckoning between visual anchor points but does not inherently improve
the robot’s ability to recognize a place when its appearance has changed. Without
robust VPR, even a multi-sensor system will eventually fail on long-term or multi-

session missions [40, 41].

2.2.2 Deep Learning and Feature-based Descriptors

Recognizing the limitations of handcrafted features, the community has turned to
deep learning for more robust VPR. This includes end-to-end visual odometry net-
works [42] and advanced descriptors for loop closure [43|. Recent work has focused
on creating “universal” place descriptors that are invariant to viewpoint and appear-
ance changes. The tutorial by SCHUBERT et al. [44] provides a comprehensive
overview of VPR challenges, while frameworks like AnyLoc have shown impressive
gains by using foundation models like DINOvV2 to generate robust, general-purpose
features [45].

Critical Gap: Despite their power, these methods often require vast amounts
of training data, and their “universality” is not guaranteed in the highly specific
and challenging underwater domain. More importantly, they treat place recognition
as a one-shot image retrieval problem, largely ignoring the temporal context of
navigation—a key element that biological systems use to disambiguate perceptually

similar locations.

2.3 The Bio-Inspired Approach

The persistent gaps in long-term robustness have motivated a third, more radical
approach: modeling the neural mechanisms of animal navigation. This paradigm can
be technically framed within the domain of Spiking Neural Networks (SNNs),
the class of models that most closely approximates the function of biological neurons.
As analyzed by QIN et al. [2], SNNs represent a promising frontier for SLAM as they
focus on event-driven and asynchronous information processing, ideal characteristics
for handling noisy and sporadic sensory data.

Pioneering systems like RatSLAM [46-48], were the first to demonstrate the
viability of this approach, shifting the focus from geometric precision to topologi-
cal consistency and resilience over time. Adaptations for the underwater domain,

such as DolphinSLAM [49] and Hippo 3D [50], extended these concepts to 3D
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environments, showing potential in visually feature-scarce scenarios. Notably, in
the comparative study by QIN et al. [2], RatSLAM, while not the most metrically
accurate, demonstrated stable and robust navigation, reinforcing the idea that the
bio-inspired /SNN paradigm prioritizes resilience over optimized precision.

Unlike traditional methods, these systems do not rely on matching discrete fea-
tures. Instead, they use continuous attractor networks and sequence-based memory
to represent the robot’s pose and experience. This approach is inherently more ro-
bust to the kind of gradual and significant appearance changes seen underwater.
More recent frameworks like BioSLAM explicitly model lifelong memory systems to
balance learning and retention [51].

This paradigm directly addresses the limitations we identified:

e [t handles perceptual degradation not as a failure case, but as a normal

operating condition.

e [t leverages temporal context to disambiguate locations, a feature absent in

most deep learning-based VPR systems.

e [t prioritizes long-term map coherence over short-term metric accuracy,

which is crucial for sustained autonomy.

This body of work [2, 48, 52] strongly suggests that the next leap in underwater
navigation will come from more sophisticated brain-based models. It is precisely at
this frontier that our research is situated. We hypothesize that by leveraging a more
advanced computational model of the neocortex, as embodied by NeoSLAM, we can

achieve a new level of performance in long-term Underwater Visual SLAM.

12



Chapter 3
Theoretical Foundations

This chapter presents the theoretical foundations underlying the localization and
mapping approaches investigated in this dissertation. The discussion is structured
around biologically inspired SLAM systems, which draw motivation from neural
mechanisms observed in mammals, and a state-of-the-art geometric SLAM system
employed as a comparative benchmark.

The chapter begins with RatSLAM, a seminal hippocampus-inspired framework
that models spatial cognition through continuous attractor dynamics and topologi-
cal mapping. RatSLAM establishes the biological basis for representing space using
neural populations rather than explicit geometric reconstruction, emphasizing ro-
bustness to perceptual ambiguity and odometric drift.

Subsequently, DolphinSLAM is introduced as an extension of the RatSLAM
paradigm to three-dimensional underwater environments. DolphinSLAM incorpo-
rates multimodal sensing and probabilistic place recognition, demonstrating how
hippocampal-inspired architectures can be adapted to volumetric navigation under
severe perceptual degradation.

Building upon these foundations, NeoSLAM is presented as a neocortex-inspired
evolution of the RatSLAM architecture. NeoSLAM integrates deep visual represen-
tations and Hierarchical Temporal Memory (HTM) models to enhance long-term
place recognition under drastic appearance changes, while preserving the robust
topological back-end inherited from hippocampal models.

Finally, ORB-SLAMS3 is introduced as a geometric, optimization-based SLAM
system serving as a benchmark for comparison. Unlike the biologically inspired ap-
proaches discussed earlier, ORB-SLAMS3 relies on explicit feature extraction, prob-
abilistic state estimation, and bundle adjustment to construct metrically accurate
maps. Its inclusion enables a rigorous quantitative and qualitative comparison be-
tween bio-inspired SLAM systems and a state-of-the-art geometric baseline, high-

lighting the respective strengths, limitations, and failure modes of each paradigm.
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3.1 RatSLAM

Within the context of this dissertation, RatSLAM constitutes the foundational bi-
ologically inspired SLAM framework upon which subsequent models are analyzed
and extended.

RatSLAM is a landmark bio-inspired SLAM system that translates hippocam-
pal navigation principles into a functional robotic SLAM architecture [7]. Concep-
tually, it decomposes long-term navigation into three tightly coupled subsystems:
(i) a continuous pose-belief representation implemented as a competitive continuous
attractor network (Pose Cells), (ii) a perceptual recognition layer that detects re-
visited scenes (Local View Cells), and (iii) a graph-based topological memory that

consolidates loop closures into a globally interpretable map (Experience Map) [8|.
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Figure 3.1: The architecture of the RatSLAM system, illustrating the interaction
between Local View Cells (visual recognition), Pose Cells (pose estimation), and the
Experience Map (topological memory). Source: Reproduced from [8].

3.1.1 Pose Cells

The Pose Cell module implements a three-dimensional Continuous Attractor Net-
work (CAN) over (z,y,0), maintaining the robot’s pose belief as an activity packet
whose dominant mode encodes the current pose estimate [8]. In the OpenRat-
SLAM formulation, the network is arranged as a prism with a square (z,y) plane
of side length S;, and a discretized heading axis with Sy bins. Critically, recurrent
connections wrap across all sixz faces of the pose-cell network, preserving uniform
neighborhood structure at the boundaries and allowing the activity packet to trans-

late /rotate without edge artifacts [8].
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The attractor behavior is achieved via locally excitatory and globally inhibitory

connectivity defined by the Mexican-hat (Difference-of-Gaussians) footprint e,

a?+b? 2 _ a? +ll”)|2 _ {32h
€xC kCXC in kin
Eabe=¢€ M e Fai —e BT e ki (3.1)

where (a, b, c) denote inter-unit offsets along (z,y,0). The constants k, and k4
control the spatial spread of coupling in place and direction, respectively, and are
typically treated as fixed (the reference implementation reports them as the result
of extensive tuning and not requiring further adjustment) |[8].

At each update, the internal recurrent input at unit (2’,%/,6") is computed by
summing the kernel-weighted activity of all units and subtracting a global inhibition

term ¢:
Szy—1 Szy—1 S9—1

APr/7y/,9/ == Z Z Z -Pi,j,k Eabe — ¢7 (32)

i=0  j=0 k=0

where P, ;; denotes the current activity of the Pose Cell located at lattice coor-
dinates (i, 7, k); (2,1, 0') is the target cell for which the recurrent update is being
computed; Sy, is the side length of the square (z,y) lattice, and Sy is the number of
discrete bins along the heading axis (in OpenRatSLAM, Sy = 36, i.e., 10° per bin)
[8]. The indices satisfy ¢,j € {0,...,5,, —1} and k € {0,..., Sy — 1}.

The term e, is the recurrent coupling (synaptic footprint) given by the
Difference-of-Gaussians kernel in Eq. (3.1), evaluated at the wrapped lattice offsets
(a,b, c) between the source cell (i, j, k) and the target cell (z',y/,0"). Concretely, a
and b are the wrapped offsets along the two spatial axes and c is the wrapped offset
along the heading axis; under wrap-around connectivity, these offsets are computed
as minimum distances on a periodic lattice, so that interaction neighborhoods re-
main translation- and rotation-consistent when the activity packet crosses network
boundaries.

Finally, ¢ is a global inhibition term applied uniformly to all cells, preventing
unbounded growth of activation and enforcing competitive dynamics by suppressing
weak or spurious activity relative to the dominant packet.

Operationally, Eq. (3.2) implements a wrapped 3D convolution of the current ac-
tivity state with the kernel ¢, followed by global inhibition; this mechanism preserves
a single coherent activity packet under typical noise conditions.

Self-motion (odometry) shifts Pose Cell activity to reflect incremental motion,
implementing path integration [8]. Visual recognition events, in turn, inject activity
into the network, biasing the pose belief toward previously learned pose hypotheses
and enabling loop closure. While typical operation yields a dominant packet (used
for centroid extraction), RatSLAM’s competitive attractor dynamics can transiently

sustain competing hypotheses when perceptual evidence is ambiguous, until subse-
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quent sensory input resolves the competition [7].

3.1.2 Local View Cells

This module serves as the system’s perceptual front-end, learning and identify-
ing unique visual scenes. It achieves this by converting camera images into low-
resolution wvisual templates and comparing them against a database of previously
seen templates using a Sum of Absolute Differences (SAD) metric. When a familiar
scene is recognized, the corresponding Local View Cell (LVC) injects activity into
the Pose Cell network, providing the mechanism for correcting odometric drift and
closing loops.

Each LVC encodes a visual template formed by cropping, down-sampling and
optionally normalizing the camera frame; recognition uses SAD match with hori-
zontal shift compensation. Horizontal shift compensation accounts for rotational
invariance in panoramic or forward-facing camera setups.

When a novel scene is encountered, a new Local View Cell is created and its
template ID is associated (one-shot) with the centroid of the currently dominant
pose-cell activity packet. Upon revisiting that scene, the corresponding Local View
Cell reactivates and injects activity back into the pose-cell lattice at the previously
learned location, providing the loop-closure mechanism that corrects accumulated

path-integration drift.
APuyor =083 Biara o Vi (3.3)

In Eq. (3.3), 6 controls the influence of visual evidence relative to odometry-
driven path integration; V; € {0, 1} indicates whether template i is currently active;
and f3; ., ¢ denotes the learned excitatory link from Local View Cell 7 to the Pose
Cell units near the pose centroid observed when that template was first created.
In practice, repeated matches of the same template are subject to a rapid satu-
ration/decay mechanism, preventing spurious re-localizations when the platform is

stationary for extended periods.

3.1.3 Experience Map

Since the Pose Cell network is finite and its dimensions wrap around, a single Pose
Cell can represent multiple physical locations. The Experience Map resolves this
ambiguity by creating a topological graph where each node, or experience, links a
Local View Cell activation to its corresponding Pose Cell state. A graph relaxation
algorithm then distributes error throughout the map after a loop closure, ensuring
the creation of a globally consistent spatial memory.

To disambiguate the finite Pose Cell lattice and distribute drift, the Experience
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Map stores nodes e; that bind concurrent Pose Cell and Local View Cell codes to a

2D map coordinate:

e;={P" V' p'} (3.4)

When deciding whether to create a new node, the current states (P, V') are

compared to each experience e; via the score metric
Si =t [P = Pl+ po |V = V]| (3.5)

where 1, and p,, weight the respective contributions of Pose Cell and Local View
states to the matching score. If min(S;) > Shax, @ new experience is created. As

the agent moves, directed links are added
gij = {Apija Atij}a (36)

storing relative odometry and traversal time (used for quickest-path planning with

Dijkstra). After loop closure, the odometric error is spread by graph relaxation:

Ny N
Ap'=a|Y(p!—p'—ApY)+ > (p* —p'—ApH) |, (3.7)
j=1 k=1

with rate o€ (0, 1), Ny links leaving e;, and N, links entering e;.

The primary strength of the RatSLAM architecture is its inherent robustness
to perceptual ambiguity and odometric error. Through a competitive continuous
attractor network, RatSLAM maintains a distributed pose belief in which alternative
hypotheses can coexist and compete until sensory evidence resolves the ambiguity [7].
These hypotheses compete until subsequent sensory evidence reinforces the correct
one, allowing the system to recover from both minor and major path integration
errors. This theoretical robustness provides the foundation upon which practical
systems can be built.

Understanding these core modules—particularly the Pose Cells and the Experi-
ence Map-is essential as they form the architectural backbone that NeoSLAM adopts

and enhances with a neocortical front-end.

Didactic walk-through: a single loop-closure over four experi-
ences
To make RatSLAM’s operational logic explicit, consider Fig. 3.1 and a traversal

A — B — (' — D followed by a revisit of A. Assume odometry accumulates drift,

so dead reckoning after the circuit does not coincide exactly with the initial pose at

A.
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1. First visit to A: template creation and pose encoding. A novel scene at
A creates a new Local View Cell (e.g., V4 = 1) and stores its visual template.
Concurrently, the Pose Cells encode the current belief as an activity packet

with centroid (x4, ya,04).

2. Why a packet persists (recurrent competition). The Mexican-hat ker-
nel €, (Eq. (3.1)) implements local excitation and distal inhibition. Ap-
plied through the recurrent update (Eq. (3.2)) with global inhibition ¢, these
dynamics stabilize coherent belief modes and suppress spurious competitors

under typical noise levels.

3. From A to B: path integration. As the robot moves, odometry shifts
pose-cell activity to represent incremental motion, moving the packet centroid

toward (g, yp,0p) while accumulating drift over time.

4. Experience creation and linking (persistent topology). The Experience
Map stores experiences e; = {P;, V;, p;} (Eq. (3.4)). As the traversal proceeds,
the system either reuses an experience or creates a new one using the score
in Eq. (3.5). When a new node is created, a directed link ¢;; = {Ap?”, AtV}

(Eq. (3.6)) is added to store relative motion and traversal time.

5. Revisiting A: perception initiates loop closure (local cue). Near A, the
current view matches the stored template, reactivating V. Activity injection
(Eq. (3.3)) adds excitation at the pose-cell region associated with V; when it
was first learned. In the reference system, each template injects only briefly
(saturation), so reliable re-localization is reinforced when a sufficiently long
sequence of familiar scenes is observed in the correct order, producing sustained

injection that draws the dominant packet back toward the original hypothesis
for A.

6. Global coherence: relaxation distributes loop-closure residual. Af-
ter revisiting A, the EM contains a cycle whose accumulated odometry does
not perfectly close. Graph relaxation (Eq. (3.7)) distributes this residual over
linked experiences (e.g., along A-B-C-D), enforcing global topological coher-
ence. In contrast, Pose Cells preserve local coherence by stabilizing the belief
packet and integrating corrections from odometry (path integration) and per-

ception (activity injection).

This walk-through makes the mechanism transparent: Local View recognition
triggers loop closure; Pose Cells implement local competitive belief dynamics; and
the Experience Map consolidates revisitation evidence into a globally coherent topo-

logical graph via relaxation.
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3.1.4 OpenRatSLAM

This subsection focuses on implementation aspects relevant for reproducibility and
experimental alignment with this dissertation.

OpenRatSLAM operationalizes RatSLAM as a modular, reproducible, and
dataset-agnostic ROS system while preserving the canonical triad of Local View,
Pose Cells, and Experience Map [8]. The following subsections summarize the im-

plementation as used in this dissertation.

Visual Odometry

The optional Visual Odometry node estimates translational and rotational veloc-
ities from camera imagery and supplies odometry to the Pose Cell network. Its
configuration exposes cropping windows for translation and rotation estimation, the
horizontal camera field of view and frame rate, and scaling/limits on the reported
translational speed. These parameters allow platform-specific calibration while keep-

ing the downstream nodes agnostic to the odometry source (e.g., wheel or vision)

[8].

Local View Match

The Local View node converts each frame into a low-resolution wisual template
and performs matching via sum-of-absolute-differences with optional horizontal shift
compensation (disabled in panoramic mode). Images can be cropped to suppress
non-salient regions (e.g., floor/road/water column), and template sizes are set ex-
plicitly. A sensitivity threshold governs whether a frame is considered novel or
matched to an existing template; global and patch normalization options mitigate
illumination variation and emphasize informative details. A recognized template
injects activity into the Pose Cells at the previously learned association, enabling

relocalization and loop closure [8].

Pose Cell Network

The Pose Cells node receives asynchronous inputs from odometry and Local View.
For a new template, its ID is bound to the centroid of the current activity packet;
for a recognized template, activity is injected at the stored location with rapid satu-
ration and slow restoration to avoid spurious relocalizations while stationary. Each
update cycle applies local excitation and inhibition, global inhibition, energy nor-
malization, path integration (lattice shift using odometry, and centroid extraction,

after which a topological action is decided for the Experience Map |[§].

19



Experience Map

The Experience Map creates/updates a topological graph whose nodes store a pose
estimate and orientation, and whose edges store the relative transform and traversal
time derived from odometry. On every action (create node, create edge, set node),
the map performs graph relaxation (Eq. 3.7) to distribute drift and maintain global
consistency. The node publishes (i) the full topological map, (ii) the robot’s current
pose in map coordinates, and (iii) rviz markers; it also accepts a 2D goal and returns

a quickest path computed over edge times [8].

Visualization

OpenRatSLAM provides live views of Local View matching, the Experience Map,
and the Pose Cell activity packet (Fig. 4), and integrates with rviz to render pose
and the topological map. For introspection, rxplot can monitor template /experience
growth to diagnose false loop closures. Offline analysis scripts export topics from bag
files and generate MATLAB plots and frame-match visualizations for quantitative

assessment [8].

Software Architecture

OpenRatSLAM ROS Architecture, shown in Figures 3.2 and 3.3, is decomposed
into four ROS nodes that execute as a continuous pipeline and communicate asyn-
chronously via messages: Local View Cells, Pose Cell Network, Experience Map, and
an optional Visual Odometry node used for image-only datasets. This split improves
modularity and allows each node to run in a separate process and core; importantly,
in this implementation the Pose Cell node decides when to create new Experience
Map nodes/links because that decision depends on internal pose-packet dynamics

that are not visible outside the class once modules are separated [§].

Icamera
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Figure 3.2: Visual Odometry OpenRatSLAM ROS Graph to St Lucia 2007 Dataset.
Source: Author’s own creation based on [§].
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Figure 3.3: Visual-Inertial OpenRatSLAM ROS Graph to iRat 2012 Dataset.
Source: Author’s own creation based on [§].
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Each algorithmic class (LocalViewMatch, PosecellNetwork, ExperienceMap) is
independent of ROS and compiled standalone; thin ROS callback wrappers provide
I/O while keeping classes free of ROS dependencies. This design eases reuse with
other packages and supports both online and offline operation [8].

Local View Nods | Posecell Node | | Experience Map Node |

maqe_(a\Ibd(k(sensuv_msqs"Imaqé)
(image from robot)

on_view_template()
template_callback
(ratslam_ros::VisualTemplate )
(new vt id) +posecell

| wisual
! template
]
]
b
on_odo() Posecell
) xperiences, L) on_odo()
+experience
accumulate
odometry
get_action() [

action_callback
(ratslam_ros::TopologicalAction)

odo_callback(sensor_msgs::Odometry)
(odo from robot)

L/ on_create_experience(id)

' (new graph action)

+experience XPEfiences

Figure 3.4: Sequence diagram for new ezperience creation: LV generates a
template event; PC integrates odometry, injects visual evidence, and issues a
TopologicalAction; EM creates node+link and relaxes the graph. Source: Re-
produced from |[§].

The sequence begins with incoming sensor_msgs/Image and sensor_-

msgs/0Odometry:

1. Local View node (image_callback) forms a visual template and ei-
ther matches or creates a new template; the event is sent as ratslam_-
ros/VisualTemplate (template ID). The node maintains a template store

used for future recall.

2. Pose Cell node (on_view_template) recalls the LV-PC association and in-
jects energy at the stored pose; (on_odo) shifts the packet by path integration;
the centroid is extracted and the node selects a topological action: CREATE_-
NODE, CREATE_EDGE, or SET_NODE. The action is published as ratslam_-

ros::TopologicalAction with fields src_id, dest_id, and relative_rad
[8].

3. Experience Map node consumes the action, accumulates odometry, creates
the new Experience (and implicit link from the previously active node), and

relaxes the graph; nodes and links are stored in efficient separate vectors [8].

When the current view matches a previous template, the PC recalls the asso-

ciated experience; depending on the motion history and thresholds, the PC node
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Local View Node Posecell Node Experience Map Node
image_callback(sensor_msgs: :\magé!
(image from robot)

1
Tsual—~compare '
emplate: - !
L) get_current_vt() !
on_view_template()
template_callback

, (ratslam_ros::VisualTemplate ) recall P:?:\f;"

(new vt id) Template:
| |
i
odo_callback(sensor_msgs::Odometry) :

(odo from robat) : I
[ on_odol)

L) on_image()

I‘ on_odo()
accumulate
odometry

on_create_link(id_from, id_to)

) get_action(

action_callback
, (ratslam_ros::TopologicalAction)
(new graph action)

Figure 3.5: Sequence diagram for new link between existing experiences following
recognition of a learnt template; note that recognition does not necessarily imply a
link. Source: Reproduced from [8].

may issue a CREATE_EDGE action to connect the currently active experience to the
recalled one. Note that matching a learnt template does not guarantee a new link;
this prevents spurious connectivity during brief re-entries [8].

The EM node publishes: (i) a TopologicalMap containing arrays of
TopologicalNode and TopologicalEdge, (ii) the robot pose in map coordinates,
and (iii) Marker messages for rviz. It also computes a quickest path to a user goal
(rviz 2D nav goal) and returns a Path message. Offline scripts export bag data
and provide MATLAB tools (show_em.m, plot_matches.m, etc.) for auditing false
matches and map quality [8].

For image-only datasets, a simple scanline-based VO estimates rotational veloc-
ity via horizontal offset minimizing mean absolute difference between consecutive
profiles; translational speed scales with the minimum difference and is clamped to

reject illumination shocks. Other nodes are agnostic to odometry source [8].

OpenRatSLAM: Code Specifications

OpenRatSLAM defines explicit messages to expose internal state and actions. The
Pose Cell node emits a ratslam_ros: :TopologicalAction with actions CREATE_-
NODE, CREATE_EDGE, or SET_NODE, along with source/destination IDs and relative ro-
tation. The Experience Map node publishes a TopologicalMap (nodes and edges),
the robot’s pose in map space, and Marker messages for rviz rendering; edges carry
transform and duration fields to support quickest-path queries. Wrappers and mes-

sage designs enable both online operation and offline reproducibility via bag files

[8].
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OpenRatSLAM exposes a concise parameter set. Years of tuning yielded stable
Pose Cell dynamics; in typical use only the Local View match threshold and, in some
cases, the LV—PC injection gain need adjustment, while the remaining defaults are

robust across indoor/outdoor datasets [§].

OpenRatSLAM - Parameter descriptors

Table 3.1 summarizes the principal parameters and their roles as described by Ball

et al.

Table 3.1: OpenRatSLAM — Parameter descriptions.

Parameter

Description

Visual odometry

[vtrans image x min,

vtrans _image y min],

[vtrans image x max,

vtrans image y max]|

[vrot image x min, vrot im-
age y_ min|, [vrot image x -
max, vrot _image y max|

camera_fov_deg

camera_ hz

vtrans_scaling

vtrans _max

These four parameters allow the specification of the

cropping region for translational velocity.

These four parameters allow the specification of the

cropping region for rotational velocity.

The horizontal camera field of view which is used to
scale the rotational velocity.

The camera frame rate which is used to scale the
velocities by accounting for the time between frames.
This parameter directly scales the translation veloc-
ity into meters per second.

This parameter limits the maximum translation ve-

locity to handle large changes in illumination.

Local view parameters
vt __panoramic

vt _shift match

vt_step match

Set this to 1 if the images are panoramic.

The range (in pixel units) of horizontal offsets over
which the current image is compared to all learnt
image templates. Unused in panoramic mode.

The number of pixels to increment the shift match
offset.

Continues on next page
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Table 3.1 (continued)

Parameter

Description

[image crop x min, image -
crop_y_ min|, [image crop -

X_max, image crop y max|

[template x size, template -

y_ size]

vt_match threshold

vt_normalisation

vt_patch normalisation

These four parameters allow a cropping region of the
original camera image to be specified. Cropping is
a useful tool for specifying image regions that are
salient for place localization. For example, carpet or
road can be removed from the image. Note these are
defined from the top left of the image.

The horizontal and vertical size in pixels of the ‘sub-
sampled’ template that represents the camera view.
For a single intensity profile set template_y_size to
1.

The sensitivity parameter that determines the
boundary between the current visual scene being
considered novel and being matched to an already
learnt visual template.

All templates are normalized by scaling their mean
to this parameter (values clipped between 0 and 1),
addressing global illumination changes.

Increases local contrast of patch regions across the
current view to handle local lighting changes and
bring out more detail; the value sets the patch size

(in pixels) from its centre.

Pose cell parameters

pc_dim_ Xy, szy

exp_delta pc_threshold

pc_cell x size

The side length of the square (z,y) plane of the pose
cell network. Larger networks increase computation
but reduce the likelihood of hash collisions in the
pose cell network and local view cells that can cause
false loop closures in the experience map.

The radius within the pose cell network that can be
associated with a single experience—if the centroid
of the pose cell activity packet moves more than this
distance, a new experience is generated, regardless
of whether the visual scene has changed.

A scaling factor to suit the platform’s translational
velocity range. The implementation limits packet
movement to one cell per iteration to keep dynamics

within the normal operating range.

Continues on next page
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Table 3.1 (continued)

Parameter Description

pc_ vt _inject energy Determines the amount of energy injected into the
pose cell network when a familiar scene is recog-
nized. High values produce one-shot localization but
increase brittleness to false matches; low values are
robust but may require long sequences of familiar
input to close loops.

vt_active decay Local view saturation mechanism that rapidly atten-
uates activity under repeated exposure to the same
scene, reducing false loop closures while stationary
(higher values shorten the effective injection period).

pc_ vt _restore Rate at which a local view cell is restored after being

attenuated by repeated activations.

Experience map parameters
exp_loops The number of complete experience map graph re-

laxation cycles to perform per system iteration.

Start from defaults; adjust vt_match_threshold to balance novelty vs. matching, then
(if needed) pc_vt_inject_energy to trade one-shot relocalization against false positives;
PC dynamics are otherwise rarely altered [8].

While OpenRatSLAM inherits RatSLAM'’s resilience to odometric slip and perceptual
ambiguity, its visual front-end remains template- and intensity-based, rendering it suscepti-
ble to severe appearance change, turbidity, and low-texture scenes. These implementation-
level constraints motivate the cortically inspired enhancements introduced later in this dis-
sertation (NeoSLAM), particularly for challenging underwater environments where ORB-

SLAMS3 collapses and conventional appearance cues are unreliable [8].

3.2 DolphinSLAM

While RatSLAM provided a robust 2D model for terrestrial navigation, its direct appli-
cation to the volumetric and perceptually challenging underwater domain is limited. Ad-
dressing this, SILVEIRA [53| introduced DolphinSLAM, a biologically-inspired frame-
work that extends the core hippocampal principles of RatSLAM to a full 3D underwater
environment. The system was designed to handle multimodal sensory inputs (camera and
sonar) and to be robust to the significant appearance changes caused by turbidity and
variable illumination. The primary contributions of DolphinSLAM include its linear com-
putational complexity with respect to the number of stored landmarks, its integration of a
probabilistic place recognition front-end, and its open-source availability for future research
[53].
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3.2.1 System Overview

The DolphinSLAM architecture follows a modular structure, separating perception, motion
estimation, and cognitive mapping, as shown in Figure 3.6. It operates using two coordinate
systems (Figure 3.7): a global reference frame (G), typically aligned with the North-East-
Down (NED) convention, and a local robot frame (R) fixed to the AUV’s body, with the

x-axis pointing forward, the y-axis to starboard, and the z-axis downward.
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Figure 3.6: The modular architecture of the DolphinSLAM framework. Source:
Reproduced from [53].

3.2.2 Front-End

Unlike the template-matching front-end of RatSLAM, DolphinSLAM integrates a more
robust probabilistic visual place recognition system based on the FAB-MAP algorithm.
This approach is better suited to handle the severe appearance variations common in

underwater imagery.

Feature Extraction and Bag-of-Words Representation

The front-end processes both optical and acoustic images. For visual data, it extracts 128-
dimensional SURF features [54]| from Hessian keypoints. For acoustic data from imaging
sonars, it uses the seven Hu moments [55], which are invariant to translation, rotation, and
scale.

These low-level features are then clustered using k-means [56| to create a vocabulary of

“visual words”. Each new image is subsequently represented as a Bag-of-Words (BoW)
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Figure 3.7: The global (G) and robot (R) coordinate systems used in DolphinSLAM.
Source: Reproduced from [53].

histogram, which counts the frequency of each visual word in the image, as illustrated in

Figure 3.8. This representation provides a degree of invariance to viewpoint changes.

s

Figure 3.8: Example of Bag-of-Words histograms used in DolphinSLAM’s front-end
to represent visual scenes. Source: Reproduced from [53].

Local View Cells and Probabilistic Matching

The FAB-MAP algorithm uses the BoW representation to estimate the probability that a
new image corresponds to a previously visited location (p;) versus a new, unseen location
(Pnew). When the probability of a new location exceeds a predefined threshold, a new
Local View Cell (LVC) is created with an activation rate lye,, = 1.0 (Figure 3.10). The
set of all LVCs, L, is defined as:

L=A{ly,....0L,....,ln} (3.8)
where m is the total number of LVCs in the system.
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If a previously seen location is recognized, the corresponding LVC is activated with

a rate proportional to its match probability, p; (Figure 3.11), if it exceeds a sensitivity
threshold P:

li=pi<=pi > PFs (3.9)

Otherwise, [; = 0. The set of active LVCs provides the external sensory input to the Pose

Cell Network.
4

Figure 3.9: Conceptual representation of Local View Cells. Source: Reproduced
from [53].
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Figure 3.10: Creation of a new Local View Cell. Source: Reproduced from [53].
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Figure 3.11: Activation of an existing Local View Cell. Source: Reproduced from
[53].

3.2.3 Back-End

The core innovation of DolphinSLAM is its extension of the RatSLAM back-end to three

dimensions, enabling true volumetric mapping and localization.

3D Path Integration

The motion estimation module fuses data from a Doppler Velocity Log (DVL) and an Iner-
tial Measurement Unit (IMU) to compute the AUV’s velocity. This velocity is transformed
from the robot frame (R) to the global frame (G) using the standard Euler angle rotation
matrix R(¢,6,):

= R(¢,0,v) |9 (3.10)
Z
The incremental displacement over a time interval A; is then calculated and integrated

to update the vehicle’s position:

G G G
x x T
= |y + At |y (3.11)
t+1 S 1y

This odometric information is used for path integration within the Pose Cell Network

and for creating edges in the Experience Map.
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3D Pose Cell Network

DolphinSLAM implements a 3D Continuous Attractor Neural Network (CANN) of place
cells [57, 58], inspired by evidence of 3D place cells in bats [59]. The network represents
the AUV’s pose belief as a stable “packet of activation” within a 3D lattice of neurons

(Figure 3.12). The dynamics of the network are governed by four sequential steps:

1. Lateral Excitation: Recurrent connections between neurons update the network’s
activity. The synaptic weight € is modeled using a Mexican-hat function to enforce

local excitation and distal inhibition:

2 2
e = <1 - dQ> e307 (3.12)

g

where d is the toroidal distance between two neurons in the lattice, calculated as:

d=\|d)+d) +d, (3.13)

with the wrapped distance on each axis given by:

. / /
dy :mln(’x —al,ngy — ‘x —a‘)

dy = min |y’ = b|,ny — |y’ - b])

. / /
dy :mln(’Z —c|,ny — ’z —CD

The total excitation for a neuron r,,.s is the convolution of the network’s current

activity with this kernel:

Ny Myl Ny

Tty 2t = Zzzgrabc (3'14)

a=1b=1 c=1

2. Path Integration: The activity packet is shifted within the 3D lattice according
to the displacement computed from the odometry, as illustrated conceptually in
Figure 3.13.

3. External Input Injection: The activations of the LVCs provide a corrective sen-
sory signal (Figure 3.14). The synaptic strength 5 between an LVC [; and a pose
cell 747y, is learned via a Hebbian rule, reinforcing connections when both cells are

simultaneously active:

/Bixlylzl = max (ﬁim’y’ZU )\ ll Tx’y’z’) (315)

where A is the learning rate. The total external excitation received by a neuron is:

AT‘m/y/Z/ = Z /Bz‘xlylzl lZ (316)
=1

4. Normalization: The total activity in the network is normalized to prevent un-
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bounded growth and maintain a stable activation packet. The normalization factor

71 is the maximum activity in the network:

N = Max(ryy ) (3.17)
® e
o—oo
, ./ «
Y,
x’
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®
®

Figure 3.12: A 3D Continuous Attractor Neural Network showing a stable “packet
of activation” that represents the system’s pose belief. Source: Reproduced from
[53].
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Figure 3.13: Conceptual model of path integration in the Pose Cell Network. Source:
Reproduced from [53].

Local View Cells

Place Cells
Network

Figure 3.14: Connection between Local View Cells and Place Cells for external input
injection. Source: Reproduced from [53].

3D Experience Map

The Experience Map is a semi-metric, topological graph that stores a globally consistent
representation of the environment. Each node in the map, or “experience” e; = { R}, L, p; },
binds the state of the Pose Cell Network (R) and the active LVCs (L) to a 3D spatial
coordinate (p;).

A new experience is created when the current neural state is sufficiently dissimilar to

32



all existing experiences in the map, based on a similarity metric S*:
S'=agr|R = R|+ap|L' - L| (3.18)

where ag and o, are weighting constants. If min(S?) is above a threshold, a new expe-
rience e; is created at a position relative to the previous experience e; and the odometric
displacement Ap:

ej ={RI, L7, p" + Ap“} (3.19)

A new topological link ¢;; storing the odometry is also created:
tiy = {ApY} (3.20)

When a previously visited location is recognized (a loop closure), the system creates a
new experience e; and two new links: one from the previous experience (t;;) and one to
the recognized experience ey, (t;1), with the latter’s displacement Ap"™ derived from visual

information.

e; = {RI, L7, p' + Ap7} (3.21)
tij = {ApY} (3.22)
tix = {Ap™} (3.23)

This event triggers a graph relaxation process. The accumulated odometric error g, is
calculated as:
ep =pj + Ap™ — py, (3.24)

This error is then uniformly distributed among the n links between the current and the
recognized experience by updating each link with a correction At:

€p

At = —
n+1

(3.25)

Finally, the 3D positions of all experiences are recalculated based on the corrected links,

ensuring the global consistency of the map.

3.3 NeoSLAM

The Neocortex is the outer layer of the brain and is responsible for higher-order cogni-
tive processes, such as perception, language, and conscious thought. It processes sensory
information to form complex representations of the world. In contrast, the hippocampus
is a seahorse-shaped structure primarily associated with memory formation and spatial
navigation. In primates, the hippocampus receives sensory input through the entorhinal
cortex, which integrates streams from multiple cortical association areas, including the

visual cortex [9], [60].
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PIZZINO et al. |9] presents Neocortex-based Simultaneous Localization and Mapping
(NeoSLAM), a novel long-term Visual SLAM capable of providing robots with skills in
order to perform SLAM in real time by recognizing places it has previously visited under
variations in appearance and illumination. As RatSLAM relies on low-resolution visual
templates and intensity-based matching mechanisms, it remains sensitive to strong ap-
pearance variations, illumination changes, and perceptual aliasing, NeoSLAM is proposed
to deal with this problem [10].

Based on theories and models of neuroscience, NeoSLAM integrates computational
models inspired by the neocortex and hippocampal-entorhinal regions. Considerable evi-
dence indicates the neocortex and the hippocampus are interconnected brain regions that
work together to support learning and memory processes. The neocortex processes sensory
information and sends it to the hippocampus for consolidation and initial storage. Over
time, memories are transferred to the neocortex for long-term storage. The hippocampus is
crucial for the formation of episodic memories, while the neocortex provides a more stable
repository for long-term memory storage. Their dynamic interaction enables us to acquire,
store, and retrieve memories, forming the foundation of primate cognitive abilities [10].

As illustrated in Figure 3.15, the NeoSLAM architecture is divided into a perception-
focused Front-end and a navigation-focused Back-end. The Front-end comprises the Deep
Learning-based Encoder, the Neocortex Network (HTM), the Spatial-View Cell Network,
and the Loop Closure Detector. The Back-end consists of the Pose Cell Network and
the Experience Map. This modularity ensures that visual disturbances are filtered at the
perceptual level before affecting the robot’s pose belief [10].

At a high level, the Encoder extracts mid-level visual descriptors from a pretrained
CNN and converts them into a compact binary space that is amenable to HTM processing.
The Neocortex module learns spatial patterns and short temporal sequences (via Spatial
Pooler and Temporal Memory), producing SDRs that capture context. The Spatial-View
Cell Network module performs visual place recognition by combining a small sequence of
SDRs with a union operator, thereby stabilizing recognition despite local noise or small view
changes. These Spatial-View Cells matches feed a 3D CAN of Pose Cells over (z,y, §), and
the Experience Map integrates Spatial-View Cells and pose states in a topological graph

that accumulates loop-closures over time [9].

3.3.1 Front-End

The front-end of NeoSLAM is responsible for converting the continuous stream of raw pixel
data into a discrete set of robust, noise-tolerant place representations. This system uses
the framework of the HTM Model [61], observing the structural and algorithmic properties
of the Neocortex, and processes the input data in the form of SDRs. The coding process in
the form of SDRs mirrors, at an abstract computational level, key principles observed in
biological sensory processing. An advantage over these sparse neuronal activities is the effi-
ciency of representing information, that is, by activating only a subset of neurons, the brain

is able to achieve high capacity representational while minimizing energy consumption and
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from [10].
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neuronal resources. This sparsity also allows the precise selection of coding of relevant fea-
tures, resulting in the brain being efficient in extracting and processing information that

stands out in this environment [9].
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Figure 3.16: NeoSLAM: Hierarchical Temporal Memory Framework. Source: Re-
produced from [10].

As shown in Figure 3.16, in a column, the cells have a shared proximal dendrite that
connects to the input space (Feedforward) through a series of synapses, represented by a
group of arrows. Each cell is illustrated with its distal (Context) and apical (feedback)
dendrites, as shown on the right. Each dendrite segment contains multiple synaptic con-
nections to other cells.

Thus, given a population of n. neurons, an SDR can be represented in the form of an

n-dimensional, binary, and sparse vector, that is:
V= [bg, cee 7bne—1] (326)

where v € S : {1,0}"* and only a small number of the units in this set are 1 (ones), thus
defined as w, = ||v||;.

The sparsity ¢ can be defined by ratio of activated neurons to total neurons, i.e,

= (3.27)

e

and the capacity ¢, of SDR is defined by the volume of information in which SDR can

embed,

Ne 7!
= = = 3-28
v (w,,) wy! (ne —wy)! (3:28)



The similarity between two SDR vectors is determined by an overlap score, i.e., the
number of bits with value 1 that are coincident with both vectors. Let & : S x S — N be
the function defined by:

D =119, (3.29)

where vy, 5 € S™. A match between two SDR vectors occurs if the overlap score exceeds
a threshold 3, that is:
U= (1/1, I/Q) 2 ﬁ . (330)

Therefore, § is typically configured such that
B < min{wy,,wy,} . (3.31)

Unlike the Hamming distance used in ORB-SLAM3 for binary descriptor matching,
which penalizes any bitwise disagreement uniformly, similarity between Sparse Distributed
Representations in NeoSLAM is based on overlap cardinality. Because SDRs are extremely
sparse, a small amount of noise or bit corruption has a limited effect on the overlap score,
yielding higher robustness to perceptual variations and sensor noise. This property is

fundamental to the long-term place recognition capabilities of NeoSLAM.

Deep Learning-based Encoder

Convolutional Neural Networks have become fundamental tools in computer vision, with
architectures inspired by early findings in the primary visual cortex [10]. These networks
automatically extract hierarchical spatial features without the need for manual feature
engineering, making them highly adaptable [10]. In the NeoSLAM framework, the encoder
is responsible for transforming raw, high-dimensional visual data into Sparse Distributed
Representations (SDRs) suitable for processing by the Neocortex Network module [9, 10].

PIZZINO [10] stated that the encoder is presented as a pipeline composed of three
modules, shown in Figure 3.17: (i) a pre-trained CNN used as a feature extractor, (ii) di-
mensionality reduction (feature compression), and (iii) feature binarization, which converts
continuous-valued features into a binary descriptor.

The choice of the CNN layer used for place recognition is based on the analysis of Con-
vNet features for place recognition, features extracted from middle layers exhibit robust-
ness to appearance changes (e.g., time of day, seasons, weather), while features extracted
from top layers are more robust to viewpoint changes [10, 62]. A practical constraint is
that CNNs trained in a supervised manner typically require large labeled datasets to gen-
eralize well; therefore, they cannot be simply re-trained with a small number of images
at deployment time, since that may lead to overfitting [10]. Therefore, three CNN-based
strategies are adopted to build an encoder for neocortex models: (i) CNNs trained for
other tasks (e.g., AlexNet pre-trained on ImageNet), (ii) CNNs designed for place recog-
nition and long-term perceptual robustness (e.g., HybridNet pre-trained on SPED, with
weights initialized from a pre-trained CaffeNet), and (iii) feature map pruning, in which

less effective feature maps are removed [10].
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Figure 3.17: Deep Learning-based Encoder pipeline: Feature extraction (AlexNet-
conv3), Gaussian Random Projection, and Binarization. Source: Reproduced from
[10].

After feature extraction, the high-dimensional descriptor is reduced in dimension
through random projections [63], which do not require training data and are robust to
unexpected condition changes [10]. This step is supported by the Johnson—Lindenstrauss
lemma [64], which guarantees that the pairwise distances between points in the original
high-dimensional space and their projections into the lower-dimensional space will be ap-
proximately preserved. In [65], Gaussian Random Projection (GRP) [66] is established
technique for dimensionality reduction of image descriptors in VPR applications.

In practice, GRP is described as a two-step procedure: First, a random projection
matrix P = [p;j] € REXM i generated with dimensions corresponding to the desired lower-
dimensional space. The elements p;; (for each column P; of P) are drawn from a Gaussian
distribution, p;; ~ N(u = 0,0 = 1), and each column P; € P is normalized so that
|P;|| = 1 [10]. Second, each high-dimensional descriptor is projected by multiplying it
with the random matrix P, resulting in a lower-dimensional representation of the original
data [10].

Therefore, random projections can be used as descriptor compression for computational
and memory efficiency [67]. With P € REXM it is possible a compression rate ﬁ, which
maps M-dimensional descriptors to L-dimensions [10].

Binarization is then applied to obtain a binary descriptor compatible with HTM pro-
cessing. Let d € R™ be a real-valued descriptor and d; € B™ be its binary version; bina-
rization is defined as a mapping

de R X b e g (3.32)

PIZZINO [10] highlights three practical benefits: (i) compatibility with HTM networks,
(ii) efficient similarity measurement via Hamming distance (as an XOR operator), and (iii)
reduced memory usage .

Two binarization techniques are presented. The first is Sign Random Projection [68],

which starts with a random projection
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d=P-d, deRF, deRM, (3.33)

followed by mapping the sign of each component to a binary value:

- 0
db = (3.34)

The second is Sparse Locality Sensitive Binary Hashing (sLSBH) [67], which ensures
constant density in the binarized descriptor and allows defining a desired density. The

binarized descriptor is formed by concatenating two binary vectors:

@ = [d(4) ++ db(—)}T, (3.35)

where the vectors d°(+) and d’(—) are concatenated (++) and defined as

b 1, if d; is amongst the s - ||d|| largest values in d,
di(+) = (3.36)
0, otherwise,

b 1, if d; is amongst the s - ||d| smallest values in d,
db(—) = (3.37)
0, otherwise.
where s is a user-defined parameter that controls the density in a binarized descriptor
d® [67]. PIZZINO [10] also notes that this mapping doubles the dimensionality; to preserve

dimensionality, alternatives are discussed, including using only the largest values, only the

smallest values, or the logical disjunction of half-density subsets.

Neocortex Network

The HTM algorithm mimics the Neocortex’s ability to learn and recognize patterns using
a hierarchical structure of neurons that process standardized time series. This enables the
Neocortex to detect complex patterns over time and make predictions based on previous
experiences. A key advantage of the HTM algorithm is its capacity to handle noisy or
incomplete data. Its hierarchical structure allows it to recognize patterns even when the
input is flawed or incomplete, enabling it to adapt to changing inputs and learn new
patterns without requiring updates.

It can be seen in Figure 3.16 that n is the representation of the number of minicolumns
(Cj, such that j = 1,...,n), and m is the number of cells per column, we obtain a total
of nm cells in the layer. The HTM Cells (c; ;), then stacked in columns, form groups of
HTM regions. In this way, cells within these regions gather information from three distinct
sources, namely: Feed-forward, Context, and Feedback. These cells are in the inactive,
active or predicted states such that links between cells comprise a collection of synapses.
In the HTM Model, these synapses allow the sharing of information (displayed in binary

values) between cells.
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The Spatial Pooler (SP) algorithm processes input through Feed-forward input, while
Temporal Memory (TM) provides Context input. The SP’s main role in HTM Theory
is to identify spatio-temporal patterns in the input data and convert them into SDRs
continuously. In visual localization, the SP functions as a feature detector, extracting
distinguishing properties from a region to help recognize a place. The SP’s output reflects
the activation of minicolumns in response to Feed-forward inputs. Meanwhile, the TM
learns sequences by forming representations of previous Context inputs, determining which
cells in the columns are active and learning the permanence of distal synapses. Learning
occurs through a Hebbian-like rule, where synapses only connect cells with permanence
values above a set threshold. TM’s output represents the activation of individual cells

across all minicolumns [69].

Spatial-View Cells Network

c0Oe®0O0
0000

e0e00

dy, Vdyg+a
Figure 3.18: Spatial-View Cells. Source: Reproduced from [10].

This module activates Spatial-View Cells every time the robot observes a certain region
of the environment. These cells indirectly correct accumulated odometric drift by injecting
consistent place evidence into the Pose Cell network. Similar to RatSLAM [46, 47|, these
cells represent what the robot perceives. However, when a new visual scene is viewed, a
new View Cell is not necessarily created and associated with the HTM descriptor. In this
way, the features extracted from the images by the Module Encoder are represented in
the form of SDRs, so that different descriptors have similar attributes according to active
bits (1’s) in the same place. Therefore, the advantage is to perform the OR operation on
a set of SDRs, so that the resulting SDR preserves the attributes of the set and can be

compared to determine membership in the set used to form the union [9, 10].
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As described in Figure 3.18, a spatial vision cell model is inspired by neurons in the
primate hippocampus that are activated when a specific area of the environment appears
within the animal’s field of view and utilizes the properties of sparse distributed represen-
tations.

Thus, given a set D that represents a sequence of SDR descriptors, defined as:
D =[dy,,. ., deg+t,] (3.38)

where d € S™ represents images taken at a specific place and at particular instants in

discrete time. The interval ng is defined by:
no = [to, to +tg] = {tx € N: ®(dy,,dy, 1) > a} (3.39)
The output of this model is the descriptor:
dout =diy V -+ Vdiy4e,, (3.40)

The parameter a can be understood as the maximum overlap in order to control the
sparsity of the results. The maximum size of the interval of the Spatial-View Cells that
encloses representations with similarity between SDRs is defined by the parameter p, so
that:

no = [0, min(k, p)] (3.41)

This method helps to avoid the corridor problem, i.e., the absence of significant struc-

ture along both outdoor and indoor environments [9].

3.3.2 Back-End

The back-end of NeoSLAM is responsible for spatial reasoning and is based on the robust,
well-established architecture of RatSLAM.

Pose Cell Network

As in RatSLAM, pose is represented by a three-dimensional Continuous Attractor Neu-
ral Network over (z,y,6). The activity within this lattice integrates motion cues from
odometry (via path integration) and is corrected by place recognition matches from the
Spatial-View Cells (via activity injection). This neural representation supports robustness

to noise and smooths pose estimates between loop-closures [9)].

Experience Map

The Experience Map fuses Spatial-View and Pose Cell states into a topological graph.
Each node encodes a distinct Spatial-View Cells/pose state; when the state changes beyond

existing nodes’ tolerances, a new experience is created and linked to the previous one. Over
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time this yields a sparse, loop-closed graph of the workspace that is updated online and
optimized in the back-end [9].

3.3.3 Software Architecture

To guarantee repeatable results across heterogeneous machines, NeoSLAM is packaged
inside a Singularity container tailored for scientific/HPC workflows. Containerization en-
capsulates the exact operating system, libraries, and run-time configuration required by
the pipeline, yielding (i) portability across clusters and cloud platforms, (ii) strict software
reproducibility upon updates or reinstallation, (iii) isolation from host conflicts, and (iv)
simplified backup as a single image file. Notably, the provided image executes reliably
across multiple Ubuntu releases and can be deployed without root privileges (user-space
execution) [10].

The NeoSLAM image co-locates three core frameworks and their dependencies: ROS
Melodic (the last ROS distribution compatible with Python 2.7), Numenta NuPIC (imple-
mentations of HTM algorithms used by the neocortical front-end), and PyTorch/Torchvi-
sion (CNN feature extraction, including AlexNet). This combination motivates container-
ization: NuPIC constrains Python to 2.7 and hence ROS to Melodic (Ubuntu 18.04),
whereas Torch /Torchvision manage modern CNN inference; the container reconciles these
stacks into a coherent, reproducible environment [10].

In the methods chapter, explicitly state that all experiments (including underwater
evaluations) were executed from a frozen Singularity image bundling ROS Melodic, NuPIC
(HTM), and PyTorch /Torchvision; emphasize the reproducibility and host-agnostic deploy-
ment as a design choice enabling fair comparisons to RatSLAM and ORB-SLAM baselines
[10].

ROS Implementation

NeoSLAM ROS Architecture , shown in Figure 3.19,follows the standard ROS distributed
model: functionality is decomposed into nodes that communicate via topics and are con-
figured at run time using the parameter server. The neocortical module is implemented as
a ROS Action Server in Python to handle long-running, goal-oriented computations (se-
quence learning and prediction), while the visual cortex node streams images to this server
and consumes the published Spatial-View (Spatial-View Cells) responses. Back-end map-
ping and navigation (Pose Cells and Experience Map) are adapted from OpenRatSLAM
in C++, with configuration exposed through ROS parameters [10].

The computation graph includes dedicated topics for (i) broadcasting the evolving
topological map, (ii) exchanging Spatial-View Cells templates, and (iii) issuing topological
actions from the Pose Cell network; the main topics illustrated in the ROS graph are:
/ExperienceMap/Map, /SpatialView/Template, and /PoseCell/TopologicalAction.
These support loose coupling between perception, loop-closure, and graph updates, and

make the system readily interoperable with other ROS packages (e.g., logging, visualiza-
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Figure 3.19: NeoSLAM ROS Graph for Robotarium dataset. Source: Author’s own
creation based on [10].

tion, or alternative odometry sources).

Add a concise ROS graph overview (with or without an rqt_graph figure) describing
the Action Server interface of the Neocortex node and the roles of the three topics above.
Clarify that the Python (HTM) and C++ (RatSLAM back-end) components are bridged
through ROS topics and the parameter server for dataset-specific tuning [10].

Parameter Configurations

The container hosts NuPIC implementations of the Spatial Pooler (SP) and Temporal
Memory (TM) used in NeoSLAM’s neocortical front-end. Tables 3.2 and 3.3 consolidate
the main data structures, routines, and hyperparameters, with recommended settings for
typical visual place recognition (VPR) tasks, aligning BAMI’s defaults with the ranges
used in NeoSLAM experiments [9, 10, 70].

Table 3.2: Spatial Pooling: Data structures, routines, and parameters.

Item Description and recommended settings

Data structures and variables

Columns List of all SP columns (mini-columns).

columnCount Total number of columns in the region; task-
dependent. Recommended: at least 2048.

input (t, j) Input bit j at time ¢ (binary).

overlap(c) Overlap score of column ¢ with the current input (sum

of active connected synapses, optionally multiplied by

boost (c)).
activeColumns (t) Indices of columns that win inhibition at time t.
inhibitionRadius Average connected receptive-field size across columns

(computed internally).

neighbors(c) Columns within inhibitionRadius of column c.
synapse Structure with a permanence value and a source input
index.

Continues on next page
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Table 3.2 (continued)

Item

Description and recommended settings

potentialSynapses(c)

connectedSynapses (c)

activeDutyCycle(c)

overlapDutyCycle(c)

All potential synapses (and permanences) for column
c.

Subset of potentialSynapses(c) with permanence >
connectedPerm.

Sliding average of how often ¢ has been active after
inhibition (e.g., last ~1000 iterations).

Sliding average of how often ¢ has had overlap >

stimulusThreshold (e.g., last ~1000 iterations).

Supporting routines (pseudocode)

kthScore(cols, k)
updateActiveDutyCycle(c)

updatelOverlapDutyCycle(c)

boostFunction(-)

increasePermanences(c, §)

Returns the k-th highest overlap value among cols.
Updates the moving average for ¢’s post-inhibition ac-
tivity (used by boosting).

Updates the moving average for ¢’s pre-inhibition over-
lap (used by boosting).

Exponential function of duty cycles that sets
boost(c).

Uniformly increases all permanences of c¢ to aid
learning when needed (BAMI example: § = 0.1 -

connectedPerm).

averageReceptiveFieldSize() Recomputes inhibitionRadius.

Core parameters and typical settings

columnDimensions

inputDimensions

potentialRadius

globalInhibition

localAreaDensity

numActiveColumnsPerInhArea

Output topology (e.g., [2048] or [64, 64] for the
same count). Choose per task and hardware.

Input topology; must match dimensionality with
columnDimensions.

Radius in input space that a column can potentially
connect to (small = local RF; large = near-global).
If True, winners are selected globally (often used in
practice for speed/robustness); otherwise inhibition is
local.

Target  fraction of active columns  within
an  inhibition area  (use  either  this  or
numActiveColumnsPerInhArea).

Max winners per inhibition area. Rule of thumb:
~2% of total columns under global inhibition; e.g. 40
for 2048. Minimum: 25.

Continues on next page
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Table 3.2 (continued)

Item

Description and recommended settings

stimulusThreshold

potentialPct

connectedPerm

synPermActivelnc

synPermInactiveDec

boostStrength
minPctOverlapDutyCycle

Minimum active inputs required for a column to be
considered during inhibition; typically 0-5. If unsure,
set 0.

Fraction of inputs within the potential radius to initial-
ize as potential synapses. Set so that at initialization
each column has at least 15—20 connected inputs; ex-
ample: if typical input has 40 ON bits and 50% of
synapses start connected, use potentialPct > 0.75
because 40 x 0.5 x 0.75 ~ 15.

Permanence threshold for a synapse to be considered
connected; typically 0.2.

Permanence increment for active synapses during
learning; typically a small value, e.g., 0.03.
Permanence decrement for inactive synapses during
learning; typically smaller than the increment, e.g.,
0.015.

> 0; controls boosting strength (0 disables boosting).
Controls the minimum acceptable overlap duty cy-
cle; below this, column permanences are uniformly
boosted.

Table 3.3: Temporal Memory: Data structures, routines, and parameters.

Item

Description and recommended settings

Data structures and variables
t

columns

segments

activeColumns(t)

activeCells(t)

winnerCells(t)

Discrete time step index for TM updates.

List of all mini-columns in the layer.

List of all distal dendrite segments across all cells.
Each segment stores synapses (source cell indices and
permanences).

Set of active columns at time ¢ (output of Spatial
Pooler to TM).

Set of cells active at time ¢ (union of correctly predicted
cells and bursting cells).

Subset of activeCells that drive learning at ¢ (used

to grow/update segments).

Continues on next page
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Table 3.3 (continued)

Item Description and recommended settings

activeSegments(t) Segments with count of active connected synapses >
ACTIVATION_THRESHOLD.

matchingSegments(t) Segments with count of active potential synapses >

numActivePotentialSynapses

(t, segment)

LEARNING_THRESHOLD (eligible for growth).
Number of active potential synapses on a segment at

time ¢; used to score matches and select growth targets.

Supporting routines (pseudocode)

segmentsForColumn
(column, segments)
count( collection)
leastUsedCell (column)

bestMatchingSegment(column)

growSynapses

(segment, newSynapseCount)

Return all segments that belong to any cell in the given
column.

Cardinality utility for sets/lists used in scoring and
thresholds.

Selects a learning cell with the fewest existing segments
in the column (break ties randomly).

Among matchingSegments, returns the segment with
the largest number of active potential synapses.

Adds synapses from prior winnerCells to a seg-
ment (no duplicates), initializing with INITIAL_-
PERMANENCE.

Core parameters and typical settings

ACTIVATION_THRESHOLD

LEARNING_THRESHOLD

CONNECTED_PERMANENCE

INITIAL_PERMANENCE

PERMANENCE_INCREMENT

PERMANENCE_DECREMENT

Minimum number of active connected synapses for a
segment to be active. Typical: 4 (robust to appear-
ance change in VPR /NeoSLAM).

Minimum number of active potential synapses for a
segment to be matching. Typical: < ACTIVATION_-
THRESHOLD (e.g., 3-4).

Permanence threshold above which a synapse is con-
sidered connected. Typical: 0.2.

Permanence assigned to newly created synapses. Rec-
ommended: near CONNECTED_PERMANENCE, slightly
below (e.g., 0.18-0.20) to require reinforcement.
Additive increase for active synapses on correctly pre-
dictive segments. Typical: small, e.g., 0.03.
Additive decrease for inactive synapses on predictive
segments. Typical: slightly smaller than increment,
e.g., 0.015.

Continues on next page
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Table 3.3 (continued)

Item Description and recommended settings

PREDICTED_DECREMENT Penalty when a segment predicted but its cell did
not become active. Typical: small positive (e.g.,
0.001-0.01); often disabled.

SYNAPSE_SAMPLE_SIZE Target number of presynaptic connections grown on a
learning segment (sub-sampling of the SDR). Typical:
15-20.

cellsPerColumn Number of TM cells per mini-column (controls Con-

text capacity and sequence order). Typical: 32 for
VPR tasks.

3.4 ORB-SLAMS3

3.4.1 ORB Features

ORB-SLAMS3 is built upon ORB features, from which the system derives its name. ORB
stands for Oriented FAST and Rotated BRIEF, a feature detection and description method
specifically designed to provide a favorable trade-off between computational efficiency, ro-
bustness, and invariance properties [17]. ORB features constitute the backbone of all data
association processes in ORB-SLAMS3 [4].

ORB combines two classical computer vision techniques: FAST for keypoint detection
and BRIEF for feature description, extending both to achieve rotation invariance and
improved robustness.

FAST (Features from Accelerated Segment Test) is a corner detection algorithm that
identifies interest points by examining the intensity contrast between a candidate pixel and
a circular set of surrounding pixels. FAST is computationally efficient and well suited for
real-time applications; however, in its original formulation, it lacks orientation information
and scale invariance [17].

In ORB, FAST is used as the initial keypoint detector, but its output is augmented
by estimating a dominant orientation for each keypoint. This orientation is computed
using the intensity centroid method, which assigns a consistent rotation to the detected
feature based on local image moments. This extension enables rotation invariance, a critical
requirement for SLAM systems operating under arbitrary camera motion [17].

BRIEF (Binary Robust Independent Elementary Features) is a binary descriptor that
encodes local image appearance by performing a set of pairwise intensity comparisons
within a smoothed image patch. The result is a compact binary string that allows extremely
fast matching using the Hamming distance [17].

Despite its efficiency, the original BRIEF descriptor is not rotation invariant. ORB

addresses this limitation by introducing a rotated version of BRIEF, where the sampling
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pattern is steered according to the keypoint orientation estimated during the FAST stage.
This modification preserves descriptor consistency under in-plane rotations [17].
By combining oriented FAST keypoints with rotated BRIEF descriptors, ORB achieves:

e rotation invariance,

e robustness to moderate viewpoint and illumination changes,
e low memory footprint,

e fast descriptor matching using Hamming distance.

These properties make ORB particularly suitable for real-time SLAM systems, where
thousands of features must be detected and matched at high frame rates [4, 17].

Classical feature descriptors such as SIFT (Scale-Invariant Feature Transform) and
SURF (Speeded-Up Robust Features) provide strong invariance to scale, rotation, and
illumination changes and are highly discriminative. However, they rely on floating-point
descriptors and complex operations, resulting in significantly higher computational cost
[17].

In contrast, ORB features sacrifice some degree of scale invariance and descriptor dis-
tinctiveness in exchange for computational efficiency and real-time performance. This
trade-off is well aligned with the requirements of ORB-SLAMS3, where fast and reliable
data association across frames, keyframes, and maps is more critical than maximal de-
scriptor expressiveness [4].

In ORB-SLAM3, ORB features constitute the foundation of all data association mech-

anisms, including:
e short-term tracking between consecutive frames,
e mid-term matching between keyframes within the same map,
e long-term Place Recognition across previously visited areas,
e multi-map data association during map merging.

The use of binary ORB descriptors enables efficient matching via Hamming distance,
which is essential for the scalability of the Atlas multi-map architecture and for maintaining

real-time operation in large-scale environments [4].

3.4.2 System Overview

CAMPOS et al. [4] presents ORB-SLAM3, a feature-based SLAM system that supports
monocular, stereo, and RGB-D cameras, employing both pin-hole and fisheye camera mod-
els. The system represents a significant evolution over previous ORB-SLAM versions by
extending their capabilities to tightly-integrated visual-inertial estimation and seamless

multi-map operation.
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One of the main contributions of ORB-SLAMS3 is a tightly-coupled Visual-Inertial
SLAM formulation that consistently relies on Maximum-a-Posteriori (MAP) estimation,
including during the IMU initialization phase. In contrast to loosely-coupled pipelines,
inertial measurements are directly incorporated into the optimization problem alongside
visual observations, enabling the system to estimate metric scale, gravity direction, veloci-
ties, and inertial sensor biases in a unified probabilistic framework. This formulation yields
a robust real-time system capable of operating in small and large-scale environments, both
indoors and outdoors, achieving significantly higher accuracy than previous visual-inertial
approaches [4].

A second major contribution is the introduction of a multi-map architecture, denoted
as the Atlas, combined with a high-recall Place Recognition strategy. This design allows
the system to remain operational during prolonged periods of poor visual information.
When tracking fails, ORB-SLAMS3 initializes a new map rather than discarding accumu-
lated information. Once previously mapped regions are revisited, disconnected maps are
seamlessly merged. Unlike Visual Odometry systems, which rely exclusively on short-term
observations, ORB-SLAM3 reuses information from all previously mapped areas across all
stages of the algorithm, including tracking, local mapping, loop closing, and optimization.

A direct consequence of this long-term data reuse is the ability to include co-visible
keyframes that may be widely separated in time or originate from different mapping sessions
into the optimization process. These keyframes provide high-parallax observations, which
are fundamental for accurate geometric reconstruction and drift correction.

In ORB-SLAMS3, Bundle Adjustment (BA) constitutes the core optimization mecha-
nism underlying both visual and visual-inertial estimation. BA is formulated as a MAP
estimation problem in which camera (or body) states and 3D map points are jointly opti-
mized by minimizing a cost function composed of measurement residuals weighted by their
uncertainty.

In the pure visual case, BA minimizes the reprojection error of 3D landmarks onto
image measurements. In the visual-inertial setting, this formulation is extended to in-
corporate inertial residuals derived from IMU preintegration. As a result, BA jointly
optimizes camera poses, velocities, gravity direction, scale (when applicable), and inertial
sensor biases. This tightly-coupled formulation allows inertial constraints to regularize
motion estimation, particularly in low-texture or high-dynamic scenarios.

ORB-SLAMS3 employs BA at multiple levels: local BA for real-time map refinement,
welding BA during loop closing and map merging, and full BA for global refinement when
computationally feasible. The selective activation of these optimizations balances accuracy
and real-time performance.

Figure 3.20 shows the main system components:

1. Atlas: Is a Multi-map representation composed of a set of disconnected maps. There
is an Active Map where the Tracking thread localizes the incoming frames, and
is continuously optimized and grown with new keyframes by the Local Mapping

thread. The system builds a unique DBoW2 database of keyframes that is used for
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Figure 3.20: Main system components of ORB-SLAM3. The architecture com-
prises: an Atlas (managing active and non-active maps); a Tracking thread (sensor
processing and real-time pose estimation); a Local Mapping thread (map refinement
and IMU initialization); and a Loop and Map Merging thread (global consistency
checks). An optional Full Bundle Adjustment thread performs extensive refinement.
Source: Reproduced from [4].
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Relocalization, Loop Closing and Map Merging.

2. Tracking thread: Processes sensor information and computes the pose of the cur-
rent frame with respect to the Active Map in real-time, minimizing the reprojection
error of the matched map features. It also decides wheter the current frame becomes
a new keyframe. In Visual-Inertial mode, the body velocity and IMU biases are
estimated by including the inertial residuals in the optimization. When tracking is
lost, the Tracking thread tries to relocalizes the current frame in all Atlas’ maps.
If relocalized, tracking is resumed, switching the Active Map if needed. Otherwise,
after a certain time, the Active Map is stored as non-active, and a new Active Map

is initialized from scratch.

3. Local Mapping thread: Adds keyframes and points to the Active Map, removes
the redundant ones, and refines the map using Visual or Visual-Inertial Bundle

Adjustment, operating in a local window of keyframes close to the current frame.

4. Loop and Map Merging thread: Detects common regions between the Active
Map and the whole Atlas at keyframe rate. If the common area belongs to the
Active Map, it performs loop correction; if it belongs to a different map, both maps
are seamlessly merged into a single one, that becomes Active Map. After a loop
correction, a Full Bundle Adjustment is launched in an independent thread to further

refine the map without affecting real-time performance

3.4.3 Fundamentals

While in pure Visual SLAM the estimated state only includes the current camera pose, in
Visual-Inertial SLAM, additional variables need to be computed. These are the body pose
T; = [R;,p;] € SE(3) and velocity v; in the world frame, the gyroscope and accelerometer
biases (b and b¢), which are assumed to evolve according to a Brownian motion. In this
stochastic framework, Brownian motion models the temporal instability of the IMU sensors,
often referred to as a Random Walk process. Mathematically, the biases are treated as
time-varying states whose derivative is driven by a zero-mean Gaussian white noise. This
characterization is essential for the MAP estimation, as it allows the optimization thread
to continuously refine the bias estimates, accounting for environmental factors like thermal
fluctuations that cause the sensor’s zero-point to drift over time. This leads to the state
vector:

SZ' = {TZ, Vi, bg bq} (342)

1771

The state vector S; is defined in the manifold space, where R; belongs to the Special
Orthogonal Group SO(3), representing the 3D rotation. Formally, R € SO(3) is a 323
matrix satisfying RR” = I and det(R) = 1. The pose T; = [R;,p;] is an element of
the Special Euclidean Group SE(3), which combines rotation and translation into a 4x4

transformation matrix, such that:
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In this tightly-integrated mode, SE(3) is used because the IMU provides the metric
scale, rendering the world coordinates physical and fixed.

For Visual-Inertial SLAM, preintegrate IMU measurements between consecutive visual
frames, ¢ and i+ 1, obtain preintegrated rotation (AR; ;41), velocity (Av; ;11) and position
(Api,i+1) measurements, as well a covariance matrix ¥z, .., for the whole measurement
vector [71].

Given these preintegrated terms and states S; and S;11, the definition of inertial resid-

ual (rz,,,,) from [72]:

YT iv1 = [rARi,H»l yTAV; 415 rApi,i+1] (3-43)

where

TAR ;41 — Log (ARZHIRZTR‘Hl)

T
TAv; i = Ry (Vigr —vi — gt 401) — AV

1
NS (pj —Pi — Vildt; i1 — 2gAt2> — Apjit1

and Log : SO(3) — R3 map from the Lie group to the vector space. Together with inertial
residuals, it also is used reprojection errors r;; between frame ¢ and 3D point j at position
X; ¢

rij = w; — I (TepT; ' @ x;) (3.44)

where II : R? — R" is the projection function for the corresponding camera model, u;;
is the observation of point j at image 4, having a covariance matrix ¥;;, Tcp € SE(3)
stands for the rigid transformation from body-IMU to camera (left or right), known from
calibration, and @ is the transformation operation of SE(3) group over R3 elements.
Combining inertial and visual residual terms, Visual-Inertial ORB-SLAMS3 can be posed
a keyframe-based minimization problem [73|. Given a set of k 4+ 1 frames and its state
S = {So---Sk}, and a set of [ 3D points and its state X = {x¢---X;_1}, the visual-

inertial optimization problem can be stated as:

-1
2
v 0> pmn (el (3.45)
4,541

k
mig § : [
SeX \im =0 ieKci

where K7 is the set of keyframes observing 3D point j. This optimization may be
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outlined as the factor-graph shown in figure 3.21:

Reproj.
residual

Inertial

@9 @
@)

Random Walk residual

Figure 3.21: Factor graph representation of the Visual-Inertial ORB-SLAMS3 funda-
mentals. Source: Author’s own creation based on [4].

The factor graph forms a chain of inertial constraints linking consecutive states, while
reprojection factors connect poses to observed 3D map points. The random walk terms
maintain temporal consistency of the IMU biases. Due to perceptual aliasing, dynamic
objects, or incorrect data association, a robust Huber kernel (ppyp,) is used to reduce the
influence of spurious matches. The Huber loss behaves quadratically for small residu-
als, preserving optimality under Gaussian noise assumptions, while transitioning to linear
growth for large residuals.

Notably, the Huber kernel is applied exclusively to visual reprojection residuals. Inertial
residuals do not require robustification, as IMU measurements are temporally ordered and

free from association ambiguities.

3.4.4 Place Recognition

To achieve long-term data association for Relocalization and Loop detection, ORB-SLAM
uses bag-of-words Place Recognition system [30], |74].

DBoW2 builds a database of keyframes with their bag-of-words vectors, and given a
query image is able to efficiently provide the most similar keyframes according to their
bag-of-words. The elementary operation of all the geometrical verification steps consists in
checking whether is an ORB keypoint inside an image window whose descriptor of a map
point, using a threshold for the Hamming distance between them.

The Hamming distance enables extremely efficient matching through bitwise opera-
tions, making it suitable for real-time SLAM. In ORB-SLAM3, descriptor matching using

a Hamming distance threshold constitutes the elementary operation for short-term track-
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ing, mid-term map association, and long-term Place Recognition. Additionally, a ratio test
with respect to the second-best match is employed to reject ambiguous correspondences,
further improving robustness.

The steps of Visual-Inertial ORB-SLAMS3 algorithm of Place Recognition are:

1. DBoW2 candidate keyframes: The Atlas DBoW2 database is queryed with the
active keyframe K, to retrieve the three most similar keyframes, excluding keyframes

covisible with K,. Each matching candidate for Place Recognition is referred as K,,.

2. Local window: For each K,,, a local window is defined so that includes K,,, its
best covisible keyframes, and the map points observed by all of them. The DBoW2
direct index provides a set of putative matches between keypoints in K, and in the

local window keyframes.

3. 3D aligning transformation: The transformation 7, is computed using
RANSAC, that better aligns the map points in K, local window with those of
K,. In monocular-inertial, when the map is still not mature, Ty, € Sim(3) is
computed, otherwise T, € SE(3). In both cases, Horn algorithm [75] is used, so
that a minimal set of three 3D — 3D matches to find each hypotesis for T,,,. The
putative matches that, after transforming the map point in K, by Ty, achieve a
reprojection error in K, bellow a threshold, give a positive vote to the hypotesis.
The Similarity Group Sim(3) extends SE(3) by adding a scale factor s € R, such

that:
g_ sR p
0 1

4. Guided matching refinement: All the map points in the local window are trans-
formed with T, to find more matches with the keypoints in K,. The search is also
reversed, finding matches for K, map points in all the keyframes of the local window.
Using all the matchings found T, is refined by non-linear optimization, where the
goal function is the bidirectional reprojection error, using Huber influence function
to provide robustness to spurious matches. If the number of inliers after the opti-
mization is over a threshold, a second iteration of guided matching and non-linear

refinement is launched using a smaller image search window.

5. Verification in three covisible keyframes: To avoid false positives, DBoW2
waited for Place Recognition to fire in three consecutives keyframes, delaying or
missing Place Recognition. To verify Place Recognition, two keyframes covisible
with K, are searched in the active part of the map where the number of matches
with points in the local window is over a threshold. If they are not found, the
validation is further tried with the new incoming keyframes, without requiring the
bag-of-words to fire again. The validation continues until three keyframes verify

Tym, or two consecutive new keyframes fail to verify it.
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6. VI Gravity direction verification: In the visual-inertial case, if the Active Map
is mature, it is estimated that Ty, € SE(3). It is further checked whether the pitch
and roll angles are bellow a threshold to definitely accept the Place Recognition

hypotesis.

3.4.5 Map Merging

When a successful Place Recognition produces Multi-map data association between
keyframe K, in the Active Map M,, and a matching keyframe K,, from a different map
is stored in the Atlas M,,, with an alignment transformation Tg,,, it is launched a Map
Merging operation. In this process, special care must be taken to ensure that the infor-
mation in M,, can be promptly reused by the Tracking thread to avoid map duplication.
For this, it is proposed to bring the M, map into M,, reference. As M, may contain many
elements and merging them might take a long time, merging is split in two steps: First,
the merge is performed in a welding window defined by the neighbours of K, and K, in
the covisibility graph; and in a second stage, the correction is propagated to the rest of
merged map by a Pose-graph optimization.
The detailed steps of Visual-Inertial ORB-SLAM3 Map Merging are:

1. Visual-Inertial window assembly: If the Active Map is mature, it is applied the
available T, € SE(3) to map M, before its inclusion in welding window. If the

Active Map is not mature, M, is aligned using the available T, € Sim(3).

2. Merging Maps: Maps M, and M,, are fused together to become the new Active
Map. To remove duplicated points, matches are actively searched for M, points in
M, keyframes. For each match, the point from M, is removed, and the point in
M, is kept accumulating all the observations of the removed point. The covisibility
and essential graphs [27] are updated by the addition of edges connecting keyframes

from M,, and M, thanks to the new mid-term point associations found.

3. Visual-Inertial welding Bundle Adjustment: Poses, velocities and biases of
keyframes K, and K, and their five last temporal keyframes are included as op-
timizable. These variables are related by IMU preintegration terms, as shown in
figure 3.22. For M,,, the keyframe immediately before the local window is included
but fixed, while for M, the similar keyframes is included but its pose remains op-
timizable. All map points seen by the above mentioned keyframes are optimized,
together with poses from K, and K, covisible keyframes. All keyframes and points

are related by means of reprojection error.

4. Essential-graph optimization: A Pose-graph optimization is performed using the
essential graph of the whole merged map, keeping fixed the keyframes in the welding
area. This optimization propagates corrections from the welding window to the rest

of the map.
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Figure 3.22: Factor graph representation of the Visual-Inertial welding Bundle Ad-
justment in ORB-SLAM3. Circular nodes represent state variables associated with
keyframes, including body poses T, € SE(3) (red), linear velocities vy (green),
and inertial sensor biases by (purple). Square nodes denote residual factors: iner-
tial residuals from IMU preintegration (yellow), bias random walk residuals model-
ing Brownian motion (purple), and prior residuals used to anchor the optimization
(green). The blue elliptical node labeled Map Points represents the set of 3D land-
marks jointly observed by keyframes from the active map M, and the stored map
M,,, with reprojection residuals connecting landmarks to the corresponding pose
nodes. Dashed boxes indicate fixed parameters during optimization. In particular,
keyframes preceding the welding window in the stored map are fixed to provide a
stable reference, while keyframes in the active map remain optimizable, allowing
corrections to be consistently propagated across maps. Source: reproduced from [4].
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3.4.6 Loop Closing

Loop Closing correction algorithm is analogous to Map Merging, but in a situation where
both keyframes matched by Place Recognition belong to the Active Map. A welding
window is assembled from the matched keyframes, and point duplicates are detected and
fused creating new links in the covisibility and essential graphs. The next step is a Pose-
graph optimization to propagate the loop correction to the rest of the map. The final step
is a global Bundle Adjustment to find the Maximum-a-Posteriori estimate after considering
the loop closure and long-term matches.

In the Visual-Inertial case, the global Bundle Adjustment is only performed if the
number of keyframes is below a threshold to avoid a huge computational cost.

The experimental results show that ORB-SLAMS3 is capable of effectively exploit short-
term, mid-term, long-term and multi-map data associations [4]. Also, these results suggest
that regarding accuracy, the capability of using all these types of data association overpow-
ers other choices such as using direct methods instead of features, or performing keyframe
marginalization for local Bundle Adjustment, instead of assuming an outer set of static
keyframes.

The main failure case of ORB-SLAM3 is low-texture environments [4]. Direct meth-
ods are more robust to low-texture, but are limited to short-term [76] and mid-term [77]
data association. On the other hand, matching feature descriptors successfully solves
long-term and multi-map data association, but seems to be less robust for tracking than
Lucas-Kanade, that uses photometric techniques adequate for that four data association

problems.
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Chapter 4

The POSEIDON NAYV Project

This chapter introduces The POSEIDON NAV™ ! Project, a biologically inspired,
ROS-native framework conceived to address the limitations of 2D and unimodal SLAM
pipelines in perceptually degraded underwater environments. Grounded in neuro-inspired
computation, POSEIDON NAV operationalizes a cognitive mapping metaphor by inte-
grating a NeoSLAM-like neocortical front-end for multimodal perceptual encoding with
a DolphinSLAM-like hippocampal back-end for 3D experience-based mapping. In doing

so, the project provides a unified architecture that prioritizes perceptual robustness and

!The name and logo POSEIDON NAV™ were created by the author to identify the project
described in this dissertation.
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global map consistency under sensing distortions that routinely challenge purely geometric
solutions.

The system is engineered around two design commitments. First, multimodal per-
ception: visual and acoustic sensing streams are jointly encoded into a sparse, bitwise-
fused representation whose matching is based on SDR overlap. Second, full 3D mapping;:
pose inference and map construction are performed in three spatial dimensions using a 3D
experience graph whose relaxation extends RatSLAM’s Experience Map optimization. Be-
yond algorithmic design, POSEIDON NAV provides a reproducible ROS implementation
with deterministic execution, explicit parameterization, and traceable data flow between
perception, event generation, and mapping.

To make this architecture operational and experimentally auditable, the remainder of
this chapter details PoseidonSLAM as the core SLAM method implemented within the
POSEIDON NAV ROS stack, emphasizing the neocortical front-end, the event-generation

interface, and the hippocampal back-end responsible for 3D experience-graph mapping.

4.1 Relation to RatSLAM, DolphinSLAM, and
NeoSLAM

PoseidonSLAM inherits the hippocampal back-end principles of RatSLAM: a continuous
attractor Pose Cell Network stabilized by excitation and inhibition (cf. RatSLAM-like at-
tractor stabilization dynamics, Eq. (3.1)) and an Experience Map updated online and cor-
rected by relaxation after loop closure (cf. Eq. (3.7)). As in DolphinSLAM, this paradigm
is extended to 3D dead-reckoning and experience embedding (cf. DolphinSLAM 3D path
integration, Eq. (3.10)—(3.11)).

PoseidonSLAM adopts NeoSLAM'’s core neocortical idea: replace intensity templates /
SAD comparisons (RatSLAM LVC) with SDR-based sparse matching and temporal context
(cf. NeoSLAM overlap and match, Eq. (3.29)—(3.30)). PoseidonSLAM extends this from
visual-only to multimodal (vision + acoustics) while preserving the computationally cheap
union operation (cf. NeoSLAM union, Eq. (3.38)).

Unlike DolphinSLAM’s FAB-MAP probabilistic BoW matching (where LVC activity
reflects match probability), PoseidonSLAM’s place identity is produced by sequence-aware
sparse inference over SDRs, naturally tolerant to partial corruption and modality dropouts,
and emitted as a stable discrete identity (not a probability).

This lineage motivates a two-part architecture in which neocortical place evidence is
generated continuously, while hippocampal map updates are driven discretely by experience

events; Fig. 4.1 summarizes this data flow end-to-end.
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4.2 PoseidonSLAM

PoseidonSLAM is a neuro-inspired SLAM framework for AUV localization in perceptually
degraded underwater conditions. It encodes visual and acoustic sensory streams into sparse,
temporally contextualized place representations and uses them to build a 3D topological
experience graph supported by dead-reckoning and loop closure correction. In contrast
to geometric pipelines focused on dense metric reconstruction, PoseidonSLAM emphasizes
perceptual robustness and map stability by combining Sparse Distributed Representations
with sequence-aware inference and experience-graph optimization.

PoseidonSLAM targets robustness to: (i) turbidity and low-contrast imagery; (ii) sonar
speckle and acoustic aliasing; (iii) modality dropouts (missing camera/sonar frames); and
(iv) structural repetition (corridors/tunnels). This is achieved by using (a) overlap-based
similarity on SDRs, (b) Hierarchical Temporal Memory for sequence-aware context, and
(c) temporal union + gating before emitting place identities.

PoseidonSLAM is deployed within the POSEIDON NAV ROS stack, which standardizes
sensor interfaces, parameter loading, and an auditable event—evidence association used for

reproducible experimentation.

4.2.1 System Overview

PoseidonSLAM is organized as a neuro-inspired SLAM architecture with two tightly cou-
pled subsystems, as illustrated in Fig. 4.1.

The Neocortical Front-End performs multimodal perceptual encoding and publishes
a continuous stream of LVC IDs on /local_view_cells. In the current runtime, camera
and sonar observations are mapped to Sparse Distributed Representations through (i)
lightweight CNN feature embeddings, (ii)) LSBH hashing with a fixed projection matrix,
and (iii) binarization by selecting the top and bottom fraction of projection responses.
Modality-specific SDRs are then fused by a bitwise union (OR) to form the sensory drive
of HTM Spatial Pooler and Temporal Memory. In the default configuration, LVC identity
is derived from TM winner cells with short-window temporal pooling and Top-k capping.
The resulting sequence-contextualized codes are matched (or instantiated) by the LVC ID
module, yielding a discrete LVC identity.

The Hippocampal Back-End integrates the LVC identity stream with proprioceptive
dead-reckoning to construct a 3D topological experience graph (published as /map).
Dead-reckoning is provided by a robot-state module that fuses DVL, IMU, and depth into
a 6-DoF odometry estimate (/0dometry), which drives 3D path integration and the 4D
Pose Cell attractor dynamics (z,y, z,1). Map updates occur only when the VPR Guard
consistency filter authorizes the emission of /experience_event, thereby regulating event
density and improving global map stability under perceptual aliasing. For experimental
auditability, each accepted experience is associated with a synchronized sensory snapshot
(/experience_image), enabling deterministic event—evidence linkage at analysis time.

The remainder of this section follows the runtime causal order: the neocortical encoding
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Figure 4.1: Data-flow overview of PoseidonSLAM. The Neocortical Front-End en-
codes camera and sonar observations using ShuffleNetV2 embeddings, applies LSBH
hashing (fixed P,,) with top/bottom-k selection to produce modality SDRs, and
fuses modalities by bitwise union (OR) into a sensory drive for HTM SP/TM. LVC
ID match/create a discrete LVC ID and publish a continuous identity stream on
/local_view_cells, while VPR Guard gates only /experience_event (it does not
suppress /local_view_cells). The Hippocampal Back-End integrates fused dead-
reckoning from /0Odometry with LVC evidence in a 4D Pose Cell network (z, vy, 2, 9)
and updates a 3D Experience Map (/map). Each accepted event is stored with its
evidence frame /experience_image, keyed by the /experience_event header (seq,

stamp) using the closest /camera/image_raw within sync_stale_sec. Source: The
Author.

and continuous LVC stream (Sec. 4.2.2), the event-generation interface via VPR Guard
(Sec. 4.2.3), and the hippocampal back-end mechanisms that convert gated events into a

3D experience graph (Sec. 4.2.4).

4.2.2 Neocortical Front-End

The Front-End encodes visual and acoustic observations and emits discrete LVC identifiers
suitable for experience-based mapping. Each modality is mapped to a compact embedding
by a lightweight CNN backbone (e.g., ShuffleNetV2), chosen for its favorable accuracy—
latency trade-off under real-time and embedded constraints [12]. The resulting embeddings
are projected and binarized into sparse binary codes compatible with SDR-style processing
(as in NeoSLAM’s pipeline [9]).

In PoseidonSLAM, an LVC denotes a discrete place identity derived from multimodal
and temporally consolidated sparse codes designed to remain stable under modality-specific
degradations and sensor dropouts. This differs conceptually from (i) RatSLAM’s template-
SAD LVCs (which inject via Eq. (3.3)), (ii) DolphinSLAM’s probabilistic FAB-MAP
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LVC activations, and aligns structurally with NeoSLAM’s union-based stabilization (cf.
Eq. (3.38)), while extending it to cross-modality fusion.

Figure 4.2 summarizes the PoseidonSLAM front-end from raw multimodal observa-
tions to the published place-identity stream. Per modality, camera and sonar inputs are
embedded using a lightweight CNN backbone, projected via LSBH with a fixed matrix,
and binarized by selecting top and bottom responses to yield modality SDRs. A bitwise
union (OR) forms the fused sensory drive s{"*® for the HTM Spatial Pooler and Temporal
Memory. Importantly, place identity matching is performed on a TM-derived descriptor D;
(obtained from TM winner cells followed by temporal pooling, interval union, and Top-k
capping), rather than directly on s{“sed. The LVC ID module applies the overlap-based
match rule (with an optional F1 gate) to match or instantiate an LVC ID, published con-
tinuously on /local_view_cells. Downstream event gating (VPR Guard) acts only in the

back-end by regulating /experience_event and does not suppress /local_view_cells.
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Figure 4.2: PoseidonSLAM Front-End pipeline (end-to-end): Camera and Sonar ob-
servations are embedded by a lightweight CNN (ShuffleNetV2) to produce modal-
ity embeddings y\™ € R% . Each embedding is mapped by LSBH with a fixed
projection P,,, vielding responses u!™ € R/2 and a binary SDR s\™ € {0,1}F
via top/bottom-k selection. Modality SDRs are fused by a bitwise union (OR)
to form the sensory drive sf®*¢d  which feeds HTM SP/TM. TM winner cells
are consolidated into a sequence-aware matching descriptor D; through tempo-
ral pooling (sv_tm_window), interval union (6,,6,, score_interval), and Top-
k capping (sv_tm_topk), with downstream re-sparsification controlled by sp_-
numActiveColumns. LVC ID then matches/creates an LVC ID using overlap-based
acceptance with optional F1 gate, publishing the continuous place-identity stream
on /local_view_cells. VPR Guard operates only downstream in the Back-FEnd

to gate /experience_event, not /local_view_cells. Source: The Author.

Let My be the set of modalities available at time ¢ (e.g., vision, sonar), and let ogm)

be a raw observation from modality m € M;. Each modality is encoded into a real-valued
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embedding by a backbone f,,(-). The resulting vector ygm)

)

" = fu(0™) € R, (4.1)
is a compact continuous descriptor that summarizes the salient perceptual content of ogm)
(e.g., visual appearance cues or acoustic backscatter echo-intensity signatures) in a feature
space suitable for subsequent random projection and Top-k binarization.

The notation y,gm) € R% means that the embedding is a d,,-dimensional real-valued
vector, where d,, is the output dimensionality of the backbone for modality m (i.e., the
number of scalar features produced per observation). In the current implementation, f,(+)
is instantiated as a lightweight CNN (ShuffleNetV2) and the embedding dimension d,,
corresponds to the flattened feature tensor extracted from an intermediate convolutional
block.

To obtain a Sparse Distributed Representation, PoseidonSLAM uses LSBH hashing
with a fixed projection matrix. Let L denote the SDR length used by the front-end (shared
with the SP), and let d,, be the embedding dimensionality for modality m. For each
modality, a fixed LSBH projection P,,, € R%*(2/2) (loaded from 1sbh_matrix_path) maps
the embedding ygm) into a vector of linear responses ng) = P;ygm) € RE/2) where each
component reflects the signed projection of the embedding onto a random hyperplane. Let

€ (0,1) be the LSBH selection ratio (1sbh_s), and define k = |s(L/2)] as the number of
selected indices per half. LSBH encodes both the strongest positive and strongest negative
responses by concatenating the top-k and bottom-k indicator sets into a single binary
vector of length L.

Let B 2 {0,1}. The modality SDR is s§m) € BY, with p = L/2, such that

o 7€ TopK (V™ k) ] | <i<p, y
T ]I{ (i—p)GBottomK(vgm)7k>}, p<i<2p, (42)

where TopK returns the indices of the k largest components of vim), BottomK returns the
indices of the k smallest components, and I{-} is the indicator function. The concatenation
yields exactly 2k active bits per modality, providing a fixed-sparsity SDR used downstream
in the PoseidonSLAM front-end. The resulting modality-specific SDRs are illustrated in
Fig. 4.2.

The notation sg?) denotes the i-th entry of the SDR vector, for ¢ € {1,...,L}. The
indicator function I{-} evaluates to 1 if its condition is true and to 0 otherwise. Therefore,
Eq. (4.2) sets sg?) = 1 exactly for the k indices corresponding to the largest values in
ugm), and SE?) = 0 elsewhere. Thus, each modality code has fixed sparsity ||s£m)||1 =k
consistent with SDR processing.

This operating regime is consistent with the HTM notion of Sparse Distributed Rep-
resentations. In BaMI [78|, Hawkins et al. provide a canonical rule-of-thumb for SDR
dimensionality and sparsity: “An SDR may have 2,000 bits with 2% being 1 and the
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rest 0”. The PoseidonSLAM default (L=2048, k=20 active SP columns) operates in a
slightly sparser regime, which reflects the broader cortical sparse-representation viewpoint
emphasized in the Thousand Brains Theory [79]—namely, that distributed sparse activ-
ity patterns constitute a fundamental substrate for robust representation across cortical
modules. In high-dimensional SDRs, sparsity makes random overlaps unlikely, so overlap
becomes a meaningful similarity signal rather than a chance coincidence; moreover, dis-
tributed redundancy across active bits yields robustness to partial corruption and missing
evidence (e.g., modality dropouts) [78, 80]. In practice, overlap-based matching can be
implemented as set intersection over active indices, scaling with the number of active bits
(O(k)) rather than with L for the matching step itself [78].

In the current runtime, the multimodal union is the sensory drive provided to the HTM
framework (Spatial Pooler and Temporal Memory). Concretely, each available modality
m € M; produces a binary SDR ng) € B%, and their bitwise union forms the fused HTM
input

sfused & \/ sgm) , (4.3)

meMy

where, £ indicates that s"°d “is defined as” the bitwise union of the modality SDRs. As
shown in Fig. 4.2, the multimodal union provides the HTM sensory drive rather than the
final matching descriptor. This fused code aggregates instantaneous evidence across sen-
sors and is therefore robust to single-modality degradation and modality dropouts (missing
frames). Note that union (OR) typically increases descriptor density; therefore, Poseidon-
SLAM employs conservative gating and re-esparsification downstream to mitigate union-
induced densification effects (e.g., false positives).2

In NeoSLAM, the union operator is used to stabilize place evidence by aggregating a
short sequence of SDRs over time, i.e., doyt = \/fif)l d;—i(Eq. (3.38)). In PoseidonSLAM,
the same operator is first applied across modalities at time ¢ (Eq. (4.3)) so that informative
bits from any available sensor contribute to the place representation; consequently, if one
modality is degraded or absent, the remaining modalities can still sustain recognition.

Importantly, the descriptor effectively used for place identity matching is not the raw
fused code Sﬁ“sed. This distinction is highlighted in Fig. 4.2, where D, is formed from TM
winner cells and subsequent consolidation prior to LVC ID matching. By default, the Local
View Cell identity (LVC ID) is derived from the Temporal Memory state. After sfused is
processed by the Spatial Pooler and Temporal Memory, we extract the TM winner cells
and apply three lightweight consolidation steps: (i) temporal pooling over a short win-

dow (sv_tm_window), which emphasizes consistently recurring winners; (ii) interval union

2PoseidonSLAM enforces map stability through a three-stage mechanism: (i) a sequence-aware
descriptor D; derived from HTM Temporal Memory winner cells, temporally pooled over a short
window and re-sparsified by Top-k capping; (ii) an optional symmetric match gate based on the
Serensen—Dice (F1) score, used alongside the primary overlap criterion to curb descriptor den-
sification effects; and (iii) the VPR Guard consistency filter in the back-end, which authorizes
/experience_event only after sufficient repetition of the current LVC ID within a sliding win-
dow. Thus, /local_view_cells remain a continuous perceptual stream, while updates to the 3D
Experience Map occur only via gated /experience_event emissions.
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(Eq. (4.5)), which accumulates evidence over short runs while similarity remains above a
threshold; and (iii) a final Top-k re-sparsification (sv_tm_topk), which bounds descriptor
density after pooling/union. We denote the resulting TM-derived binary descriptor by s{™.

Since s!™ depends on the current input and the recent SP/TM context, it yields a
sequence-aware place identity while keeping the match operation overlap-based. Figure 4.3
provides a conceptual view of how TM winner cell selection is conditioned on temporal con-
text (distal segments) and feedback (apical input), explaining the sequence-aware behavior

summarized in Fig. 4.2.

i idati _deri i match/create — LVC ID
TM winner cells h; — consolidation — D; (TM-derived descriptor) —>‘ R e Dole ol

Temporal Memory (TM) e

tm_cellsPerColumn=4

e Ny N e s / Apical dendrite %
e 7 (feedback/context)
L ] . - —’—i _! ,'I — temporal ‘\,
ral context 4 I 2 context
— || |- = 0 3 [ ] '
Te‘%ppred\ct\or\ i _ . :
SN I = - - | Distal dendrite !
: u EI | S : 2 Y \  Segments /
I (. g - 2 = . . N/ (temporal context
| _rl_ 2 - \\\ from neighboring cells)//
I—'actlvates N /
Spatial Pooler (SP) kS Proximal dendrite. .~
input determines . (feedforward from SP) .-
sparsified active columns e e
tfeedforward consolidation: pooling (w=5) + interval union

=] =3) + | =,
[00 117 1000111000 .. 010110 11001100 1] (66=0.65, 8,73) + top-k cap (k=40)

Input SDR s/*<*? (L=2048, multimodal OR)

Figure 4.3: HTM-based place-identity formation in the PoseidonSLAM front-end.
The fused multimodal SDR. sf'*d drives the Spatial Pooler and Temporal Memory.
TM winner cells (h;) are consolidated (pooling, interval union, and Top-k cap) to
form the TM-derived descriptor D;, which is matched/instantiated by LVC ID to
produce the LVC ID published on /local_view_cells. Sequence-awareness arises
because TM selects winner cells conditioned on temporal context (distal segments)
and, conceptually, higher-level contextual feedback, not only on feedforward activa-
tion (proximal input). Source: The Author.

We denote the active-bit set of the matching descriptor by:
Ar = {ie{l,....L} : si™[i]=1}. (4.4)

To reduce sensitivity to single-frame noise and mitigate repetitive-structure segments,
PoseidonSLAM optionally consolidates evidence over short runs by unioning the active-bit

sets within an interval:
Ki—1

D= |J A, Ki < Kpax. (4.5)
i=0

where K is the current run length (bounded by Ki,.x) determined by an interval condi-
tion (e.g., while similarity to the previous descriptor remains above a threshold). In the

remainder, D; denotes the descriptor used for LVC matching.
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Local View Cells

Let D; be the current active-bit set used for matching and let D, be the stored prototype
for a candidate LVC ¢ € L, where £ denotes the set of all LVC IDs currently stored by the
front-end; each £ is associated with a stored prototype descriptor D, used for overlap-based

matching. We first define the intersection cardinality
I(Dy,Dy) = |DyNDy . (4.6)

In PoseidonSLAM, LVC matching uses an overlap—recall similarity score

’Dt ﬂ'Dd

R(Dy, Dy) = D

0<R<I1, (4.7)

which is robust to descriptor densification because it normalizes by the current descriptor
size ‘Dt’ 3
For each stored identity ¢, PoseidonSLAM evaluates the overlap-based similarity

R(Dy, Dy) and selects the most consistent prototype under the primary score:

= D:, D 4.
arg%agcR( s Dy) (4.8)

A recognition is accepted only if the winning candidate satisfies a two-stage acceptance
test:

I(Dt,Dg*) > Ipin A R(Dt,pg*) > TR (49)

where I(Dy,Dy+) is the absolute intersection cardinality. The first constraint Iy, acts
as an evidence floor that rejects low-support, chance overlaps in high-dimensional codes,
while the second constraint 7p enforces a minimum normalized agreement with the current
descriptor. In the ROS implementation, the primary score R(Dy, Dy+) is reported as the
LVC activation “rate” in the /local_view_cells stream.

If Eq. (4.9) fails, the observation is treated as novel and a new LVC ID is instantiated
by storing D; as a new prototype:

L+ LU {lpew}, Dy,... < Dy (4.10)

new

To mitigate repetitive-structure segments, PoseidonSLAM adopts an event-level emis-

sion gate that prevents overly frequent or weakly supported recognitions from driving the

3Equivalence with Hamming Distance under Top-k Constraints: By representing de-
scriptors as sparse binary vectors x,y € {0,1}¥ with associated active-bit sets A and B, the
Hamming distance is formally defined as the cardinality of their symmetric difference: dg(x,y) =
Ix @ yll1 = |AAB| = |A| + |B| — 2|AN B|. In PoseidonSLAM, descriptors are subject to Top-k
capping (e.g., via sv_tm_topk), ensuring that |A| ~ |B| = k. Under this fixed-sparsity regime, the
Hamming distance simplifies to a linear function of the intersection: dg = 2(k — | AN B|). Conse-
quently, maximizing the asymmetric recall R (or overlap) is strictly equivalent to minimizing the
Hamming distance. The match criterion R > 7p can thus be analytically mapped to a Hamming
threshold dy < 2k(1 — 7g), subject to the absolute evidence floor | AN B| > Lyin.
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map update.

Importantly, in the current ROS implementation this gate is not applied by suppressing
LVC publication: the neocortical front-end always publishes /local_view_cells. Instead,
the effective gating is enforced downstream in the hippocampal back-end, where the VPR
Guard module decides whether an incoming LVC ID stream is sufficiently consistent to
authorize the generation of an experience-driving event (i.e., allowing /experience_event
to be published).

Worked example: Local View Cell creation from camera and sonar inputs

Goal: Show, step by step, how PoseidonSLAM converts camera + sonar observa-
tions into a discrete LVC ID . We keep the default parameters of the real sys-
tem (L=2048, s=0.25, sp_numActiveColumns=20, sv_tm_window=7, sv_tm_topk=15,
Imin=12, 7=0.30, 77,=0.55), but use a illustrative SDR (L=16) only to make the
LSBH binarization and the multimodal OR visually explicit. The subsequent SP/TM and
LVC ID steps are described with the real (default) dimensions.

(1) Embeddings (continuous). Each sensor frame is mapped to a compact real
vector by the CNN:

yi" = fulof™) € R, m € {cam,son}  (Eq. (4.1).

(m)

Interpretation: y, " is a learned summary of the camera or sonar observation.
(2) LSBH hashing: real-valued responses then binarization. LSBH projects

each embedding with a fixed matrix P,,, producing a real-valued response vector
vim =Py cRP (Bq. (4.2)).

Then, only the k largest and k smallest responses are kept as a sparse binary code.
lllustrative example: Let L=16, p=8, s=0.25 = k=2.

CamETa responses:
viem) = (0.9, 1.2, 0.1, —0.8, 2.1, —0.4, 0.7, —1.5].

Top-k indices are {5,1} (values 2.1 and 0.9), bottom-k indices are {8,2} (values —1.5 and
—1.2). Thus,
AV =513 Ao, = 8.2)

bottom
A(Cam) _ Aggim) U {p+] 1 j € A,E)C;lgl)m} = {1,5, 10, 16}

Binary view:
sgcam) _ [17 07 07 0, 1, 07 07 O7 O, 1, O7 O, 0, 0, 0, 1].

Sonar responses:

v =102, ~0.9, 15, ~1.1, 0.4, —0.2, 0.8, ~L.7].
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Top-k indices are {3, 7} (values 1.5 and 0.8), bottom-k indices are {8,4} (values —1.7 and
—1.1). Thus,
Alsom) {3,7, p+8,p+4} = {3,7,12,16},

Sgson) _ [O, 0,1,0,0,0,1,0,0,0,0,1,0,0,0, 1].

Interpretation: the CNN produces continuous embeddings; LSBH turns them into real-
valued responses; only extreme responses survive as a sparse binary SDR.
(3) Multimodal union (sensory drive). Camera and sonar SDRs are fused by a
bitwise OR:
siused = \/ ng) (Eq. (4.3)).
meM;

In the illustrative example,
ghused _ gleam) , glson) _ 11 91,0,1,0,1,0,0,1,0,1,0,0,0,1].

Interpretation: any active bit from camera or sonar survives, so the system can tolerate
partial degradations in a single modality.

(4) SP/TM and temporal descriptor (sequence awareness). The fused SDR
siused is still a raw sensory code. The Spatial Pooler enforces a fixed sparsity, selecting

exactly sp_numActiveColumns = 20 active columns:
C, = SP (sﬁ“sed) A

These columns feed the Temporal Memory (TM), which produces winner cells W; condi-
tioned not only on the current input but also on recent context. To make the descriptor
stable, PoseidonSLAM aggregates evidence across a short window (sv_tm_window=7) and

then caps the descriptor to sv_tm_topk = 15 active indices:

D; = capys <IU (U At_i>> (Eq. (4.5)).

=0

Didactic intuition: if the union over the last 7 steps yields, say, 18 active indices, the Top-k
cap keeps only the 15 most frequent/stable ones. Thus D; is a compact, sequence-aware
descriptor used for matching.

(5) LVC ID matching and assignment. The current descriptor D; is compared
against stored prototypes {D,}. Two quantities are computed (Egs. (4.6)—(4.7)):

B ’Dt N 'Dg‘

I =|D;NDy| (absolute evidence), R= Dy (normalized overlap).
t

The recognition is accepted only if both I > I,y and R > 7 (Eq. (4.9)). Ezample: if
|D¢| = 15 and the best prototype shares I = 12 indices, then R = 12/15 = 0.80 and the
match is accepted. If any criterion fails, a new LVC is created and stored (Eq. (4.10)).
When the optional F1 gate is enabled, the match is further required to satisfy F; > 7p,.
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(6) What gets published (and what does not). The front-end publishes a con-

tinuous identity stream on /local_view_cells containing:
most_active_cell_ = {;, active_cells_[0].rate_ = R,

plus the standard ROS header (seq, stamp) for ordering and auditability. The descriptor
Dy itself is not serialized; it remains internal to the HTM pipeline.

Final remark (link to VPR Guard). Only the emitted id sequence {/;} is used by
VPR Guard in the back-end to gate /experience_event; the stream /local_view_cells

is never suppressed.

4.2.3 VPR Guard: Temporal-Consistency Gating of Experi-

ence Events

Even under conservative front-end place matching (cf. Eq. (4.9)), spurious recognitions
can still arise due to perceptual aliasing, transient sensing artifacts, and modality-specific
degradations. PoseidonSLAM therefore employs a back-end temporal consistency filter,
denoted VPR Guard, whose role is to decide whether the incoming stream of LVC' iden-
tities is sufficiently stable to authorize an experience-driving update (i.e., publication of
/experience_event). Importantly, VPR Guard operates only on repetition patterns of
the emitted LVC IDs; it does not access descriptor-level quantities such as I(-,-), R(:,"),
or Fi(-,-), which are computed in the front-end to select ¢;.

Let ¢; € £ denote the most-active LVC ID published at time step t, where L is the set
of instantiated LVC identities. Let w € N be the VPR Guard window size. We define the

repetition count of the current identity within the last w emissions as

w—1

Colly) & D by =14}, (4.11)

1=0

where I{-} is the indicator function (equal to 1 if its predicate is true, and 0 otherwise).
Given a minimum repetition threshold r € {1,...,w}, the VPR Guard decision is the
Boolean gate:
97" & HCy(ty) > r}. (4.12)

An experience-driving event is authorized when gYFR = 1.

To avoid indefinite suppression over long repetitive segments or under persistently
marginal identity streams, VPR Guard may enable a leak rule that forces periodic ac-
ceptance after a bounded number of consecutive rejections. Let ¢ be the run length of
consecutive rejections,

g1+1, if g™ =0,

q = (4.13)
0, if g¥Pt =1,
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and let Lyax € N be the maximum allowed rejection run. The leaked decision is then
3" & g™V g > Linax}y (4.14)

so that an event is emitted either when the repetition criterion is satisfied or when the
rejection run reaches Ly ax.

For ablation, we define two operating modes:

VPR Guard ON: authorize events using gtV PR
VPR Guard OFF: §'"R=1 vz

Thus, in OFF mode, every emitted identity may trigger /experience_event, subject
only to the remaining back-end conditions.

This formalization makes the ON/OFF comparison well-defined: the front-end controls
which identity is emitted, while VPR Guard controls whether the resulting identity stream
is sufficiently consistent to produce experience-driving events and, consequently, to update
the 3D experience graph.

In our default ablation protocol, we compare VPR Guard ON (require_vpr_for_-
event=true, w = 26, r = 3, leak rate Ly.x = 20) versus OFF (require_vpr_for_-
event=false). Consistent with the intended system behavior, ON reduces event rate and
improves global map stability (lower risk of topological collapse), whereas OFF increases
event density and may degrade global consistency by injecting weaker or less stable identity

streams into the experience-map update.

Worked example: VPR Guard (default settings). Assume the default guard
parameters w = 26, r = 3, Lmax = 20 (Egs. (4.11)—(4.14)). Let the current emitted identity
be ¢, = 12. Assume that, within the last w = 26 emissions, the identity 12 appears four

times. For brevity, we only show the last seven emissions:
[, ... 0] =12, 12, 7,12, 5,9, 12].
Thus, the repetition count in the full w-window is Cy(¢;) = 4, and
g TR =T{Cy(t;) >r} =T{4 >3} =1 (Eq. (4.12)).

Therefore, the back-end authorizes /experience_event at time ¢.
Now suppose the stream becomes unstable for the next steps, with no identity reaching
the repetition threshold inside the rolling w-window. For instance, let the next identities

be all distinct:
[€t+1:€t+27€t+3>€t+4] = [77 4,9, 6]'

Note that some of these ids may still appear twice within the last w emissions due to recent

history (e.g., ¢;+1 = 7 also appears at {;_4 = 7, and {; 13 = 9 also appears at ¢;_1 = 9),
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but in all cases the repetition count remains below the threshold r = 3. Therefore,

Ct+k(€t+k) <r = gX,_PkR =0, k=1,...,4.
Let g;+) denote the run length of consecutive rejections (Eq. (4.13)). If g/fR = ... =

gz}f;% =0, then g+20 = 20 = Lyax and the leak rule forces acceptance:

QXFPQ% = 92?2% V {gt120 > Linax} =0V 1 =1 (Eq. (4.14)).

Therefore, an experience event is emitted at time t420 even though gx_PQ% = 0 (and the
rejection counter is reset thereafter).

Interpretation. With VPR Guard ON, an experience event is emitted only when an
identity repeats sufficiently (r times in a w-window), unless the leak rule prevents indefinite
suppression. With VPR Guard OFF, the gate is bypassed and every emitted identity may
trigger an event (subject to the remaining back-end conditions).

Having defined the event-authorization mechanism, we now detail how gated experi-
ence events, together with fused dead-reckoning, drive the 4D pose-cell dynamics and the

construction/relaxation of the 3D experience graph.

4.2.4 Hippocampal Back-End

The back-end fuses dead-reckoning and LVC cues to construct a globally consistent 3D topo-
logical experience graph. This design follows the DolphinSLAM Experience Map paradigm
[49], while using neocortical LVC IDs as the primary perceptual drive.

PoseidonSLAM uses dead-reckoning increments provided by the ROS /Odometry
stream, which is treated as a global-frame pose estimate in the current runtime. In our
ROS stack, the /0dometry stream is the output of a dedicated robot-state fusion module
that combines proprioceptive sensing, namely DVL (/dvl_linkquest), IMU (/imu_adis_-
ros) and depth (/depth_sensor), and publishes a dead-reckoning estimate in the global
frame.?

Accordingly, 3D path integration in the current runtime is realized by discrete differ-

encing of successive odometry poses. Let p?

dom ¢ R3 denote the translational component
of the fused /0dometry message at time ¢ (expressed in the odometry /world frame adopted

by the system). The incremental dead-reckoning displacement is computed as

odom odom

Ap: = p; —Pi1 Pt < Pt—1 + Apy, (4.15)

which is equivalent to a first-order (Euler) integration of the motion increments implicit in

the odometry stream. Optionally, a fixed axis remapping/sign convention may be applied

4Tn the POSEIDON NAV stack, the robot_state_node publishes the fused dead-reckoning
estimate on /0dometry (by integrating the available proprioceptive streams, e.g., DVL, IMU, and
depth). In the current PoseidonSLAM runtime, this /Odometry topic is the sole motion input
consumed by the hippocampal back-end: it drives path integration in the Pose Cell Network and
provides the incremental displacements used to update the 3D Experience Map.
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to Ap; to enforce consistency with the vehicle frame conventions used by the Pose Cell

and Experience Map modules.

Pose Cells

PoseidonSLAM maintains a Continuous Attractor Neural Network of Pose Cells over a
discretized 4D lattice representing (z,y, z,%), so that the network state forms a localized
“activity bump” encoding the current pose hypothesis. In the current ROS implementa-
tion, recurrent stabilization is realized by local Gaussian excitation combined with global
inhibition and subsequent normalization, yielding the same functional attractor behav-
ior typically associated with Mexican-hat/DoG dynamics in RatSLAM formulations, i.e.,
strong reinforcement of nearby hypotheses and suppression of competing ones.

PoseidonSLAM differs from DolphinSLAM in how external sensory evidence drives
and stabilizes the attractor. In DolphinSLAM, the Local View layer is produced by an
appearance-based BoW /FAB-MAP pipeline and, at each time step, a single Local View
Cell is active with unit activation (I;=1); this activation injects energy into the Pose Cell
network through learned synaptic connections (Hebbian ) after a maturity period Lyat.

In PoseidonSLAM, by contrast, the LVC stream is produced by the neocortical HTM
front-end (SP/TM), so the external drive is graded and sequence-aware (via TM winner-cell
pooling and re-sparsification), and the implementation supports multiple simultaneously
active LVC hypotheses (multiple_local_view_active=true). This distinction is partic-
ularly relevant in Underwater SLAM: DolphinSLAM’s motion update is computed from
proprioceptive sensing (DVL velocity + IMU orientation) and fused as relative motion be-
tween consecutive poses, whereas PoseidonSLAM’s sequence-aware sensory correction and
downstream event gating (VPR Guard) reduce the likelihood of spurious attractor pulls
under perceptual aliasing before the Experience Map is updated.

Let P; j 1 4 denote the Pose Cell activity at lattice indices (4, j, k, ¢), with (4, j, k) index-
ing translation and ¢ indexing yaw. Recurrent excitation is implemented as a separable

Gaussian smoothing of the activity packet:

Epjipg = Z Pijhg Go, (i’ — i, ' = j, K — k) Go,(d —q) (4.16)
i7j7k7q

where G,, and G,, are Gaussian kernels with variances Jg and Ji, respectively. The

excited activity is then subjected to global inhibition and renormalization:
Pi/,j/,k’,q’ — N(max(O, Ei’,j’,k/,q/ — gb)) , (417)

where ¢ is a global inhibition level (uniform across the lattice), max(0,-) enforces non-
negativity, and N (-) denotes a normalization operator that bounds total activity.

The recurrent Pose Cell dynamics follow the standard RatSLAM /DolphinSLAM at-
tractor update: lateral excitation accumulates support from neighboring hypotheses, while

a global inhibitory term suppresses spurious growth. In compact form, the recurrent con-
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tribution at lattice index (¢', 5/, k', ¢’) can be written as

rec
AP7;l7j/7k/7q/ = Z PiVijvq gi/_iv jl_j7 kl_k? q/_q - ¢)’ (4']‘8)
i7j7k7q

where €aiAj,AkAq denotes the recurrent interaction kernel (excitatory neighborhood
weights) and ¢ is a uniform global inhibition level.

PoseidonSLAM incorporates corrective sensory evidence through an injection mech-
anism that is functionally analogous to the RatSLAM injection term (Eq. (3.3)) and is
learned via a Hebbian association rule as in DolphinSLAM (cf. Eq. (3.15)-(3.16)). Specif-
ically, the synaptic coupling between an LVC identity ¢ and a Pose Cell unit (i, j, k, q) is

reinforced when both are concurrently active:

Bzvizjzkzq A maX(Bezi7j7k7q7 A W P/L7.]7k7q) ? A‘F)Zli’]l{k,q = 6 Z /Bf,i,j,k,q w’ (419)
el

where Vp € {0,1} indicates whether identity ¢ is present in the current LVC evidence (e.g.,
the most-active cell, or a sparse set of active cells under multi-hypothesis operation), A is
the learning rate, and § is the injection gain. This formulation is a direct 4D extension
of DolphinSLAM’s Hebbian coupling and injection terms, while preserving RatSLAM’s
functional principle: perceptual evidence selectively amplifies pose hypotheses consistent

with the recognized place identity.

Experience Map and Loop Closure

Each accepted /experience_event always instantiates a new experience node in the Ex-
perience Map. Hence, revisitation is not implemented as “node reuse” at creation time;
instead, it is handled downstream by a matching-and-correction procedure that introduces
loop closure constraints and drives map relaxation. Upon detecting a loop closure, Po-
seidonSLAM follows RatSLAM’s relaxation philosophy (cf. Eq. (3.7)), extended to a 3D
experience-graph embedding.

Let G = (V, &) denote the 3D experience graph. Each node i € V stores a 3D embedding
position p; € R? and the associated place identity ¢; (LVC ID). Each directed edge (i,5) € £
stores the relative dead-reckoning displacement Ap;; € R3 between consecutive events and
a confidence weight w;; > 0.

From an optimization viewpoint, the map update seeks to reduce edge residuals of the

form p; — p; — Ap;;, which can be written as the weighted least-squares objective:

min > wy; |p; — pi — Apyll; - (4.20)
{pi} =
(i,5)€€

A lightweight online approximation is obtained via iterative relaxation, i.e., local error
redistribution over neighboring constraints, which is the direct 3D counterpart of Rat-
SLAM’s ( cf. Eq. (3.7)):
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Figure 4.4: PoseidonSLAM overview: Sequence-aware place identities (LVC IDs)
drive 3D experience-based mapping supported by fused dead-reckoning and loop
closure correction.

Api = o > wi(pj—Pi—Api)+ > wki(Pr—Pi+APri)|, Pi ¢ PitAp;,
JEN}(4) keN: (i)
(4.21)

where N (i) and Ny (i) denote the forward and backward neighbors of node i, respectively.

In the current ROS implementation, loop closure corrections are applied as bounded
updates to mitigate topological collapse under spurious recognitions. Concretely, the cor-
rection magnitude is distributed along the inferred route length (yielding an effective route-
dependent step size) and is further constrained by safety clamps such as max_correction_-
norm=20.0 and max_correction_step=0.05, which cap the overall correction norm and

the per-iteration update, respectively.

4.2.5 ROS Implementation

PoseidonSLAM is implemented as a modular, ROS-native system (Fig. 4.4) designed for
repeatable, end-to-end execution under dataset playback. The neocortical front-end is de-
ployed as an action server with dedicated sensor clients (visual and acoustic) that produce a
continuous stream of /local_view_cells. The hippocampal back-end is realized by three
nodes: (i) a robot state node that publishes the fused dead-reckoning stream /Odometry
(Eq. (4.15)); (ii) a pose cell node that maintains the 4D CANN dynamics and applies the
event-consistency logic (Eq. (4.11)); and (iii) an experience map node that constructs and
relaxes the 3D experience graph (Eqgs. (4.20)—(4.21)).
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Interfaces

The principal ROS interfaces are:

e Inputs: visual stream (/camera/image_raw); acoustic streams (/sonar_micron_-

ros, /sonar_seaking_ros); proprioception and navigation sensors used by the
robot state module (/dvl_linkquest, /imu_adis_ros, /depth_sensor); and dataset

odometry used as an external reference when available (/odometry).
Front-end output: Local View Cells (/local_view_cells).

Back-end outputs: Fused dead-reckoning (/0dometry), experience events
(/experience_event), topological experience graph (/map), dead-reckoning trace
(/dead_reckoning), and event evidence (/experience_image). When provided
by the dataset, /odometry is additionally logged as a reference signal (e.g., EKF-
derived) and published as /ground_truth.

Event—Evidence Audit Contract

For experimental traceability, PoseidonSLAM publishes an auditable sensory snapshot for

each accepted experience. Concretely, the experience-map node publishes /experience_-

image as the closest camera frame to the /experience_event timestamp within a con-

figurable tolerance sync_stale_sec. The header of /experience_image (sequence and

timestamp) is set equal to the corresponding /experience_event header, enabling deter-

ministic event—evidence joins during offline analysis.

Operational Flow

Algorithm 1 PoseidonSLAM operational flow.

1: Initialize nodes: neocortical action server and sensor clients; robot-state (fused

DR); pose cells; experience map.

2: for each time step t with sensor observations do

3
4
5
6:
7
8
9

10:
11:

encode visual-+acoustic observations — modality SDRs (Egs. (4.1)—(4.2))
fuse SDRs by union — sfs*d (Eq. (4.3))
SP/TM processing — sequence-aware matching descriptor and LVC identity
publish /local_view_cells (continuous perceptual stream)
update dead-reckoning and pose cell dynamics using /0dometry (Eq. (4.15))
if VPR Guard accepts the identity stream (Eq. (4.11)) then

publish /experience_event

update experience graph; correct upon loop closures (Eqs. (4.20)—(4.21))

publish /map, /dead_reckoning, and /experience_image
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Configuration

PoseidonSLAM parameters are loaded at launch time (ROS parameter server), with the
.launch file taking precedence over YAML defaults when both are provided. Representa-

tive parameters include:

e Front-end: SDR dimension L and sparsity control (Eq. (4.2)), union-based fusion
(Eq. (4.3)), interval consolidation (Kpax in Eq. (4.5)), and LVC matching thresholds

(Eq. (4.9)).

e Back-end: 4D lattice sizes (x,y,z,%) and recurrent dynamics parameters
(Eq. (4.18)), LVC—PC coupling gains (Eq. (4.19)), relaxation and safety clamps in
the experience graph (Eq. (4.21)), and the VPR Guard filter (w, r, Liax) (Eq. (4.11)).

For reproducibility, the random projection matrix is fixed and persisted (seed 42 if
regeneration is required), and each run stores a full parameter snapshot (e.g., rosparam
dump), together with the bag identifier and the code revision hash used for execution.

Table 4.1 consolidates the default PoseidonSLAM settings as defined by poseidon_-
nav.launch. The launch file loads poseidon_nav.yaml and then applies explicit overrides;
therefore, the values below correspond to the launch defaults (i.e., fixed <param ...>

values and <arg ... default=...> values).

Table 4.1: PoseidonSLAM default configuration: blocks, parameters, and settings
(ROS Melodic). Values correspond to the default poseidon_nav.launch configura-
tion.

Parameter Description and default setting

Global synchronization and audit

sync_stale_sec Canonical time window (seconds) used consistently
across PoseidonSLAM to bound cross-topic associa-
tions (e.g., neocortex sensor-to-goal alignment and Ex-

perienceMap event—image auditing). Default: 0.75.

Front-end: fusion, CNN and LSBH

fusion_mode Effective fusion operator used to combine per-
modality SDRs into a single fused SDR before SP/TM.
Fusion is a binary union (bitwise OR), followed by
sparsity enforcement to sp_numActiveColumns. De-
fault (launch): union.

cnn_backbone Pre-trained CNN backbone used as the fea-
ture extractor for the perceptual encoder (image
stream and sonar-derived polar tensors). Default:

shufflenetv2.

Continues on next page
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Table 4.1 (continued)

Item

Description and default setting

encoder_mode

1sbh_matrix_path

1sbh_s

rp_matrix_path

Per-modality encoder used to generate SDRs. De-
fault: 1sbh.

LSBH projection matrix. Default: $(find
neocortex)/src/lsbhMatrixShuffleNetV2.npy.
LSBH selection ratio (top/bottom fraction). Default:
0.25.

Random  projection matrix (only for non-
default RP  mode). Default: $(find
neocortex)/src/randomMatrixShuffleNetV2.npy.

Front-end: HTM Spatial Pooler (neocortex_ server)

sp_enable

sp_columns

sp_numActiveColumns

sp_potentialRadius

sp_synPermActivelnc, sp_-

synPermInactiveDec

Enable Spatial Pooler. Default: true.

SDR dimensionality (number of bits) used throughout
the front-end representation. Default: 2048.

Target sparsity (number of active bits kept after fu-
sion/binarization and before SP/TM updates). De-
fault: 20 (i.e., &~ 0.98% of 2048).

Spatial Pooler potential radius. Default: 600.

SP permanence update rates. Default: 0.006, 0.008.

Front-end: HTM Temporal Memory and sequence descriptor

tm_cellsPerColumn
tm_activationThreshold
tm_permanencelncrement,
tm_permanenceDecrement
sv_descriptor_source
sv_tm_window

sv_tm_topk

sv_tm_match_threshold

Number of TM cells per SP column (controls TM state

size and sequence capacity). Default: 40.

TM activation threshold. Default: 5.

TM permanence update rates. Default: 0.008,
0.012.

Descriptor type used to represent the local view iden-
tity for SV-cell matching. Default: tm.

History length (in steps) used to aggregate TM winner
cells before matching. Default: 7.

Top-k cap applied to the TM-derived descriptor (most
frequent winners across the window). Default: 15.
Primary acceptance threshold for SV matching when

sv_descriptor_source=tm. Default: 0.30.

Front-end: LVC ID and matching gates

Continues on next page
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Table 4.1 (continued)

Item Description and default setting

interval_mode If enabled, applies NeoSLAM-like interval union for

short-run stabilization. Default: true.

theta_alpha, theta_rho Interval union parameters. Default: 0.65, 3.
sv_match_threshold Base acceptance threshold for SV matching (overlap
score |[AN B|/|A|). Default: 0.38.
sv_min_intersection Minimum absolute intersection size. Default: 12.
sv_require_multimodal Require per-modality validation for SV match. De-

fault: false.

sv_min_img_score / sv_- Per-modality overlap thresholds (only active when

min_sonar_score sv_require_multimodal=true). Default: 0.45 /
0.35.

sv_enable_f1_gate, sv_- Optional F1 gate for descriptor densification. De-

min_f1 fault: true, 0.55.

sv_use_iou_tiebreak, sv_- Tie-break by IoU and max-bit cap. Default: true, 0.

max_bits

Front-end: sonar preprocessing (neocortex_ server)

sonar_polar_width X Output polar tensor resolution used to rasterize sonar
sonar_polar_height scans before CNN encoding. Default: 224x224.
sonar_rmax, sonar_use_- Maximum sonar range (meters) and whether intensity
intensities values are used. Default: 30.0, true.

Back-end: CANN and pose cells

/cann/number_of_neurons CANN lattice resolution per latent dimension (4D).
Default: [15,15,15,8].

/cann/distance_between_- Inter-neuron spacing for translational dimensions (me-
neurons ters). Default: [0.1,0.1,0.1].
pose_cells.top_k, pose_- Pose-cell selection parameters. Default: 4, 0.03.

cells.min_exc

Back-end: VPR Guard, motion gate, and frame conventions (pose_cell _node)

require_vpr_for_event If true, experience events are emitted only when the
VPR Guard accepts the current identity. Default:
true.

vpr_window, vpr_min_rep VPR Guard window size and minimum repetitions re-

quired. Default: 26, 3.

vpr_leak_rate Leak parameter (consecutive rejections). Default: 20.

Continues on next page
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Table 4.1 (continued)

Item Description and default setting

motion_gate_enable Requires a minimum displacement before creating an

experience event. Default: true.

min_event_trans_xy, min_- Minimum translational displacement thresholds (me-
event_dz ters). Default: 0.12, 0.05.
axis_remap, axis_sign_z Dead-reckoning frame alignment convention. De-

fault: yxz, -1.0.

Back-end: Ezperience Mayp (experience_map node)

match_threshold Loop-closure matching acceptance threshold (each
event still creates a new node). Default: 0.98.

lv_factor, pc_factor Relative weighting between local-view evidence and

pose-cell evidence. Default: 0.5, 0.5.

min_experience_age, loop_- Minimum node age before loop-closure confirmation

confirmations and number of confirmations required. Default: 200,
2.

min_correction_route_len Minimum route length required for correction. De-
fault: 250.

max_correction_norm, max_- Safety clamps on correction magnitude and per-step

correction_step update. Default: 20.0, 0.05.

min_correction_interval_-  Minimum time between correction applications. De-

sec fault: 15.0.

Audit (image): event—evidence traceability (experience map node)

image_topic, image_- Camera topic and transport used to fetch the

transport source images for experience evidence. Default:
/camera/image_raw, raw.

publish_experience_image If enabled, publishes /experience_image for post-run
auditing. Default: true.

image_buffer_size, image_- Buffer size (images) and association slop (seconds).

sync_slop Default: 400, 0.75 (tied to sync_stale_sec).

4.3 Contributions

PoseidonSLAM provides:

e Neuro-inspired Visual-Inertial-Acoustic Underwater SLAM integration cou-
pling sequence-aware multimodal place identities to 3D experience-graph mapping,

explicitly grounded on RatSLAM back-end principles;
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Multimodal Sparse Distributed Representations based on fixed random pro-
jections, Top-k sparsification, and union fusion for robustness under sensing degra-

dation and dropouts;

Sequence-aware LVC identities derived from HTM Temporal Memory context
(winner-cell dynamics), explicitly distinct from RatSLAM SAD templates and Dol-
phinSLAM FAB-MAP probabilistic activations;

4D Pose Cell Network over (z,y, z,1) with local Gaussian excitation and global
inhibition, using an LVC—PC association analogous to DolphinSLAM and function-
ally equivalent to RatSLAM injection;

3D Experience Map construction and loop closure correction as a direct 3D ex-
tension of RatSLAM’s experience-map optimization, with safety clamps to mitigate

collapse under spurious closures;

Reproducible ROS implementation with deterministic event—evidence auditing
(Section 4.2.5) and run-time parameter/version logging for traceable experimenta-

tion.
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Chapter 5
Experimental Validation and Results

Having established the theoretical foundations, this chapter presents the empirical vali-
dation of the proposed neocortical-inspired Visual SLAM framework and its instantiation
within the POSEIDON NAV pipeline (PoseidonSLAM). The primary goal is to demon-
strate perceptual robustness and map consistency in a challenging (simulated-from-real)
underwater setting where state-of-the-art methods from both geometric and canonical bio-
inspired paradigms fail. We detail the experimental design, the creation of a benchmark
dataset, the implementation of all systems, and a comparative analysis that supports the
central contributions of this dissertation. In addition, we report an ablation study (VPR
Guard ON vs. OFF) that audits the traceability between topological events and their
perceptual evidence and characterizes the resulting 3D topological map stability (proxy

metrics; not a substitute for full localization evaluation).

5.1 Benchmark Dataset: The Underwater Cave Ex-
periment

The original experiment was conducted by MALLIOS et al. [5] in the Coves de Cala
Viuda, a complex and unstructured underwater cave system in Spain (Figure 5.1). For
the experiment, the Sparus AUV—a compact, hovering-capable vehicle—was tasked with
mapping the cave system. To ensure the collection of a high-quality dataset suitable for
benchmarking SLAM algorithms, the AUV was guided by a diver along an approximately
500 m trajectory explicitly designed to include multiple loop closures [6]. The vehicle was
equipped with a comprehensive sensor suite, including a horizontally-mounted Mechanical
Scanning Imaging Sonar (MSIS) as the primary perception sensor for a scan-matching
SLAM algorithm, alongside a DVL and IMUs for dead-reckoning [5].

Of particular relevance to this dissertation is the visual-inertial sensor package used.
The visual data was captured by a low-cost, downward-facing analog PAL camera at a
resolution of 384x288 pixels and a frame rate of approximately 4 Hz. For inertial mea-
surements, the platform included two IMUs, of which the Analog Devices ADIS16480 was

mounted externally to minimize electromagnetic interference, providing a high-quality data
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Figure 5.1: The environment from the original Underwater Cave Experiment.
Source: Reproduced from [5].

stream for visual-inertial fusion |6].

A key aspect of the original work, and a primary motivator for our research, was
the challenge posed by the visual conditions. MALLIOS et al. [5] report that, due to
turbidity, data from the AUV’s video systems could not be used for comparison with visual-
odometry or visual-SLAM techniques. The visual stream was therefore used only to identify
pre-deployed traffic cones for ground truth validation (Figure 5.2). This foundational
experiment thus provides not only the realistic visual data upon which our simulation
is built but also a clear benchmark of the conditions under which traditional perception
methods fail.

Super SeaKing

1°

Figure 5.2: AUV Sparus II used on the Underwater Cave Experiment. Source:
Reproduced from [5].

The full dataset is publicly available and was distributed by its authors as two separate
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ROS bag files': full_dataset.bag (395 MB), containing all sensor data except the camera,
and sparus_camera.bag (3.3 GB), containing the visual data stream. For the purposes of
this dissertation, these two files were merged into a single, chronologically-ordered rosbag
named merged_sparus_data.bag. The final merged dataset has a duration of 32 minutes
and 35 seconds and comprises a total of 690,649 messages. This comprehensive dataset
provided all the necessary inputs for our experiments, including 9,774 raw image messages
(/camera/image_raw), 19,965 inertial messages from the high-fidelity ADIS16480 IMU
(/imu_adis_ros), and 258,905 transform messages (/tf) that define the vehicle’s static
sensor extrinsic calibrations, enabling a meticulous and repeatable setup for the ORB-

SLAMS3 baseline and the proposed neocortical-inspired framework.

5.2 The Underwater Cave Transformed Database

To specifically test long-term robustness and resilience to subtle visual changes during
repeated traversals, we created the Underwater Cave Transformed Database. This
involved a process of re-structuring the original dataset to simulate a longer, more chal-
lenging trajectory. Using custom scripts, segments of the original data were concatenated
to create a new path where the AUV passes through two distinct areas multiple times. The
resulting trajectory contains nine sequential segments, including three consecutive loops
in a first area (“Ellipse”) followed by three consecutive loops in a second area (“Cave 27),
connected by transition paths.

The core of the innovation lies in comprehensive data synthesis for repeated loops.
While the first loop in each area uses the original, unaltered sensor data, the second and

third loops were modified to simulate challenges of long-term autonomy:

e Visual Transformation: Each image in the second and third loops was program-
matically altered, subjected to random horizontal translations (mean of 5%=+1% of
image width) and rotations (mean of 0°+0.5°). This process, illustrated in Fig-
ures 5.3 and 5.4, creates a scenario where the system must recognize previously

visited locations despite viewpoint drift.

e Comprehensive Sensor Data Synthesis: The full suite of sensor readings from
the first loop of each area—including proprioceptive data from the IMU and DVL,
and exteroceptive data from the depth sensor and the two imaging sonars—was
replicated and synchronized with the odometry of the subsequent loops. This ensures
that all sensor streams correspond consistently to the repeated path, producing a rich
dataset suitable for evaluating multimodal fusion architectures such as POSEIDON
NAV.

The resulting synthetic benchmark is packaged as a single ROS bag file: underwater_-

https://cirs.udg.edu/caves-dataset/
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(a) First pass (b) Second pass (c) Third pass

Figure 5.3: Examples of the programmed visual transformations applied to create
the Underwater Cave Transformed Database. The first column shows original images
(Looping Area 1). The second and third columns show subsequent passes after
applying random translations and rotations. This simulates viewpoint variations
inherent in multi-session navigation. Source: Author’s own creation based on [5].

(a) First pass (b) Second pass (c) Third pass

Figure 5.4: Examples of the programmed visual transformations applied to create
the Underwater Cave Transformed Database. The first column shows original images
(Looping Area 2). The second and third columns show subsequent passes after
applying random translations and rotations. Source: Author’s own creation based
on [5].
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cave_transformed_database.bag®. This 6.4 GB dataset spans a simulated trajectory of
1 hour, 0 minutes, and 22 seconds (3,622 s) and comprises 557,185 messages. It provides
a comprehensive suite of synchronized streams structured for SLAM evaluation, including:
(i) 18,115 visual frames (/image_raw, /image_compressed); (ii) 36,998 IMU and 36,998
odometry messages; (iii) 97,473 SeaKing and 45,586 Micron sonar scans; (iv) 19,548 depth
readings and 5,562 DVL messages; and (v) 258,831 /tf messages.

5.3 System Implementation and Evaluation Metrics

5.3.1 ORB-SLAMS3 System Configuration

The experimental validation pipeline was implemented within the Robot Operating System
(ROS) framework. To establish a state-of-the-art geometric baseline, ORB-SLAMS3 was
executed in Monocular-Inertial mode on the Transformed Database. The system was
configured using sparus_final_calib.yaml, following published dataset specifications.
Intrinsics and distortion parameters matched the calibration contained in the ROS bags.
The extrinsic transform between camera and the ADIS16480 IMU (Tbc) was configured
based on offsets reported by MALLIOS et al. [6]. The IMU noise model parameters were
set to typical MEMS values to satisfy the tightly coupled MAP optimization assumptions
[4]. To maximize feature detection in underwater imagery, ORB extractor parameters were
tuned by increasing the number of features and lowering FAST thresholds.

This configuration included:

e Camera Model: Pin-hole intrinsics and distortion parameters consistent with the
dataset, at 384 x288 and 4 Hz.

e Visual-Inertial Setup: Tbc from MALLIOS et al. [6]; IMU noise parameters (Nois-
eGyro: 1.7e-4, NoiseAcc: 2.0e-3, GyroWalk: 1.9e-5, AccWalk: 3.0e-3) aligned with

sensor specifications [4].

e Feature Extraction Adaptation: nFeatures=3200, iniThFAST=5, minThFAST=3

to increase the probability of detecting stable corners in low-contrast scenes.

5.3.2 NeoSLAM System Configuration

The NeoSLAM system was implemented in ROS as detailed in Chapter 3. Parameters
in Table 5.1 were configured based on Hierarchical Temporal Memory (HTM) principles
[70]. In the Spatial Pooler, columnDimensions=2048 sets the SDR dimensionality (n), and
numActiveColumnsPerInhArea—20 fixes the sparsity (w = 20) at approximately 1%. In
the Temporal Memory, cellsPerColumn=40 enables high-order sequence representations;
activationThreshold=5 supports predictive states under partial evidence; and perma-

nence dynamics were chosen for stable gradual learning [70].

’https://drive.google.com/drive/folders/1jg4BppsiaAlIWiiR8cBKY_v8jA6f-zsI7usp=
sharing
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Table 5.1: NeoSLAM algorithm configurations for the Underwater Cave Trans-
formed Database, with parameter descriptions grounded in HTM theory.

Spatial Pooler Configuration

Parameter Value | Description

inputDimensions 2048 | Dimensionality of the input SDR
from the CNN encoder.

columnDimensions 2048 | Dimensionality (n) of the output

SDR; total number of columns.

potentialRadius 600 | Receptive field for each column’s

potential synapses.

numActiveColumnsPerInhArea | 20 | Number of winning columns (w);

controls sparsity (~1%).

globallnhibition True | Global competition across the

layer for higher performance.

Temporal Memory Configuration

Parameter Value | Description

columnDimensions 2048 | Total number of columns in the
TM layer.

cellsPerColumn 40 Cells per column; enables high-

order temporal contexts.

activationThreshold 5 Active synapses required to trig-

ger predictive state.

initialPermanence 0.55 | Initial permanence for new
synapses.
connectedPermanence 0.5 Permanence threshold for con-

nected synapses.

maxNewSynapseCount 20 Max new synapses grown per
step.

permanencelncrement 0.008 | Reinforcement rate for correct
predictions.

permanenceDecrement 0.012 | Punishment rate for incorrect
predictions.

5.3.3 Precision—Recall Curve

To quantitatively evaluate loop-closure detection performance, we use standard metrics

from Visual Place Recognition :
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e Precision (P):
TP

P= TP+ FP (5.1)
e Recall (R): p

R = TP FN (5.2)
e F1-Score:

Fl= 2]'3]:}5 (5.3)

5.4 Results and Analysis

This section presents comparative results against state-of-the-art baselines. We first docu-
ment the failure modes of ORB-SLAM3 and RatSLAM on our underwater benchmark. We
then present successful results obtained by NeoSLAM with two CNN front-ends (AlexNet-
conv3d and ShuffleNetV2 x1.0). Finally, we report PoseidonSLAM results (NeoSLAM-
derived topological mapping integrated in POSEIDON NAV') with a targeted ablation
(VPR Guard ON vs OFF) focused on 3D topological map stability and event—evidence
traceability.

5.4.1 ORB-SLAM3 Monocular-Inertial Failure Analysis

To establish a rigorous baseline, we evaluated ORB-SLAM3 [4] in Monocular-Inertial mode
on the Transformed Database using the tuned sparus_final_calib.yaml. Despite these
optimizations, the system failed to process the full trajectory. ORB-SLAMS3 initializes
and begins tracking, but experiences catastrophic tracking failure in visually degraded and
repetitive sections. Figure 5.5 illustrates a representative moment where the front-end
cannot extract and match a sufficient number of stable ORB features from turbid, low-
contrast imagery. The system enters a “LOST” state and cannot produce a coherent map
or trajectory.

This result empirically confirms the limitations of feature-based methods in perceptu-
ally challenging underwater environments. The failure mechanism aligns with the known
sensitivity of ORB-SLAM3 in low-texture scenes [4]. This establishes a clear benchmark:
even a geometry-based system fused with inertial data collapses due to brittleness of the

visual front-end.

5.4.2 RatSLAM Visual-Inertial Failure Analysis

As a canonical bio-inspired baseline, we adopted RatSLAM as implemented in OpenRat-
SLAM. The system comprises a Local View module for template-based place recognition,
a Pose Cell continuous-attractor network for path integration, and a topological Experi-
ence Map for global consistency. We followed established tuning procedures that prioritize

the visual front-end [8]. Given the challenging underwater imagery (low texture, variable
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Figure 5.5: Catastrophic tracking failure of ORB-SLAM3 Monocular-Inertial
on the Underwater Cave Transformed Database. The main window shows the system
in a “LOST” state (left). The map viewer (right) shows an incomplete and incoherent
trajectory generated before failure. Source: The author.

illumination, perceptual aliasing), our configuration ratslam_irataus.yaml was designed
to (i) bias templates toward the seabed by cropping (image_crop_y_min=120); (ii) enable
global and local patch normalization (vt_normalisation=0.4, vt_patch_normalise=3);
(iii) enforce a restrictive matching threshold (vt_match_threshold=0.018); and (iv) reduce
brittle relocalizations by lowering visual injection energy (pc_vt_inject_energy—0.14).
Under the tuning protocol adopted in this study, OpenRatSLAM still could not pro-
duce a coherent map. The Experience Map collapses into a topologically inconsistent
structure due to repeated false matches between visually similar but distinct locations.
This highlights that SAD-based low-resolution templates remain fundamentally fragile in

this underwater setting.

5.4.3 NeoSLAM: Successful and Robust Visual Place Recog-
nition

In contrast to the baseline failures, NeoSLAM successfully processed the full trajectory and

produced a coherent topological map. Figures 5.7 and 5.8 show live outputs for AlexNet-

convd and ShuffleNetV2 x1.0 front-ends. In both cases, the Pose Cell activity packet

remains stable while an Experience Map is constructed, overcoming the tracking loss and

map collapse that affected ORB-SLAM3 and RatSLAM.

Visual Similarity and Place Recognition

The first quantitative evidence of NeoSLAM’s perceptual robustness is given by similarity
matrices (Figures 5.9 and 5.10), which visualize pairwise similarity across frames. The
AlexNet-conv3 matrix (Figure 5.9) exhibits more off-diagonal noise, indicating higher risk

of perceptual aliasing. In contrast, ShuffleNetV2 (Figure 5.10) shows cleaner off-diagonals,
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Figure 5.6: Catastrophic mapping failure of OpenRatSLAM on the Underwater
Cave Transformed Database. The Experience Map (right) fails to converge, col-
lapsing into a tangled, topologically incoherent graph. The Local View (left) shows
ambiguous, low-feature imagery that drives unreliable place recognition. Source:
The author.

Figure 5.7: Successful execution of NeoSLAM on the Underwater Cave Transformed
Database with the AlexNet-conv3 front-end. The system produces a coherent Ex-
perience Map by maintaining stable Pose Cell dynamics. Source: The author.
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openRatSLAM Experience Map

Figure 5.8: Successful execution of NeoSLAM with the ShufleNetV2 x1.0 front-end.
The resulting Experience Map is visibly more coherent in looped regions, suggesting
improved perceptual discrimination. Source: The author.

supporting more selective place matches.

Landmark Creation and Loop Closure Detection

View Cell plots (Figures 5.11 and 5.12) visualize landmark creation (blue crosses) and
loop closures (red circles). AlexNet-conv3 produced 2,842 view cells and detected 147
loop closures (Figure 5.11). ShuffleNetV2 produced fewer view cells (2,471) but detected

substantially more loop closures (266), evidencing improved perceptual efficiency.

Trajectory Correction

Figures 5.13 and 5.14 show final trajectories. Both configurations correct significant odom-
etry drift (blue) to produce coherent topological maps (red), but ShuffleNetV2 yields more

frequent corrections due to higher loop-closure yield.

Ground Truth for Performance Evaluation

Ground truth (GT) matrices (Figures 5.15 and 5.16) define ideal loop closures based on the
known, pre-programmed trajectory of the transformed dataset. They enable classification
of detections into TP /FP/FN for P-R computation. Separate GT matrices are generated

per experiment to match the number of view cells.
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Similarity Matrix - CNN AlexNet-conv3
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Figure 5.9: Similarity matrix for the AlexNet-conv3 front-end. Increased off-
diagonal noise suggests a higher potential for ambiguous place matches. Source:
The author.

Similarity Matrix - CNN ShuffleNetV2 x1.0
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Figure 5.10: Similarity matrix for ShuffleNetV2 x1.0. Reduced off-diagonal noise
relative to Figure 5.9 indicates fewer ambiguous matches and higher discriminative
power. Source: The author.
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View Cells - NeoSLAM with CNN AlexNet-conv3 integrated
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Figure 5.11: View Cells generated with AlexNet-conv3. The plot shows new tem-
plates (blue crosses) and detected loop closures (red circles). Source: The author.
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Figure 5.12: View Cells generated with ShuffleNetV2 x1.0. The higher number of
loop closures from a smaller set of landmarks indicates greater perceptual efficiency.
Source: The author.
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Experience Map - NeoSLAM with CNN AlexNet-conv3 integrated
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Figure 5.13: Final trajectory with AlexNet-conv3. The system corrects raw odom-
etry drift to produce a coherent topological map. Source: The author.

Experience Map - NeoSLAM with CNN ShuffleNetV2 x1.0 integrated
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Figure 5.14: Final trajectory with ShuffleNetV2 x1.0. Increased loop closures yield
visibly more stable loop geometry compared to Figure 5.13. Source: The author.
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Figure 5.15: Ground truth matrix for AlexNet-conv3. Bright off-diagonal bands
represent correct loop-closure opportunities based on the known trajectory. Source:
The author.

Figure 5.16: Ground truth matrix for ShufleNetV2 x1.0, used to evaluate precision
and recall of loop-closure detections. Source: The author.
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Precision—Recall Analysis

Precision—Recall curves (Figures 5.17 and 5.18) provide the definitive quantitative com-
parison of loop-closure detection. Both configurations achieve near-perfect precision
(AlexNet: 0.996, ShuffleNetV2: 0.997), indicating that false positives are rare—a crit-
ical requirement for preventing map corruption. At the operating point used to compute
summary statistics, the ShuffleNetV2 configuration achieves a higher F1-score (F1=0.010)
than AlexNet-conv3 (F1=0.008), reflecting improved balance between precision and recall

under this challenging, aliasing-prone scenario.

Precision-Recall Curve

Figure 5.17: Precision—Recall curve for NeoSLAM using AlexNet-conv3. Source:
The author.

Precision-Recall Curve

Figure 5.18: Precision—Recall curve for NeoSLAM using ShuffleNetV2 x1.0. The
higher Fl-score indicates a better balance of reliability and sensitivity relative to
Figure 5.17. Source: The author.

5.4.4 PoseidonSLAM: VPR Guard ON vs OFF Ablation

This subsection incorporates the PoseidonSLAM results. The objective is not to claim

full localization accuracy; instead, we (i) validate traceability between each topological
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event and its corresponding perceptual evidence, and (ii) quantify how the VPR Guard
mechanism modulates topological sampling density and 3D map stability proxies.
The comparison uses the same descriptor source (tm) in both regimes and an event-image

audit tolerance (slop_sec) of 0.750 s.

Audit of Event—Evidence Correspondence

PoseidonSLAM emits an experience creation event (/experience_event) alongside an as-
sociated perceptual evidence message (/experience_image). We audited the one-to-one
correspondence between these topics to ensure that every topological update can be traced
to a unique sensory snapshot. The audit achieves perfect association in both ablations:
precision = recall = F1 = 1.000, with no missing events or missing images. This result is
essential for experimental rigor because it guarantees that any differences in map structure
are attributable to algorithmic choices (e.g., VPR Guard gating) rather than logging or

synchronization artifacts.

Loop-Closure Evidence by GT Distance

To classify each accepted loop closure, we compute the GT distance dgt = ||current —
Zmatched||2 between the GT marker positions associated with the current and matched
experience IDs. We adopt di,, = 5.0 m: acceptances with dgy < diy,, are labeled TP;
otherwise FP. Tables 5.2 and 5.3 summarize the accepted events. VPR Guard ON yields
2 TPs; VPR Guard OFF yields only FPs.

event seq current_exp matched exp dgt (m) current gt (X,y,2) matched _gt (x,y,z) Label
520 520 136 2.213 (-38.948, 52.478, 16.738) (-39.709, 50.781, 15.539) TP
555 555 91 1.765 (-26.074, 36.799, 15.347) (-24.716, 37.865, 14.983) TP

Table 5.2: Accepted loop closures for VPR Guard ON. Both events satisfy dg <
5.0 m.

Table 5.3: Accepted loop closures for VPR Guard OFF. All events exceed dg; = 5.0 m
and are labeled FP.

event seq current exp matched exp dgt (m) current gt (x,y,z) matched gt (x,y,z) Label
805 805 493 7.625 (-83.555, 43.875, 8.100) (-76.321, 45.342, 10.012) FP
884 884 370 15.491 (-68.006, 48.150, 11.980) (-52.950, 48.319, 15.623) FP
923 923 363 10.325 (-61.102, 51.251, 13.512) (-51.491, 48.218, 15.756) FP
945 945 307 16.927 (-56.619, 53.361, 14.202) (-39.960, 50.707, 15.597) FP
985 985 212 28.380 (-48.624, 56.200, 15.599) (-24.972, 40.531, 14.897) FP
1155 1155 283 36.777 (-60.248, 76.265, 16.494) (-34.615, 49.933, 15.007) FP
1181 1181 370 31.573 (-59.362, 79.222, 14.785) (-52.950, 48.319, 15.623) FP
1209 1209 332 33.077 (-56.008, 80.670, 15.269) (-45.098, 49.459, 16.227) FP
1240 1240 388 33.509 (-49.382, 80.784, 16.730) (-56.756, 48.133, 15.181) FP
1268 1268 388 35.594 (-43.758, 81.168, 17.753) (-56.756, 48.133, 15.181) FP
1288 1288 332 31.139 (-38.962, 79.922, 18.224) (-45.098, 49.459, 16.227) FP
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Table 5.3 (continued)

event seq current exp matched exp dgt (m) current gt (x,y,z) matched gt (x,y,z) Label
1335 1335 1025 18.263 (-32.769, 75.134, 19.016) (-41.644, 59.272, 17.234) FP
2174 2174 1920 8.618 (-49.512, 5.101, 8.883) (-54.561, -1.507, 6.620) FP
2213 2213 1781 14.409 (-40.751, 6.282, 10.536) (-26.853, 9.243, 12.917) FP

Topological Sampling Rate and Graph Size

Table 5.4 summarizes the core ON/OFF metrics extracted from the comparison outputs in
compare_plots_223758_vs_231839/paper_outputs. Disabling the guard increases event
density from 0.404 Hz (ON) to 1.239 Hz (OFF), producing a substantially larger graph
(786 vs 2,413 nodes and 786 vs 2,414 edges). The mean degree remains ~2.0 in both cases,
consistent with a predominantly chain-like incremental topology in which loop-closure con-

straints primarily warp the map geometry rather than increasing average connectivity.

Table 5.4: PoseidonSLAM ablation study (VPR Guard ON vs OFF): core audit
metrics, sampling density, and best-effort stability proxies (association metrics; not
a substitute for full localization evaluation). Values extracted from the comparison
outputs.

Metric VPR Guard ON | VPR Guard OFF
Event density (events/s) 0.403721 1.238656
Nodes/Edges (final) 786 / 786 2413 / 2414
Mean degree (final) 2.000000 2.000829
Audit F1 (event<»image) 1.000000 1.000000
Alyea) mean / max (s) 0.020634 / 0.236000 | 0.020082 / 0.256000
VPR window ok _ratio 0.258289 0.248225

Span norm ratio MAP/ODOM 0.981359 1.018186
Volume ratio MAP/ODOM 0.947524 0.921947
End-disp ratio MAP/ODOM 5.041357 4.534118
Span norm ratio MAP/GT 0.922785 0.950239
Volume ratio MAP/GT 0.842433 0.809499
End-disp ratio MAP/GT 0.864895 0.752254

3D Trajectory and Topological Geometry (Qualitative)

Figures 5.19 and 5.20 provide qualitative comparisons against ground truth and dead reck-
oning. For transparency and reproducibility of the qualitative assessment, companion
videos of the full PoseidonSLAM runs under VPR Guard ON and VPR Guard OFF
are provided online®. The 3D overlay (Figure 5.19) shows that both PoseidonSLAM con-
figurations alter the dead-reckoning trajectory, but the VPR Guard ON mode yields a

trajectory that remains visually closer to the ground-truth structure in key regions, while

3https://youtu.be/dX24Jc5Gj-8 (VPR Guard ON) and https://youtu.be/efMvf-D91qo
(VPR Guard OFF)
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VPR Guard OFF exhibits larger deviations in segments where perceptual aliasing and
dense event emission may amplify inconsistent corrections. The planar projections (Fig-
ure 5.20) disentangle this effect across XY, XZ, and YZ planes, revealing where corrections

occur predominantly in horizontal alignment versus vertical structure.

=== Ground Truth
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Figure 5.19: Three-dimensional trajectory comparison between ground truth
(green), dead reckoning (orange), and PoseidonSLAM with VPR Guard ON
(blue) and OFF (red). The overlay highlights how VPR Guard changes the sequence
of topological corrections applied to dead reckoning: VPR Guard ON produces a
less densely updated trajectory with visually closer adherence to the ground-truth
structure in key segments, whereas VPR Guard OFF shows larger deviations con-

sistent with denser event emission.

To isolate the final topological snapshot under each regime, Figure 5.21 overlays the
final PoseidonSLAM map, dead reckoning, and ground truth separately for VPR Guard
ON and VPR Guard OFF. The visual density difference is consistent with event-count
statistics: VPR Guard OFF produces a denser trace with more frequent experience inser-
tions, whereas VPR Guard ON yields a sparser topological sampling while preserving a

non-collapsed 3D structure.

Map Deformation Proxies and Stability Trade-offs

To quantify structural effects beyond visual inspection, we report best-effort deformation

proxies (Table 5.4). Ratios such as span norms and volumes compare the global extent
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Figure 5.20: Planar projections of map embeddings (proxy; not time-aligned). The
XY projection emphasizes horizontal alignment and loop geometry; X7 and YZ
projections reveal how vertical structure differs between dead reckoning and Posei-
donSLAM corrections. These views support qualitative assessment of where each
ablation concentrates corrections and where drift remains.

ap map
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—— ground_truth —— ground_truth

(a) VPR Guard ON (b) VPR Guard OFF

Figure 5.21: Final 3D topology overlays for PoseidonSLAM under VPR Guard ON
and OFF. Each subplot overlays the final map estimate, dead reckoning, and
ground truth. The OFF mode exhibits a visually denser trace consistent with
higher event density and larger graph size, while the ON mode yields a sparser
topological sampling without collapse indicators.
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of the final map against reference trajectories (odometry or ground truth). Both regimes
remain close to reference scale (span norm ratios near 1) and do not exhibit collapse
(span-drop ratios at or near 1). However, VPR Guard ON yields a higher volume ratio
MAP/ODOM (0.948 vs 0.922), i.e., a less compact spatial envelope relative to odometry,
and a higher end-displacement ratio MAP/ODOM (5.041 vs 4.534), indicating stronger
endpoint deviation relative to odometry.

This trade-off is summarized in the stability scatter (Figure 5.22b), which places each
mode in the plane of (volume ratio, end-displacement ratio). The plot highlights that VPR
Guard OFF preserves a larger volumetric spread (closer to odometry) while exhibiting a
lower endpoint discrepancy, whereas VPR Guard ON compresses the volume more strongly
while increasing endpoint deviation. Importantly, these are structural prozies of topological

map deformation and should not be conflated with standard localization error metrics.

Event Density vs. GT Alignment and Effective Rate

Figure 5.22a relates event density to a GT-based span-norm ratio. The VPR Guard OFF
mode achieves higher span-norm ratio MAP/GT (0.950 vs 0.923) but at substantially
higher event rate. Thus, within this proxy, the ablation suggests a sampling trade-off:
denser topological updates may marginally improve global alignment to GT while increas-

ing computational and representation cost (graph size).

=~ 09541 @ VPRON > ® O VPRON
° VPR OFF Q 5.0 VPR OFF
o o
2 0.94 - o
! © 4.9+
3 v
i o9
‘9\ 0.93 <Et 48 -
Il |
= [ ] ;%
g 0.92 4 © 4.7
[ =
g ol
ﬁ\ 2
£ 0.91 - 3 4.6
& &
T T T T T T T T T T
0.4 0.6 0.8 1.0 1.2 0.92 0.93 0.94 0.95 0.96
events_per _sec (Hz) volume ratio MAP over ODOM

(a) Event density vs. GT alignment proxy (b) Volume vs. endpoint deformation proxy

Figure 5.22: Proxy scatters summarizing the ON/OFF trade-off. Left: higher event
density (OFF) corresponds to a slightly higher span-norm ratio MAP/GT but at
substantially increased sampling rate. Right: VPR Guard ON yields a more compact
map volume relative to odometry, while VPR Guard OFF preserves a larger volume
ratio and exhibits a lower end-displacement ratio. These are structural proxies and
do not replace standard localization metrics.

We also report the implied effective rate derived from the mean bag-time spacing
statistic (Atreal,mean) between matched event-image pairs. Inverting this quantity yields
an effective message-rate prozy of approximately 49.8 Hz (OFF) versus 48.5 Hz (ON),
plotted in Figure 5.23. This quantity should be interpreted as a rate proxy tied to the

temporal spacing of the processed stream, not as a hardware-benchmark of compute time.
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Figure 5.23: Implied effective rate proxy computed as 1/At;cal mean, Where Atyeal mean
is the mean bag-time spacing statistic reported by the event-image audit. OFF
yields a higher implied rate than ON, consistent with denser event emission. This
plot should be interpreted as a stream-rate proxy rather than a hardware runtime
benchmark.

Proxy Spatial Deviation (Map Embedding vs. GT Marker)

Although the primary focus of PoseidonSLAM is topological stability rather than full met-
ric localization, we include proxy spatial deviation plots computed from map/marker
embeddings (not time-aligned) as qualitative diagnostics. Figure 5.24a shows the temporal
evolution of this proxy: VPR Guard OFF reaches larger deviations and exhibits spikes,
while VPR Guard ON remains lower and smoother. Figure 5.24b summarizes the proxy
distribution.

Figure 5.25 projects the same proxy deviation onto the XY plane, indicating regions

where the embedding deviation concentrates.

5.5 Discussion of Experimental Findings

The experiments support three main conclusions.

(1) Baseline fragility in underwater perception. ORB-SLAMS3 fails catastroph-
ically due to the lack of stable, repeatable features in turbid, low-texture imagery. Open-
RatSLAM, despite principled tuning, collapses under perceptual aliasing, demonstrating
that SAD-based template matching is brittle in this domain.

(2) Neocortical-inspired perception enables robust topological mapping.
NeoSLAM successfully constructs a coherent Experience Map over the full trajectory. Sim-
ilarity matrices, View Cell statistics, and trajectory plots indicate that the CNN front-end
critically affects perceptual discriminability. ShufleNetV2 x1.0 produces fewer landmarks

yet more loop closures than AlexNet-conv3, evidencing improved efficiency and robustness.
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Fig. 6 — Proxy spatial deviation (map embedding vs GT marker)
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(a) Proxy spatial deviation over time index (map embedding vs. GT marker; not time-
aligned)

Fig. 7 — Proxy deviation distribution
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Figure 5.24: Proxy spatial deviation computed from map/marker embeddings (not
time-aligned). These plots are qualitative and do not represent true ATE.
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Figure 5.25: Spatial distribution of proxy deviation on the XY plane for (left) dead
reckoning marker, (middle) PoseidonSLAM VPR Guard OFF, and (right) Poseidon-
SLAM VPR Guard ON.
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(3) PoseidonSLAM VPR Guard regulates sampling and reveals stability
trade-offs. The PoseidonSLAM ablation demonstrates that enabling the VPR Guard
reduces event density by approximately 63% and produces a much smaller graph while
preserving perfect event—evidence traceability (audit F1=1.0). Stability proxies show that
both regimes avoid collapse, but they occupy different regions in the (volume, endpoint
deformation) plane. This suggests that the guard can be used as a topological sampling
regulator, allowing practitioners to trade graph compactness and correction aggressiveness

against denser sampling and slightly different global alignment behavior.

5.5.1 Computational Efficiency as a Driver for Perceptual

Robustness

ShufleNetV2 was designed around practical efficiency guidelines that reduce memory ac-
cess cost and fragmentation [12]. Our results suggest that such efficiency can correlate with
more discriminative features in degraded imagery, improving loop-closure yield and stabi-
lizing the downstream topological map. This reinforces the design principle that perceptual

robustness can emerge from architectural intelligence rather than brute-force capacity.

5.5.2 Implications for Bio-Inspired SLAM System Design

These findings emphasize co-design of the perceptual front-end and spatial memory back-
end. The hippocampal-inspired Pose Cells and Experience Map provide a robust substrate
for spatial memory [8], but overall performance remains strongly conditioned on perceptual
input quality. PoseidonSLAM extends this pipeline by explicitly auditing event—evidence
correspondence and introducing a VPR Guard that controls when new experiences are
committed. This combination is particularly relevant for long-term underwater auton-
omy, where perceptual aliasing and intermittent sensing can otherwise corrupt topological

memory.
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Chapter 6
Conclusion

This final chapter synthesizes the contributions of this dissertation and positions them
within the broader context of underwater robotic autonomy. We consolidate the key em-
pirical findings, articulate the scope and limitations of the validation, and outline a research

agenda that builds directly upon the methods, artifacts, and insights established herein.

6.1 Concluding Remarks

This dissertation addressed the critical challenge of long-term SLAM in perceptually de-
graded, GPS-denied underwater environments, where navigation must remain reliable
despite turbidity, low texture, illumination variability, and strong perceptual aliasing.
Through a combination of conceptual analysis and empirical evaluation, we demonstrated
that the two dominant families of SLAM approaches exhibit fundamental failure modes
under such conditions. On the one hand, state-of-the-art geometric methods (represented
by ORB-SLAM3) are vulnerable to catastrophic breakdown when their discrete feature
detection and matching assumptions are violated by visually ambiguous imagery [4]. On
the other hand, canonical bio-inspired approaches (exemplified by RatSLAM) may also
collapse, since low-resolution template matching remains brittle in the presence of extreme
aliasing, leading to topologically incoherent maps [8].

The central hypothesis investigated in this dissertation is that a neocortical-inspired
sequence-processing mechanism can mitigate these dual limitations by providing a represen-
tational substrate that is intrinsically robust to ambiguous instantaneous observations. The
experimental results support this hypothesis: using a challenging transformed benchmark
derived from a real underwater cave experiment, we showed that the proposed NeoSLAM
framework sustains coherent topological mapping in conditions where both ORB-SLAM3
and RatSLAM fail. NeoSLAM leverages Hierarchical Temporal Memory principles and
Sparse Distributed Representations to explicitly encode temporal context and sequence
consistency, thereby reducing susceptibility to perceptual aliasing and short-lived appear-
ance changes [70].

Beyond demonstrating robustness at the architectural level, this dissertation pro-
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vided quantitative evidence that the choice of visual front-end critically affects long-term
place recognition and loop-closure yield. In particular, the comparative analysis between
AlexNet-conv3 and ShuffleNetV2 x1.0 indicated that the lightweight ShufleNetV2 front-
end achieved a superior balance of precision and recall (as reflected by the reported F1-
score improvement), resulting in more consistent loop-closure opportunities and a more
stable final map. This observation supports an important design implication: in degraded
domains, computational efficiency in the perceptual front-end is not merely a practical
constraint, but can correlate with improved discriminability and robustness when coupled
to a temporally grounded back-end [12].

Crucially, the dissertation advances from ‘“visual-only” robustness toward Visual-
Inertial-Acoustic Underwater SLAM by incorporating PoseidonSLAM as the applied,
system-level instantiation of the POSEIDON NAV principles. The PoseidonSLAM results
demonstrate traceable, audit-consistent coupling between topological events and percep-
tual evidence (F1=1.0) and quantify how experience gating modulates graph growth and
event density (0.404 Hz and 786/786 nodes/edges with VPR Guard ON versus 1.239 Hz
and 2413/2414 nodes/edges with OFF'). Importantly, loop-closure evidence classified by
GT distance shows VPR Guard ON yielding 2 TP and 0 FP (dg < 5.0 m), while OFF
yields 14 FP (dgt > 5.0 m). These outcomes matter for VIA SLAM because they show
that controlled experience insertion can regulate event density and graph size while pre-
venting spurious visual matches from propagating as destabilizing constraints in the fused
estimate.

Finally, this dissertation introduced the POSEIDON NAV Project as a comprehensive
architectural direction for robust underwater autonomy. POSEIDON NAV formalizes the
synergistic combination of (i) neocortical-inspired temporal verification, (ii) efficient deep
visual descriptors, and (iii) multimodal priors (inertial and acoustic) to realize robust
long-term mapping and navigation in 3D. Within this framing, NeoSLAM provides the
core temporal reasoning substrate, while PoseidonSLAM operationalizes these principles

in a system context aligned with Visual-Inertial-Acoustic Underwater SLAM.

6.2 Summary of Contributions

The contributions of this dissertation can be summarized as follows:

1. A transformed underwater benchmark for long-term robustness evalua-
tion. We curated, merged, and re-structured a real underwater cave dataset into
a transformed multi-loop benchmark that simulates repeated traversals under con-
trolled viewpoint perturbations, enabling systematic evaluation of long-term VPR

and loop-closure robustness.

2. A neocortical-inspired Visual SLAM framework (NeoSLAM) validated
under underwater perceptual degradation. We implemented and evaluated

NeoSLAM using HTM /SDR principles, demonstrating coherent topological mapping
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where a geometric baseline (ORB-SLAM3) and a canonical bio-inspired baseline
(RatSLAM) fail.

3. A controlled comparison of CNN front-ends for temporally grounded
VPR. We compared AlexNet-conv3 and ShuffleNetV2 x1.0 as perceptual encoders,
quantitatively linking front-end choice to loop-closure yield and downstream map
stability.

4. POSEIDON NAYV as an architectural pathway toward 3D multimodal
autonomy. We introduced POSEIDON NAV as a modular system direction for
extending neocortical-inspired VPR and topological mapping into 3D and into a

visual-inertial-acoustic navigation stack.

5. PoseidonSLAM as a system-level validation aligned with VIA Underwa-
ter SLAM. We incorporated an event—evidence audit (traceability), a guard-based
experience insertion policy (VPR Guard), and stability-focused metrics/visualiza-
tions, reporting ablation results that characterize how experience gating modulates
event density, graph growth, and loop-closure integrity: VPR Guard ON yields 2
TP and 0 FP, whereas OFF yields 14 FP (all with dg > 5.0 m).

6.3 Limitations

Academic rigor requires that the scope of the conclusions be bounded by the limitations

of the evaluation. The principal limitations of this dissertation are:

e Dataset scope and generalization. Although the benchmark originates from
a real underwater experiment, the transformed long-term scenario relies on pro-
grammatic loop replication and controlled viewpoint perturbations. The conclusions
therefore pertain to a well-defined class of appearance variations and should be fur-

ther tested across diverse underwater environments, sensors, and mission profiles.

e Software-in-the-loop experimental validation The evaluation was conducted
through a software-in-the-loop protocol with prerecorded ROS bag streams and
transformed benchmark artifacts. It does not fully model real vehicle dynamics,
complex sensor noise characteristics (e.g., IMU/DVL biases and scale drift), com-
munication delays, or environmental factors such as suspended particles, severe light-
ing changes, occlusions, scale variations, and motion-blur effects that occur in field

deployments.

e Topological emphasis and bounded metric claims. The dissertation’s primary
claim concerns perceptual robustness, sequence verification, and coherent topologi-
cal mapping. The reported stability proxies (span/volume/end-displacement ratios)
and proxy spatial-deviation plots (map embedding vs GT, not time-aligned) do not

constitute a complete metric SLAM accuracy assessment.
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e Visual-Inertial-Acoustic coupling is supported, but not exhaustively
benchmarked. PoseidonSLAM demonstrates solid results consistent with VIA
operation and provides evidence that visual constraint injection can be audited
and regulated. However, the dissertation does not yet deliver a full, tightly con-
trolled benchmarking campaign that isolates the individual contribution of inertial
and acoustic modalities (e.g., ablations for IMU-only, acoustic-only, and full VIA),
nor does it provide complete calibration/latency sensitivity analyses under varied

field conditions.

e Runtime characterization is indicative rather than hardware-grounded.
The reported FPS proxy derived from bag-time spacing reflects stream timing char-
acteristics and relative throughput under the logging conditions; it should not be
interpreted as a controlled compute-time benchmark across heterogeneous onboard

platforms.

6.4 Future Work

The findings and limitations of this dissertation motivate a concrete research agenda aimed
at transitioning the presented framework from a robust proof-of-concept into a field-ready

solution for visual-inertial-acoustic underwater autonomy.

(1) Large-scale validation across datasets and conditions. A first priority
is replicating the evaluation on multiple underwater datasets (different caves, reefs, and
infrastructure sites), including multi-session data when available. This should include sta-
tistically grounded reporting (multiple runs, confidence intervals, and sensitivity analyses)

to quantify robustness and failure boundaries.

(2) Full Visual-Inertial-Acoustic benchmarking and modality ablations.
To substantiate the VIA claim rigorously, future work should execute a structured evalu-
ation protocol that includes: (i) visual-only, (ii) visual-inertial, (iii) visual-acoustic, and
(iv) full visual-inertial-acoustic configurations, under matched datasets and identical loop-
closure policies. This should be complemented by calibration and synchronization studies
(time offsets, clock drift, latency) to quantify how fusion quality depends on real sensor

timing.

(3) Systematic evaluation and design of VPR Guard policies. Beyond
ON/OFF ablation, future work should investigate adaptive experience gating policies that
respond to uncertainty, novelty, and sequence-consistency scores. The evaluation should
report how gating affects false positives, graph growth, map deformation, and downstream

state-estimation stability in the fused VIA pipeline.
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(4) Hybrid perceptual architectures for higher recall without sacrificing
precision. To address persistent low recall in severely degraded underwater imagery,
future research should explore hybrid VPR pipelines: high-recall candidate generation us-
ing stronger global descriptors or foundation models, followed by NeoSLAM-style temporal
verification for precision-preserving acceptance. Lightweight semantics (repeatable seabed
patterns, man-made structures, persistent landmarks) should be integrated as auxiliary

cues for disambiguation.

(5) Lifelong mapping and multi-map management in underwater mis-
sions. A long-term extension is to support lifelong SLAM, enabling map updates across
missions and environmental changes. Inspired by multi-map strategies such as Atlas-style
mapping [4], POSEIDON NAV should be extended to manage multiple map hypotheses,
merge compatible topological submaps, and retain long-term stability through selective

consolidation and forgetting mechanisms.

(6) Field deployment and closed-loop autonomy. The decisive validation step
is deployment on a physical AUV with real dynamics and noise sources. This includes
benchmarking end-to-end navigation performance in closed-loop operation (mission execu-
tion, revisitation, and return-to-start behaviors), evaluating resilience to disturbances and
dropouts, and quantifying practical autonomy metrics such as mission completion rate,

map reuse across days, and operational envelope in varying turbidity and lighting.

Additional future work should include: (i) an explicit OR vs. AND multimodal fusion
ablation; (ii) richer appearance perturbations in the transformed benchmark, including
illumination, particles, occlusions, and scale changes; and (iii) image-level qualitative in-
spection panels to document true positives, false positives, false negatives, and ambiguous
revisitation cases.

In summary, this dissertation provides evidence that neocortical-inspired temporal pro-
cessing, efficient visual descriptors, and controlled memory updates form a compelling
foundation for robust underwater SLAM. With the addition of PoseidonSLAM results, the
dissertation also supports a concrete and technically grounded pathway toward Visual-
Inertial-Acoustic Underwater SLAM: visual place recognition becomes auditable and reg-
ulatable under severe aliasing, enabling safer integration of loop-closure constraints into
multimodal fused estimates. This foundation positions POSEIDON NAV as a viable re-

search program toward persistent, long-term underwater autonomy.
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Appendix A

MATLAB Script for Visual Place

Recognition Stress Test

close all
clearvars
warning (’off’, ’*MATLAB:MKDIR:DirectoryExists?’);

% Define the desired experiment

% Available options:

% ’robotarium_ratslam?’, ’robotarium_neoslam’, ’corridor?,

% ’outdoor_afternoon’, ’outdoor_afternoon_ratslam’, ’irataus’,
% ’loop_3x_caverna02’, ’loop_3x_elipse’

exp = ’EXP_CNNShuffleNetV2x1l_O_recorded’; % Change as needed

filesSaved 0;

plotConfig

b
ratslam_var = O0;

Tt Tt tolotototototototototototo ot ol h el hhhe ol lolololoTo To To To To To To To To To To To To To To To 1o To 1o 1o 1o To To Yo Yo Yo Yo %o %o o
% Configuration based on selected experiment
Tttt totolototototoTotototototo ool loloToloToToTo To To To To To To To To To To To To To To To 7o To 1o 1o 1o 1o 1o 1o Yo 1o To Yo o o
switch exp
case ’robotarium_ratslam’
file = fullfile(’experiments’,
robotarium_ratslam’,
’ratslam_robotarium_features.bag’);
offsetl = 10;

offset2 = 20;

theta = -58;
figure2_process = 0;
ratslam_var = 1;

case ’robotarium_neoslam’
file = fullfile(’experiments’,

robotarium_neoslam’,
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32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

s

78

case

case

case

case

case

’_2023-09-23-18-38-24_0.bag’);
offsetl = 10;

offset2 = 20;

theta = -58;

figure2_process = 1;

ratslam_var = 0;
’corridor’

file = fullfile(’experiments’,
corridor’,
’_2023-04-25-13-09-50_0.bag’);
offsetl
offset2 = 1;
theta = 0;

I
[
.-

figure2_process = 0;
ratslam_var = 0;
outdoor_afternoon’

file = fullfile(’experiments’,
outdoor_afternoon’,
’_2023-09-29-10-10-04_0.bag’);
offsetl = 1;

offset2 = 1;

theta = 60;

figure2_process = 1;

ratslam_var = O0;
’outdoor_afternoon_ratslam’

file = fullfile(’experiments’,
outdoor_afternoon_ratslam’,

’>ratslam_outdoor_features.bag’);

I

offsetl 1;
offset2 = 1;
theta = 60;

]
o

figure2_process
ratslam_var = 1;
’irataus’
file = fullfile(’experiments’,
’irataus’,
’irataus_features_01.bag’);
offsetl 10;
offset2 20;
theta = -58;

figure2_process 1;
ratslam_var = 0;
EXP_CNNAlexNetConv3_recorded’
file = fullfile(’experiments’,
’underwater_cave’,

>EXP_CNNAlexNetConv3_recorded.bag’);
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79 offset2 = 1;

80 theta = 60;

81 figure2_process = 1;

82 filesSaved = 1;

83 plotConfig = 1;

84 ratslam_var = 1;

85 case ’EXP_CNNShuffleNetV2x1l_O_recorded’

86 file = fullfile(’experiments’,

87 ’underwater_cave’,

88 >EXP_CNNShuffleNetV2x1_0O_recorded.bag’);

89 offsetl = 1;

90 offset2 = 1;

91 theta = 60;

92 figure2_process = 1;

93 filesSaved = 1;

94 plotConfig = 1;

95 ratslam_var = 1;

96 case ’EXP_X_0DOM_recorded’

97 file = fullfile(’experiments’,

98 underwater_cave’,

99 >EXP_X_0DOM_recorded.bag’);

100 offsetl = 1;

101 offset2 = 1;

102 theta = 60;

103 figure2_process = 1;

104 filesSaved = 1;

105 plotConfig = 1;

106 ratslam_var = 1;

107 otherwise

108 warning (’Experiment not recognized. No plot will be
created.’)

109 return

110| end

111

12| % Upload the ROS bag file

113 bag = rosbag(file);

114 bagl = rosbag("EXP_X_0DOM_recorded.bag");

15| bag2 = rosbag ("EXP_CNNShuffleNetV2x1l_O_recorded.bag");

116

117

118/, Create directory to save output files

119l outputDir = fullfile(pwd,’experiments’,exp,’outputFiles’);

120 mkdir (outputDir) ;

121

122|% Get the topics available in the bag

123 available_topics = bag.AvailableTopics;

124| topic_names = available_topics.Properties.RowNames;
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w
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(S

137

138

139
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144
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147

148

149

150

151

152

153

154

155

156

157

158

160

161

162

163

164

16

o

disp(topic_names) ;
msg_type = available_topics.MessageType;
disp(msg_type);

% Add the path where the ’evaluateSim’ function is located
addpath ’/home/plinio/Desktop/neoslam_ws/scripts/matlab/utilFiles’

bt kTt h Tt o Toto T Totohe o TotohoTo To toho To 1o 0o T To 1o 0o T To 0o o T To 0o o 1o 0o /o o 1o 1o s To 9o 0o o To 9o 0o o To 96 o o T %6 s o
% Similarity Matrix Processing
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if figure2_process == 1
if any(strcmp(topic_names, ’/feats_htm’))
data_feats_htm = select(bag, ’Topic’, ’/feats_htm’);
msg_htm = readMessages(data_feats_htm, ’DataFormat’,

‘struct’);

if “isempty(msg_htm)
D1 = cellfun(@(m) find(m.Data), msg_htm,
’UniformOutput’, false);
S = evaluateSim(D1(offsetl:size(msg_htm,1)-offset2),
Di(offsetl:size(msg_htm,1)-offset2), ’wincell’);

figure (2)

s = imagesc(S);

colorbar

title(’Similarity Matrix - CNN ShuffleNetV2 x1.0’)
xlabel (’Query images’)

ylabel (’Database images?’)

% Save the image in high resolution (300 DPI)
figname = fullfile(outputDir, strcat (exp,
’Similarity_Matrix_ShuffleNetV2_300DPI.png’));
print (figname, ’-dpng’, ’-r300’); Y’ Export as PNG at
300 DPI
else
warning (’The topic /feats_htm contains no messages.’);
end
else
warning (’Topic /feats_htm not found in topic list.’);
end

end
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166| % /LocalView/Template Topic Processing (View Cells with Loop
Closure)
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168 if any(strcmp(topic_names, ’/LocalView/Template’)) && ratslam_var

16

J

== 1
169 % Select the topic and read the messages
170 bSel_vt = select(bag, ’Topic’, ’/LocalView/Template’);
171 msg_vt = readMessages(bSel_vt, ’DataFormat’, ’struct’);
172 id = cellfun(@(m) double(m.CurrentId), msg_vt); 7’ IDs das

View Cells

173

174 % Identify Loop Closures

175 [unique_ids, 7, ic] = unique(id); 7% Unique IDs and Occurrence
Index

176 counts = accumarray(ic, 1); % Count how many times each View

Cell was created
177 loop_closure_ids = unique_ids(counts > 1); % View Cells with
Loop Closure

178

179 % Display the total number of View Cells created

180 total_view_cells = max(id); % Total number of View Cells
created

181 fprintf (’Total number of View Cells created: %d\n’,

total_view_cells);
182
183 % Display the number of Loop Closures detected

184 num_loop_closures = length(loop_closure_ids); 7 Number of
Loop Closures detected

185 fprintf (’Number of Loop Closures detected: %d\n’,
num_loop_closures) ;

186

187 % Create and open .txt file to save Loop Closure occurrences
188 output_file = fullfile(outputDir, strcat (exp,
> _loop_closures.txt?’));

189 fileID = fopen(output_file, ’w’);

190

191 % Verify that the file was created successfully

192 if fileID == -1

193 warning (’Could not create file to save Loop Closure
data.’);

194 else

195 fprintf (fileID, ’Total number of View Cells created:
%d\n’, total_view_cells);

196 fprintf (fileID, °’Number of Loop Closures detected: %d\n’,

num_loop_closures);

197
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198 % Save View Cells that correspond to Loop Closure to .txt

file
199 if “isempty(loop_closure_ids)
200 fprintf (fileID, ’View Cells com Loop Closure

detectadas:\n’);

201

202 % Save Loop Closure occurrences

203 for i = 1:length(loop_closure_ids)

204 lc_id = loop_closure_ids(i);

205 lc_occurrences = find(id == 1lc_id); % Indexes

where Loop Closure occurred

206 fprintf (fileID, ’View Cell ID %d occurs in the
following positions (indices):\n’, lc_id);

207 % Save comma-separated indexes

208 fprintf (fileID, ’%s\n’, strjoin(arrayfun(Q@num2str,

lc_occurrences, ’UniformQOutput’, false), ’, ’));

209 end

210 else

211 fprintf (£fileID, ’No View Cell with Loop Closure
detected.\n?);

212 end

213

214 % Close the file after saving data

215 fclose(filelID);

216| end

217

218 % Plot View Cells with Loop Closures Highlighted

219 figure (3)

220 hold on;

221

222 % Plot all View Cells in blue

223 hl1 = plot(id, ’bx’, ’MarkerSize’, 8, ’LineWidth’, 1.5); 7%

Store handle without displaying multiple captions

224

225 % Highlight the View Cells that are Loop Closures in red
226 if “isempty(loop_closure_ids)
227 h2 = plot(find(ismember (id, loop_closure_ids)),

id(ismember (id, loop_closure_ids)), ’ro’, ’MarkerSize’,
8, ’LineWidth’, 1.5); % Storing the handle for Loop

Closures
228 end
229
230 % Add Legend with Count of View Cells and Loop Closures
231 legend ([h1, h2], {sprintf(’View Cells created: %d’,

total_view_cells), sprintf(’Loop Closure detected: %d’,
num_loop_closures)}, ’Location’, ’northeast’, ’FontSize’,
8);
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hold off;

grid on;

grid minor;

title(’View Cells - NeoSLAM with CNN ShuffleNetV2 x1.0
integrated’, ’FontSize’, 12);

xlabel (’Query images’, ’FontSize’, 10);

ylabel (’View Cell Id’, ’FontSize’, 10);

% Plot setup and saving

if plotConfig == 1
% Set the image size and resolution to 300 DPI
width = 3.5; % Recommended width for a column in IEEE
height = 3; % Proportional height

set (gcf, ’PaperUnits’, ’inches’);
set (gcf, ’PaperPosition’, [0 O width heightl]); 7 Set the

figure size

figname31 = fullfile(outputDir,
strcat (exp,’_vc_loop_closure.png’));
figname32 = fullfile(outputDir,

strcat (exp,’_vc_loop_closure.eps’));

% Save PNG at 300 DPI
print (figname31, ’-dpng’, ’-r300°’);

% Save EPS to Vector Graphics
print (figname32, ’-depsc’, ’-r300°);

if filesSaved == 1
exportgraphics (gcf, figname31l);
exportgraphics (gcf, figname32);

end

end

end
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% Processing the Topic /ExperienceMap/Map (Map Experience) with

two bags
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% Read data from two bags

if any(strcmp(topic_names, ’/ExperienceMap/Map’))

% Select the topics for each bag
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data_eml select(bagl, ’Topic’, ’/ExperienceMap/Map’);

data_em2 = select(bag2, ’Topic’, ’/ExperienceMap/Map’);

%» Read the messages in each bag
msgl = readMessages (data_eml, ’DataFormat’, ’struct’);

msg2 = readMessages(data_emQ, ’DataFormat’, ’struct’);

% Check if messages are empty
if isempty(msgl)
warning (’No messages found in /ExperienceMap/Map for
bagl.’)
end
if isempty(msg2)
warning (’No messages found in /ExperienceMap/Map for
bag2.’)

end

% If there are messages in both bags
if “isempty(msgl) && “isempty(msg2)

% Process the last message of each bag

eml msgl{endl};

msg2{end};

em?2

% Initialize variables to store poses and links

pose_eml = [];
pose_em2 = [];
linksl = [];
links2 = [];

% Process the first bag
if “isempty(eml.Node)
x1 = eml.Node(:);

yO_1 = double(vertcat(xl.Id));
yl1_1 = vertcat(xl.Pose)’;

z1_1 = vertcat(yl_1.Position);
z2_1 = vertcat(yl_1.0rientation);

wl = vertcat([z1_1.X; z1_1.Y; =z1_1.Z; z2_1.X; z2_1.Y;
z2_1.Z; z2_1.W]1);
pose_eml = [y0_1 wil;

x_edgesl = eml.Edge(:);

yO_1 = vertcat(x_edgesl.Id);
yl1_1 = vertcat(x_edgesl.Sourceld);
y2_1 = vertcat(x_edgesl.DestinationId);

linksl = [yO_1 yi1_1 y2_11];

else
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warning (’No nodes found in /ExperienceMap/Map for
bagl.?’)

end

% Process the second bag
if “isempty(em2.Node)
x2 = em2.Node(:);

y0_2 = double(vertcat(x2.Id));
yl1_2 = vertcat(x2.Pose)’;

z1_2 = vertcat(yl_2.Position);
z2_2 = vertcat(yl_2.0rientation);

w2 = vertcat([z1_2.X; z1_2.Y; z1_2.Z; z2_2.X; z2_2.Y;
z2_2.Z; z2_2.W]);
pose_em2 = [y0_2 w2];

x_edges2 = em2.Edge(:);

y0_2 = vertcat(x_edges2.Id);

y1_2 = vertcat(x_edges2.Sourceld);
y2_2
links2 = [y0_2 y1_2 y2_21;

vertcat (x_edges2.DestinationId);

else
warning (’No nodes found in /ExperienceMap/Map for
bag2.’)

end

% Plot the pose data of both bags
f4 = figure (4);

hold on;

markersize = 5;
linewidth = 2;
draw_links = 1;

% Plot the first bag (Odometry) in blue, without including
it in the legend

plot(pose_eml (:,2), pose_eml1(:,3), ’b-’, ’MarkerSize’,
markersize, ’HandleVisibility’, ’off’); % Hidden from

caption

% Add markers at the start and end of the Odometry route

plot(pose_eml1(1,2), pose_em1(1,3), ’bo’, ’MarkerSize’,
markersizex*3, ’LineWidth’, linewidth=*2); % Start marker

plot(pose_eml (end,2), pose_eml(end,3), ’bx’, ’MarkerSize’,

markersize*3, ’LineWidth’, linewidthx*2) ; % End marker

% Plot the second bag (Underwater NeoSLAM) in red, without
including it in the legend
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plot(pose_em2(:,2), pose_em2(:,3), ’r--’, ’MarkerSize’,
markersize, ’HandleVisibility’, ’off’); 7 Hidden from

caption

% Add markers at the start and end of the NeoSLAM path
plot (pose_em2(1,2), pose_em2(1,3), ’ro’, ’MarkerSize’,

markersizex3, ’LineWidth’, linewidth=*2); ) Start marker
plot(pose_em2(end,2), pose_em2(end,3), ’rx’, ’MarkerSize’,
markersize*3, ’LineWidth’, linewidth=*2); % End marker

% Create dummy objects for the caption

h1 = plot(NaN, NaN, ’b-’, ’MarkerSize’, markersize,
’LineWidth’, linewidth); J, Odometry Line
h2 = plot(NaN, NaN, ’r--’, ’MarkerSize’, markersize,

’LineWidth’, linewidth); 7 NeoSLAM Line

% Create markers for start and end of Odometry path

h3 = plot(NaN, NaN, ’bo’, ’MarkerSize’, markersizex*3,
’LineWidth’, linewidth*2); % Home of Odometry
h4 = plot(NaN, NaN, ’bx’, ’MarkerSize’, markersizex*3,

’LineWidth’, linewidth*2); 7 End of Odometry

% Create markers for the start and end of the NeoSLAM path

h5 = plot(NaN, NaN, ’ro’, ’MarkerSize’, markersizex*3,
’LineWidth’, linewidth#*2); I NeoSLAM Start
h6 = plot(NaN, NaN, ’rx’, ’MarkerSize’, markersizex*3,

’LineWidth’, linewidthx*2); % End of NeoSLAM

% Add subtitle with start and end markers
legend ([h1, h2], {’0Odometry’, ’>NeoSLAM’},
>AutoUpdate’, ’off’, ’Location’, ’northeast’,
>FontSize’, 8);

% Disable automatic subtitle update (prevents new
additions)

set (legend, ’AutoUpdate’, ’off’);

title(’Experience Map - NeoSLAM with CNN ShuffleNetV2 x1.0

integrated’, ’FontSize’, 14);

xlabel (’x(m)’, ’FontSize’, 12);

ylabel (’y(m)’, ’FontSize’, 12);

axis equal; % To maintain equal proportions between the
axes

grid on;

grid minor; 7 Subtle grid for clarity

hold off;
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% Plot the links of the first bag

if draw_
nll
for
end
end

links == 1 && ~isempty(linksl)
= size(linksl, 1);
k = 1:nl11

snl links1(k, 2) + 1;

dnl = linksi1(k, 3) + 1;

if snl > size(pose_eml, 1) || dnl > size(pose_eml,
1)
warning (’Bagl link indices exceed the number

of poses.’);

continue;

end

line ([pose_eml (snl, 2) pose_eml(dnl, 2)],
[pose_eml(snl, 3) pose_eml(dnl, 3)], ’Color’,
’blue?) ;

% Plot the links of the second bag

if draw_links == 1 && ~isempty(links2)
nl2 = size(links2, 1);
for k = 1:nl2
sn2 = links2(k, 2) + 1;
dn2 = 1links2(k, 3) + 1;
if sn2 > size(pose_em2, 1) || dn2 > size(pose_em2,
1)
warning (’bag2 link indices exceed number of
poses.’);
continue;
end
line ([pose_em2(sn2, 2) pose_em2(dn2, 2)1],
[pose_em2(sn2, 3) pose_em2(dn2, 3)], ’Color’,
‘red’);
end
end
hold off;

% Plot setup and saving (same as original)

if plotConfig == 1
width = 3;
height = 3;
alw = 0.75;
fsz = 9;
1w 1.5;
msz = 8;

126




427

428 set (gcf, ’Position’, [100, 100, width=*100,
height*100]) ;

429 set (findall (gcf, ’-property’, ’FontSize’), ’FontSize’,
fsz);

430 set (findall(gcf, ’-property’, ’LineWidth’),

’LineWidth’, alw);

431

432 figname41 fullfile (outputDir, strcat(exp,’_em.jpg’));
fullfile (outputDir,

strcat(exp,’_em_eps.eps’));

433 figname42

434
435 % Save PNG at 300 DPI

436 print (figname4l, ’-dpng’, ’-r300°);
437
438 % Save EPS to Vector Graphics

439 print (figname42, ’-depsc’, ’-r300°’);
440
441 if filesSaved == 1

442 exportgraphics (gcf, figname4l);
443 exportgraphics (gcf, figname42);
444 end

445 end

446 end

447| end

448
449
450
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452| % RatSlam Related Variables Processing
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454|1f any(strcmp (topic_names, ’/LocalView/Template’)) && ratslam_var

45

iy

45,

w

== 1

455 bSel_vt = select(bag, ’Topic’, ’/LocalView/Template’);

456 msg_vt = readMessages(bSel_vt, ’DataFormat’, ’struct’);

457 id = cellfun(@(m) double(m.CurrentId), msg_vt); %Extracts the
current ID from the "View Cells" of each message in the
topic

458

459 % Confusion Matrix Processing with RatSlam

460 features = cellfun(@(m) double(m.Feature), msg_vt,
’UniformOutput’, false); %Extracts the visual features
associated with each message

461 feature_max = max(cell2mat (features)); %Calculates the maximum
feature across all data for normalization

462 features_values = length(features);
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ratslam_matrix = eye(features_values); /Creates an identity

matrix of size equal to the number of features

for i = 1:(features_values-1)
aux = cell2mat (features(i+1));
aux_size = length(aux);

for j = 1:1
if j <= aux_size
ratslam_matrix(j,i+1) = (feature_max -
aux(j))/feature_max;
end
end

end

figure (6) ;
imagesc(ratslam_matrix);
colorbar;

title(’Confusion Matrix?’);
xlabel (’Query images’);

ylabel (’Database images?’);

% Save figure 6 in high resolution
figname6 = fullfile(outputDir, strcat (exp,
> _confusion_matrix_ratslam.png’));

print (figname6, ’-dpng’, ’-r300°); % Export as PNG at 300 DPI

vc_created = max(id) + 2; %Calculates the total number of
"View Cells" created by adding a buffer of two IDs

ratslam_vc_matrix = eye(vc_created); /Creates an identity
matrix for the View Cells

aux_size_prev = 0;

for i = 1l:features_values
aux = cell2mat(features(i));

aux_size = length(aux);

if aux_size == aux_size_prev
continue

end
for j = 1:aux_size
ratslam_vc_matrix(j, aux_size + 1) = (feature_max -
aux(j))/feature_max;

end

aux_size_prev = aux_size;

end

figure (7);
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imagesc((ratslam_vc_matrix + ratslam_vc_matrix’) / 2); %Plots
the similarity matrix between View Cells, normalizing it
with the transpose

colorbar;

title(’View Cells Similarity Matrix’);

xlabel (’Query View Cells’);

ylabel (’Database View Cells?’);

% Save figure 7 in high resolution

figname7 = fullfile(outputDir, strcat(exp,
’_view_cells_similarity_matrix.png’));

print (figname7, ’-dpng’, ’-r300’); % Export as PNG at 300 DPI

figure (8) ;

GT = createGT(vc_created, 0, 20, [16:289, 412:664, 773:1018,
1360:2069, 2076:2742, 2750:3370]); %Generates a Ground
Truth (GT) for mapping validation and loop closure

imagesc (GT); %Plots the Ground Truth matrix, indicating the
expected loop closures

colorbar;

title(’Ground Truth - NeoSLAM with CNN ShuffleNetV2 x1.0
integrated’);

xlabel (’Query View Cells’);

ylabel (’Database View Cells?’);

% Save figure 8 in high resolution
figname8 = fullfile(outputDir, strcat (exp,
>’ _ground_truth.png’));

print (figname8, ’-dpng’, ’-r300’); 7% Export as PNG at 300 DPI
figure (9) ;
[P, R, F1] = createPR((ratslam_vc_matrix + ratslam_vc_matrix?)

/ 2, GT); %Calculates Precision (P), Recall (R), and
F1-Score metrics using the similarity matrix and Ground

Truth

% Plot the Precision-Recall curve

plot(R, P); % Plot the Precision vs Recall curve

title (’Precision-Recall Curve - NeoSLAM with CNN ShuffleNetV2
x1.0 integrated’);

xlabel (’Recall’);

ylabel (’Precision’);
% Add legend with P, R and F1 values

legend_text = sprintf (’Precision: %.3f, Recall: 7%.3f,
F1-Score: %.3f’, mean(P), mean(R), mean(F1));
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537 legend (legend_text, ’Location’, ’northeast’, ’FontSize’, 8); %
Displays caption at top right

538

539 % Save figure 9 in high resolution
540 figname9 = fullfile(outputDir, strcat (exp,
>’ _precision_recall_curve.png’));
541 print (figname9, ’-dpng’, ’-r300’); % Export as PNG at 300 DPI
542| end

Listing A.1: bagROS Plot Underwater Cave Experiment for CNN ShuffleNetV2 x1.0
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