eng

Article

Spatial All-Azimuth Versus Single-Sided Planar Identifiers for
Warehouse Robot Navigation: A Factorial Simulation Study

Kamil Ku$nirdk

W) Check for updates ‘

Academic Editors: Ivo Silva and

Cristiano Pendéo

Received: 19 June 2026

Revised: 4 August 2026

Accepted: 6 August 2026
Published: 7 August 2026
Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

, Oto Haffner *©, Erik Kucera

and Ondrej Kolimar

Faculty of Electrical Engineering and Information Technology, Slovak University of Technology in Bratislava,
841 04 Bratislava, Slovakia; kamil.kusnirak@stuba.sk (K.K.); erik.kucera@stuba.sk (E.K.);

ondrej kolimar@stuba.sk (O.K.)

* Correspondence: oto.haffner@stuba.sk

Abstract

A camera-guided warehouse robot keeps its bearings by repeatedly estimating its pose
against known visual references, and it must relocalize whenever that estimate is lost.
What limits this process is often not identification but the availability of a usable reference
along the route. The references used in practice are usually single-sided planar fiducial
markers such as QR-like codes, ArUco markers, and AprilTags, which stay readable only
within a limited cone about their surface normal; a spatial reference, by contrast, can in
principle be recognized from any azimuth. We quantify what that difference is worth at
the navigation level. The framework is built in Unity with NavMesh navigation and a
purely geometric-availability model, rather than an image-based recognizer, whose single
switchable property is the availability rule. In the idealized all-azimuth spatial-reference
regime (the spatial regime), a reference is available from any direction; in the single-sided,
angularly constrained planar-reference regime (the planar regime) it is available only
within £20° of the surface normal. A full-factorial experiment with 54 configurations
(8 x 3 x 2 x 3)and n = 100 paired replications, 10,800 runs in all, was run in both regimes
over four deployment factors: deployment scheme, camera field of view, recovery step,
and detection range. Under this geometric model, the spatial regime reached 5.7 x higher
reference coverage (41.6% vs. 7.3%) and a mission-completion rate 30 percentage points
higher (86.2% vs. 55.9%). A paired Wilcoxon signed-rank test confirms the coverage dif-
ference (p < 0.001, matched-pairs d, = 1.84), and McNemar’s test together with a logistic
regression confirms the completion difference. In a factorial analysis of variance, the de-
tection range dominates (partial 72 = 0.903), and a strong deployment x range interaction
concentrates the advantage in the rack aisles, where a planar reference is seen edge-on.
Three further analyses point the same way: an angular-threshold sweep from 10° to 60°, an
equal-count deployment control, and route- and time-normalized visibility and relocaliza-
tion metrics. The advantage also held across square, L-shaped, and U-shaped aisle layouts
(32,400 runs in total), with a negligible regime x layout interaction. All these numbers are
model-based estimates under an explicitly stated availability model: they measure the
navigation-level value of azimuthal reference availability and do not validate any particular
physical object, decoding algorithm, or AR device.

Keywords: warehouse robot navigation; visual relocalization; spatial reference; planar
fiducial marker; all-azimuth availability; angular readability; navigation robustness;
factorial experiment; geometric simulation; Unity
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1. Introduction

A camera-equipped warehouse robot keeps track of where it is by repeatedly esti-
mating its pose relative to known visual references placed in the environment; whenever
it loses that estimate, it must relocalize against a reference whose global pose is known.
The practical bottleneck is therefore not identification alone, but the availability of a usable
localization or relocalization reference along the route [1,2]. The references most commonly
used for this purpose are planar fiducial markers (QR-like codes, ArUco markers, AprilTags),
which are inexpensive, easy to print, and support both identification and estimation of the
camera pose relative to the marker [3-5].

A planar fiducial carries a deep geometric limitation, however: it has a single privi-
leged surface normal and can be read only within a limited cone about it, so its projected
image foreshortens, and its pose estimate degrades as the viewing direction becomes
oblique [3]. Along a warehouse aisle, a rack-facing marker is seen mostly edge-on, so for
much of the pass no usable reference is available from that marker. This angular limitation
can be mitigated by distributing several planar markers over a three-dimensional body
(a multi-sided fiducial object), or, more abstractly, using a spatial reference whose recog-
nizable appearance and consistent object coordinate frame are available from an arbitrary
azimuth. In this article, a spatial reference denotes a deliberately designed, asymmetric three-
dimensional object with a distinctive appearance and a known global pose; its all-azimuth
availability is treated as a modelled geometric assumption, not as a validated property of a
specific physical object or detector. We do not compare marker payload, data capacity or
the performance of any particular decoding or recognition algorithm; the comparison is de-
liberately technology-neutral and concerns only the geometric availability of a localization
reference.

The reliability of marker-based navigation is, in the literature, discussed almost exclu-
sively in qualitative terms; a controlled, reproducible, navigation-level comparison of angu-
larly constrained and all-azimuth references has been missing. This study closes that gap by
comparing, in a common factorial simulation framework, two idealized detection regimes:

* anidealized all-azimuth spatial-reference regime (spatial regime), in which a reference
is available from any azimuth subject to range, field of view, and line of sight; and

* asingle-sided, angularly constrained planar-reference regime (planar regime), in
which a reference is additionally available only when the viewing direction lies within
a modelled readability cone about its surface normal.

OR codes, ArUco markers and AprilTags are examples of the planar regime; the
simulation models only the geometric availability of the reference, common to all of them,
and not any specific implementation. The main research question is:

How does replacing a single-sided, angularly constrained planar reference with an all-azimuth
spatial reference affect relocalization availability and warehouse-navigation robustness?

In line with the underlying research assignment, we do not develop a physical spatial
reference; the goal is to propose and evaluate a method for deploying such references in
warehouses and to quantify the navigation-level value of azimuthal reference availability.
The contribution of this article is fourfold:

* areproducible, simulation-based methodology that quantitatively compares the navigation
robustness of an all-azimuth spatial reference and a single-sided planar reference in a
unified full-factorial framework, under an explicitly stated geometric-availability model;

¢  astatistically verified demonstration that, under the reference geometric model, the spa-
tial regime yields substantially higher reference availability and mission comple-
tion, together with a factorial analysis that identifies detection range as the dominant
deployment parameter;
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e a set of targeted robustness analyses—an angular-threshold sensitivity sweep, an
equal-count deployment control, operational visibility and relocalization metrics, and a
layout-robustness replication across square, L-shaped and U-shaped warehouses; and

*  ageometric explanation of why and where the advantage arises, turning the result into
a deployment guideline whose principal levers, within the present geometric model,
are local reference spacing and detection range.

The study isolates a single modelling difference—all-azimuth availability for the
spatial regime versus a cone-limited availability for the planar regime—while all navigation,
deployment, route generation and statistical procedures are identical between the regimes.
Accordingly, it does not claim that a specific physical object or computer-vision algorithm
achieves the reported values; it quantifies the navigation-level consequence of an angular-
availability assumption. Within Industry 4.0, augmented-reality (AR) tracking is one of
several enabling technologies; the connection to the present work is not the display of
graphical overlays to a human operator but the shared visual-reference and relative-pose
principles that also underpin robot localization.

The remainder of the article is organized as follows. Section 2 reviews related work
on AR tracking and simulation-based evaluation. Section 3 describes the simulation
framework, the experimental scenario, and the factorial design. Section 4 details the system
architecture and the geometric argument that underlies the approach. Section 5 reports the
quantitative results, and Sections 6 and 7 discuss the findings and conclude.

2. Related Works

This section reviews the literature in the areas relevant to the present study: the role
of augmented reality (AR) within Industry 4.0, the visual-tracking principles that underpin
marker-based and markerless AR, planar fiducial markers and multi-sided spatial references,
and the simulation-based evaluation of robotic perception before physical deployment.

2.1. Industry 4.0 and Augmented Reality

The Industry 4.0 (I4.0) concept transforms the contemporary industrial environment
through the digitalization of production, automation, and the integration of the plant into a
complex supply chain; it rests on full network integration and the exchange of information
in real time [6,7]. Emerging technologies such as the Internet of Things (IoT), Big Data
and augmented reality are combined with traditional manufacturing concepts [8,9] to
build smart factories that optimize production by minimizing cost, maximizing quality
and reacting agilely to rapid market change [10-12]; reaching this state requires existing
processes to be reworked and improved through new technologies and procedures [13].

One of the most significant transformations is in the work environment itself—in
human-machine collaboration, where the physical and virtual worlds merge. Virtual
animations and simulations of products and processes, together with the visualization of
raw and computed data, are key aspects of realizing a cyber-physical system (CPS) [14,15].
Conventional means of controlling and diagnosing CPS in IoT networks—industrial panels
and consoles, web or mobile applications—are adequate in a small room, where the device
list fits on a single screen, but become cumbersome across multiple rooms or buildings,
as in digital factories or large warehouse systems. Combining AR with suitable data can
improve vertical integration within the factory [16]: within Industry 4.0, AR is one of several
enabling technologies—alongside industrial communication, embedded control, the IoT,
data analytics and artificial intelligence—and it contributes primarily spatial-visualization
and interaction capabilities that support the human operator [17,18], helping turn ordinary
workers into the “smart operators” of the future who handle strategic decision-making and
flexible problem-solving [19,20]. The essence of AR is presenting the right information in
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the right place; the challenge is to develop AR applications that shorten production times,
reduce costs, and improve quality [21,22].

2.2. Augmented Reality and Visual Tracking

Augmented reality overlays, combines and interactively activates virtual and real
components within the current scene in real time and in three dimensions; the conceptual
foundations of this reality-virtuality continuum were laid by Milgram and Kishino [23]
and developed in numerous surveys [24-28]. Virtual components are visualized through
optical see-through (OST) devices such as tablets, video see-through (VST) head-mounted
displays (HMDs), or external spatial projection. Because the virtual objects are computer-
generated, they can be contextually overlaid and spatially registered onto real parts of the
physical world in real time, which lets the user perform inspection and maintenance and
eases collaboration with remote machines and human experts—yielding higher accuracy,
time and cost savings, and better visualization, especially for novice operators. In industry,
AR has accordingly been deployed for factory planning [29], assembly guidance [30],
inspection [31] and on-site worker support [32].

The technical principle of vision-based AR is tracking: determining the pose (position
and orientation) of the camera relative to a landmark in the real environment. The 6D
camera pose is estimated by matching recognized feature points in each video frame against
those of the landmark and computing the homography between the two images; feature
descriptors are then used to match the points in real time and to place the virtual object
[25,26]. Such pose estimation is invariant to rotation and scale and reasonably robust to
partial occlusion and lighting changes. HMD tracking additionally estimates the device
pose relative to its previous pose, and HMDs equipped with inertial measurement units
(IMUs) combine visual and inertial sensing into visual-inertial tracking [33]; anchoring
the virtual 3D content to the real scene relies on depth mapping based on structured light,
stereo vision, or time-of-flight.

The tracking principles used in AR are not limited to human-facing overlays. Es-
timating the relative pose between a camera and a known visual reference is equally
applicable to robot localization: a detected reference of known global pose lets a mobile
robot re-anchor its own pose estimate. In this study, the connection to AR therefore lies in
these shared visual-reference and relative-pose principles—the AR-related visual tracking
commonly used in AR systems—rather than in the presentation of graphical overlays to a
human operator; the study is not concerned with classical AR navigation using holographic
guidance.

2.3. Marker-Based Versus Markerless Augmented Reality

The literature distinguishes marker-based (MB) and markerless (ML) AR [34]. In MB AR,
the digital world is anchored to the real world directly through a marker: the device must first
recognize what the user is looking at, which is achieved by placing a characteristic image or
shape—the marker—in the scene; any image with enough unique visual points (corners and
edges) can serve. In ML AR, the user freely places virtual objects that are not anchored to any
specific point in the real scene, as when previewing a piece of furniture in an empty room.

Vision-based marker tracking uses fiducial markers—artificial planar elements with
known properties (shape, color, size), typically an outer frame enclosing an inner pat-
tern that encodes information, designed to satisfy criteria such as occlusion resilience.
Planar fiducial references include QR-like codes, ArUco markers, AprilTags, and other
purpose-designed patterns used for identification and relative-pose estimation [3-5,35-37].
Identifier-based approaches are the most widely used tracking method for indoor AR:
they require no complex hardware, are computationally light, real-time, and simple. They
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also have drawbacks. Poor visual conditions, defocus, or motion blur reduce the num-
ber of recognizable features, and very strong lighting causes surface reflections that lead
to misrecognition and misalignment of virtual and real objects. A single planar fiducial
marker can support estimation of the camera pose relative to the marker plane; its practical
observability and estimation quality, however, deteriorate under unfavorable viewing
geometry, especially at oblique incidence angles. Additional differently oriented markers or
a calibrated multi-sided fiducial object can be used to expand viewpoint coverage [38,39].

2.4. Model-Based (3D) Tracking

Recently, a tracking principle based on models (3D object shapes) has emerged in
academia and industry alike. Model-based tracking uses the contour of a CAD model as the
reference for image recognition, displaying 3D content tied to a physical object without QR
codes or tracking devices [40,41]. Its advantage is that the environment or object need not
be modified (no QR codes attached), the digital overlay is highly accurate, and all surfaces
of the detected object can be used for interaction; objects are detected and tracked without a
feature-point map, which otherwise fails for low-texture or moving objects. Model-based
tracking uses known object geometry as a reference for identification and pose estimation.
Its performance depends on the object geometry, viewpoint, image quality, occlusion,
illumination, and the recognition algorithm. Unlike a single planar marker, a suitably
designed asymmetric spatial reference may provide recognizable geometric information
from multiple viewing directions, but this property requires empirical validation for a
specific physical object and detector [42,43]. Its limitations are dynamic objects—a static
CAD model may diverge from an object with moving parts—and physically identical objects,
which model-based tracking cannot distinguish (e.g., machines of the same type) [21].

This distinction is directly relevant to the present work. El Barhoumi et al. evaluated
several AR content-placement methods quantitatively and qualitatively and found that mark-
erless methods based on a 3D model achieved results equal to or better than tracking using
2D markers [44]. A survey of industrial AR likewise reports that only about 16% of industrial
AR tracking is based on 3D recognition versus 57% on (unspecified) markers [22], indicating
that the spatial alternative remains under-exploited. The spatial reference considered in this
study is not an arbitrary CAD object; it is a conceptual, deliberately designed asymmetric
object intended to provide a distinctive appearance and a consistent object coordinate frame
across azimuthal viewpoints. It is conceptually compatible with model-based tracking, but in
the present study its recognition process is abstracted as an idealized all-azimuth geometric-
availability model rather than implemented through an image-based detector. We previously
proposed the concept and an implementation outline for software-generated spatial references
in logistics [45]; the present article extends that proposal from a conceptual design to a statis-
tically grounded, full-factorial comparison that quantifies, for warehouse robot navigation,
how much more robust the spatial reference is than a planar reference.

2.5. Simulation-Based Evaluation of Robotic Perception and Navigation

Because physical AR/AGYV experiments are expensive and hard to repeat, game en-
gines have become a standard tool for evaluating perception and navigation. Unity [46],
with its NavMesh navigation stack [47,48], provides a deterministic environment in which
thousands of runs can be executed in batch mode, and comparative studies confirm its
suitability for autonomous-vehicle development [49]. Game-engine simulation can pro-
vide controlled and repeatable geometry, navigation and line-of-sight conditions, but it
does not by itself establish realistic image-based recognition performance: lighting, mate-
rial appearance, exposure, shadows, motion blur and detector-specific behavior require
rendered-image or physical validation. Unity is therefore used here as a controlled envi-
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ronment for evaluating the navigation-level consequences of explicitly stated geometric
assumptions, not as evidence of real-deployment readiness. In warehouse logistics specifi-
cally, user studies show that AR smart glasses measurably affect picking time, error rate,
cognitive load, and worker well-being [50,51], underscoring the importance of reliable
underlying perception. The closest prior work to ours is the thesis of Kiss [52], which simu-
lates a mobile robot in Unity using the Vuforia engine and NavMesh navigation; that work,
however, analyses individual runs and does not compare identifier types, and so lacks
the statistical basis required to characterize robustness. The present article preserves the
same methodological foundation but advances it to a full-factorial, statistically grounded
comparison of spatial and flat identifiers.

2.6. Planar Fiducial Markers and Multi-Sided Spatial References

Planar fiducial markers, including QR-like codes, ArUco markers, and AprilTags,
provide visually distinctive planar references that can support identification and camera-
pose estimation. When the marker geometry and the camera calibration are known, the
projected marker corners can be used to estimate the relative pose of the camera with
respect to the marker; if the marker pose is known in a global coordinate system, this
relative transformation can support robot localization or relocalization. The quality and
availability of a pose estimate, however, depend on viewing distance, incidence angle,
image resolution, and other imaging conditions [38,53].

In the present study, the term single-sided planar reference denotes this common ge-
ometric property rather than a particular QR, ArUco, or AprilTag implementation. The
simulation does not model marker payload, code dictionaries, corner-detection algorithms
or image-decoding performance; instead, it represents a single planar reference with one
surface normal and a constrained modelled readability cone [5].

The angular limitations of a single planar marker can be mitigated by combining
several planar markers on a three-dimensional body. Such multi-sided fiducial objects
use calibrated configurations of ArUco-, AprilTag- or related planar markers to improve
viewpoint coverage and camera-pose estimation; experimental work on fiducial objects
confirms that arranging markers over multiple faces can improve visibility from different
viewpoints and provide pose information even when only part of the object is visible [54].

A sufficiently multi-sided planar object can therefore approximate all-azimuth ref-
erence availability. This observation motivates a technology-neutral formulation of the
present comparison: the study evaluates an idealized all-azimuth spatial-reference regime
against a single-sided, angularly constrained planar-reference regime. It does not claim that
all spatial references must be realized as shape-only identifiers or that all planar systems
must remain single-sided; rather, it quantifies the navigation-level value of azimuthal
reference availability independently of the physical implementation used to obtain it.

2.7. Summary of the State of the Art

Three observations motivate the present study. First, visual references used for iden-
tification and pose estimation differ substantially in their viewpoint availability: a single
planar reference has one privileged surface normal, whereas spatial or multi-sided refer-
ences can provide observations from a wider set of directions. Second, the navigation-level
consequences of this difference are rarely quantified under paired, controlled warehouse
trajectories. Third, simulation enables systematic evaluation of range, field of view, de-
ployment and recovery factors, but geometric simulations must be distinguished from
image-based validation of a particular marker and recognition algorithm. The present
study addresses this gap by comparing an idealized all-azimuth spatial-reference regime
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with a single-sided angularly constrained planar-reference regime in a common factorial
simulation framework.

3. Materials and Methods
3.1. Experimental Scenario

The experimental scenario is an autonomous warehouse vehicle that traverses a route
from an input station, through 15 semi-randomly placed goods items, to an output station in
a square warehouse of 100 x 100m (axes X x Z in Unity coordinates) with a regular grid of
rack blocks arranged in three columns and sixteen rows (Figure 1). During the whole route,
the vehicle orients itself by the deployed identifiers; at regular travel intervals it re-checks
its orientation, and if it then finds no marker it enters a lost state and attempts to recover
(Section 4.2). The square grid with narrow aisles was chosen because it is representative of
real distribution centers and because its aisles force the vehicle to view rack-facing markers
edge-on—the situation that distinguishes a spatial reference from a planar reference. The
goods positions are seeded by the run index, so the k-th run of every configuration shares
the same goods layout, which pairs the comparison across configurations and across both
detection regimes.

Identifier deployment scheme for the three levels of factor A (coloured dots = identifier positions)

Walls — 40 markers Racks — 288 markers Hybrid — 250 markers

40 40 40

20 20

9 90 00 90 00 00 00 99 00 00 00 00 00 20 08 oo
5 90 90 95 €5 €5 00 94 90 05 05 65 40 94 05 o8
0 60 6% 65 60 60 G0 oo oo 66 6 b G0 &b o ob
9 90 00 90 05 05 00 20 90 00 05 05 00 20 08 o8
@9 90 98 98 05 05 00 95 95 05 05 05 95 95 05 o8
6 60 06 60 60 60 G0 o6 oo 00 60 G0 so s6 o0 o0
5 90 90 95 65 05 90 94 96 05 05 65 40 94 05 o8
G0 o0 68 65 60 60 G0 oo o0 66 6 60 G0 eo o ob

—40 -20 0 20 40 —40 -20 o 20 40 —40 =20 0 20 40
X m] XIm] X[m]
@ Walls markers @® Racks markers Hybrid markers Input station B Output station [0 rack block

Figure 1. Plan view of the square warehouse (100 x 100 m) with the marker-deployment scheme for
the three levels of factor A. Grey rectangles are rack blocks; the green and red squares are the input
and output stations. Left: walls (40 markers on the perimeter); center: racks (288 markers on rack
faces); right: Hybrid (250 markers). The scheme is identical for the spatial and the planar regime.

Figure 2 shows 3D renderings taken directly from the Unity scenes: the primary
square layout (a) used throughout the main experiment, together with the L-shaped (b)
and U-shaped (c) layouts used later in the layout-robustness analysis (Section 5.8). Each com-
plements the schematic plan of Figure 1—the red-walled hall, the rack grid with its traversable
aisles, and the deployed spatial references (blue). All elements are drawn to real scale; since
the vehicle and the references are small relative to the hall, each panel includes a zoomed inset
showing the vehicle (a forklift) at real size next to the rack-face references it passes.

Figure 3 summarizes the study as a systematic flow diagram. Panel (a) is the outer
experimental pipeline—the 54-configuration factorial evaluated for both identifier regimes,
the N paired replications per configuration, and the capture and analysis of the per-run
records. Panel (b) is the per-run scenario itself: the vehicle plans a NavMesh route through
the goods and drives it, performing a 360° orientation check every 100 m; a detected marker
re-orients it; otherwise, it enters a lost state and nudges, the run aborting after 100 failed
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recovery sweeps and completing when it reaches the output station. The detailed detection
and recovery rules are given in Section 4.2.

(a) Square layout (b) L-shaped layout (c) U-shaped layout

Figure 2. Oblique 3D renderings of the three simulated warehouse layouts, taken directly from the
Unity scenes: (a) square (the primary layout), (b) L-shaped, and (c) U-shaped (used in the layout-
robustness analysis). The red perimeter walls enclose the rack grid; the grey blocks are the rack rows,
and the white lanes between them are the traversable aisles the vehicle drives. Blue cubes mark
deployed spatial references at the candidate rack-face positions (at the two ends and the middle of
each rack face); the cubes are visualization glyphs indicating reference positions and do not represent
the proposed physical geometry of a spatial reference. Everything is drawn to real scale, so the vehicle
(the forklift, circled orange) and the references are small relative to the hall; each panel therefore includes
a zoomed inset showing the vehicle at real size next to the rack-face references it passes.

(a) Experiment pipeline (b) Per-run scenario

Factorial design Start: input station
54 configurations (3x3x2x3)
X 2 identifier regimes
Plan NavMesh path:

input -> 15 goods -> output

Replication
N paired runs / config l

(N =100/10/50)

— Drive along path

Simulation run
one run -> scenario (b)

output
reached?

COMPLETED

yes
(re-oriented)

Per-run JSON record
metrics . trajectory . events

(run geometric detector)

360 deg orientation scan
‘ g ’

Aggregate + paired statistics ‘
ANOVA . effect sizes . 95% Cls

marker
detected?

T -

Figures & tables Lost state:
nudge by C (20 /30 m)

|

>= 100 failed
sweeps?

Figure 3. Systematic overview of the experiment. (a) Experiment pipeline: the 54-configuration
factorial (3 x 3 x 2 x 3) run for both identifier regimes with N paired replications per configuration,
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each producing a per-run JSON record that is aggregated into the paired statistics and figures.
(b) Per-run scenario flowchart: NavMesh route planning, driving, the periodic 360° orientation check,
the loss-and-nudge recovery loop, and the completed /aborted outcomes.

The scenario is a controlled benchmark rather than a digital twin of a particular
warehouse; its purpose is to expose the vehicle repeatedly to the viewing geometries that
distinguish the two regimes. The square 100 x 100 m layout is large enough to contain long
aisle traversals, repeated line-of-sight interruptions, and several marker-spacing regimes
while remaining computationally tractable for a full-factorial campaign, and the three-
column, sixteen-row rack grid forces edge-on views of rack-facing markers. The number of
goods was fixed at 15 to create multi-aisle routes long enough to expose the vehicle to many
marker-viewing angles while keeping the run duration feasible for 10,800 simulations;
this produced routes with a median length of about 1140 m (mean 1430 m, the difference
reflecting the extra travel during recovery). Goods are sampled, using the run index as
the random seed, from the accessible aisle regions only—excluding rack obstacles and
the stations—and are then visited in a seeded Fisher—Yates random order (no travelling-
salesman optimization), with NavMesh computing the shortest collision-free path between
consecutive waypoints. The scenario is not claimed to cover all warehouse operating
conditions; it isolates a canonical aisle-based geometry in which angular readability is
expected to matter most. The main scenario parameters and the rationale for their values
are summarized in Table 1.

Table 1. Scenario parameters and the rationale for their values. Lengths use the Unity convention
1 unit = 1 m; the settings are identical for the spatial and the planar regime, and the scenario is a
controlled benchmark rather than a calibrated digital twin of a specific warehouse.

Parameter Value Rationale

Warehouse size 100 x 100 m Controlled benchmark with long aisle traversals

Rack layout 3 columns x 16 rows Forces repeated edge-on views of rack-facing references
Rack block (W x H x D) 28 x5 x2m Long rack faces viewed edge-on along the aisles

Aisle width ~4m Narrow aisles typical of dense storage

Identifier height ~3m On rack faces/perimeter walls, near camera height
Camera height 3m Vehicle-mounted forward camera

NavMesh agent radius 0.75m, height 3m Idealized holonomic model on a 2D NavMesh

Goods per run 15 Multi-aisle routes while keeping batch runtime feasible
Goods placement seeded, accessible aisles Route variability while preserving paired comparison
Start/end fixed input/output stations Consistent mission objective

Orientation-check interval ~ 100 m travelled Periodic re-check; passes short marker gaps, flags long blind stretches
Recovery scan 360° at 90° /s Local re-acquisition before relocation

Recovery step (C) 20/30m Coarse relocation after a failed scan

Abort condition >100 failed recovery scans (whole run)  Prevents infinite recovery loops

3.2. Simulation Framework

The framework is an integrated software system organized into five layers: a simula-
tion core (Unity 6), a navigation layer (NavMesh + Al Navigation), a perception layer with
a simulated geometric detector, a communication layer prepared for future deployment
on real hardware (ROS2 for Unity [55], inactive during the reported experiments), and
an analytical layer in Python 3.14.7. The architecture is detailed in Section 4. Because
the Vuforia model-target recognition [41] requires a real camera image and cannot run
in the headless batch mode needed for thousands of repetitions, it is replaced during the
experiments by a deterministic geometric detector that models visibility (detection range,
field of view, line of sight, and a short temporal persistence) rather than image processing.

3.3. The Spatial Reference and the Two Detection Regimes

Throughout this article, a spatial reference denotes a deliberately designed, asymmetric
three-dimensional object with (i) a distinctive appearance intended to be recognizable across
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azimuthal viewpoints, (ii) a unique identity, (iii) a known global pose in the warehouse
map and (iv) a consistent object coordinate frame. Its availability from an arbitrary azimuth
is treated as a modelled geometric assumption: the object is not a physically validated design
in this study, and we deliberately distinguish the concept of a spatial reference, the idealized
geometric model of it used here, and any future physical implementation.

The geometric detector has a single switchable property that constitutes the only
difference between the two compared regimes. In both regimes, a reference is available at a
given instant only if it lies within the detection range D, within the horizontal field of view,
and in line of sight, and if these conditions persist for a short window (0.25s). The regimes
differ in one additional condition:

e Idealized all-azimuth spatial-reference regime (spatial regime)—the reference is avail-
able from any azimuth about its vertical axis; no incidence-angle condition is imposed.

*  Single-sided, angularly constrained planar-reference regime (planar regime)—the
reference is available only when, in addition, the viewing direction lies within a
modelled readability half-angle of the reference surface normal, fixed at the reference
value of £20° [3]; other half-angles are examined only in the angular-sensitivity
analysis (Section 5.4).

QR codes, ArUco markers, and AprilTags are examples of the planar regime; the model
represents only the geometric availability common to them, not any specific decoding or
corner-detection algorithm. Multi-point line of sight is used: a reference counts as available
if a clear ray reaches any point of a 10 x 10 grid over its face, so partially occluded references
still count. Because both regimes run in an identical factorial frame, sharing the same goods-
layout seeds, target sequences, initial conditions, and navigation rules, any difference in
the outcome is attributable solely to the availability model. The realized trajectories may
nevertheless diverge owing to regime-dependent recovery events (Section 4.2), which is
itself a consequence of the availability difference rather than a confound.

Figure 4 shows the vehicle’s sensing footprint from above. Only geometry enters the
model: a reference is available when it lies within the detection range D and the camera field
of view B, is in line of sight, and (in the planar regime only) is seen within the readability
cone about its surface normal. Rack-face references passed along an aisle are seen edge-on
at a large incidence angle, so they fall outside the planar-readability cone while remaining
available to a spatial reference. The figure illustrates this geometric model and is not an
image processed by a vision algorithm.

Bird's-eye view of the vehicle sensing footprint in an aisle, drawn to real proportions (illustration of the geometric availability model, not a processed camera image)

camera field of view (B) incidence =63° (edge-on)

rack block

\

vehicle
(camera)

\
|
1 aisle width
1< ~4m

H detection range D

]

]

- . 0
rack block

. reference inside FOV and range D reference outside FOV or range

Figure 4. Bird’s-eye view of the vehicle’s sensing footprint in an aisle, drawn to real proportions (rack
block 28 x 2m, aisle 4 m, vehicle 3.5 x 1.5m). The vehicle (yellow, with its heading arrow) drives along
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the aisle; the shaded wedge is the camera field of view (B), clipped to the aisle corridor, and the
dashed arc is the detection range (D). References are deployed only at the two ends (the rack corners)
and the middle of each rack face, as in the simulation. Blue squares are the references that fall inside
the field of view and range—here the middle pair the vehicle is passing (dotted lines are the lines of
sight to them)—while grey squares are outside the field of view or beyond range; the callout gives
the incidence angle at one of the in-view references, which is large because rack-face references are
seen edge-on. This is an illustration of the geometric-availability model, not an image processed by a
vision algorithm.

3.4. Factorial Design

We ran a full-factorial experiment over four deployment factors with 3 x 3 x 2 x 3
= 54 configurations (Table 2), each replicated n = 100 times, giving 5400 runs per regime
and 10,800 runs in total. The reference positions are fixed by the deployment scheme (factor
A: walls = 40, racks = 288, Hybrid = 250 references). The Hybrid scheme is deliberately
not the arithmetic sum 40 + 288 = 328: rack-face markers that would coincide with, or sit
directly behind, a perimeter wall are removed to avoid redundant, mutually occluding
markers, which leaves 250. Only the goods (collection targets) are semi-random and
seeded. The number of replications is sufficient for narrow 95% confidence intervals and a
high-power factorial analysis of variance [56].

Table 2. Factors of the full-factorial experiment, their levels and operational meaning.

Factor Levels Operational Meaning Notes
reference counts 40/288/250; Hybrid is not the set-theoretic union
A — deployment scheme  walls/racks/Hybrid identifier-deployment of t.h'e wall a.nd rack l'ayouts —it Fombm.es wall and ra?clf-corner
strategy positions while removing rack positions adjacent to an existing wall
identifier to avoid local redundancy
B — field of view 60/90/120° horizontal camera FOV +B/2 from the robot heading
displacement during a . . ..
C — recovery step 20/30m recovery attempt applied only after a lost state, not in normal driving
D — detection range 2/4/8m maximum - recognition 4. inant deployment factor (Section 5.3)

distance

These three schemes are domain-informed full deployment layouts rather than equal-
count layouts: wall identifiers are positioned around the perimeter to provide references
near aisle exits and along perimeter travel, rack identifiers occupy eligible rack-corner
positions naturally encountered during aisle traversal and recovery, and the Hybrid scheme
combines both principles while removing locally redundant rack positions adjacent to wall
identifiers. The primary experiment therefore answers how three practically designed full
deployment schemes behave, whereas the equal-count control of Section 3.6 answers how
the three deployment domains behave at an identical count of 40 identifiers and rules out
that the spatial-regime advantage is a mere consequence of the differing counts.

3.5. Metrics and Hypotheses

For each run, we record the reference coverage (fraction of markers detected at
least once), the mission-completion rate (reaching the output station vs. abort), the
number of distinct references seen, the loss events, and the full run configuration for
reproducibility. Four hypotheses were formulated (Table 3): H1, that the spatial reference
achieves significantly higher coverage than the planar reference with a large effect (d > 0.8);
H2, that it achieves a higher completion rate; H3, that detection range is the dominant
deployment factor; and H4, that the spatial-regime advantage is largest where markers are
viewed edge-on (a strong deployment x range interaction).
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Table 3. Experimental hypotheses, the metric and statistical test used to evaluate each, the acceptance
criterion, and the section that reports it.

Hyp. Statement

Metric Test/Model Acceptance Sec.

The spatial reference yields higher refer-

H1 ence coverage than the planar reference. Reference coverage [%]  paired Wilcoxon signed-rank p <0.05d, >0.8 Section5.1
H2 me .spatlal ref?rence yields a higher completed vs. aborted McNemar + logistic regression ~ p < 0.05,0OR >1  Section5.1
mission-completion rate.
Detection range is the dominant deploy- o ~ . .12 .
H3 ment factor. coverage [%] type-II factorial ANOVA largest partial 77 Section 5.3
H4 The spatla} “regime advantage is largest for coverage [%] factorial ANOVA (A x D) strong A x D Section 5.2
edge-on viewing.
Statistical Analysis

The replications within a configuration are independent draws of the goods layout, but
the same run index uses the same goods seed in both regimes, so the two regimes form a
paired (blocked) design, which we exploit rather than ignore. Reference coverage is therefore
compared primarily with a paired Wilcoxon signed-rank test [57] and the matched-pairs effect
size d,; binary mission completion with McNemar’s test on the discordant pairs [58] and
with a logistic regression of completion on regime and all four factors. For completeness and
comparability we also report the unpaired Mann-Whitney U test [59], the Welch t-test [60]
and Cohen’s d [61]. Factor importance is assessed with a type-II factorial analysis of variance
on reference coverage, using the saturated model coverage ~ A x B x C x D with partial
1> as the effect-size measure [56]; because coverage is a bounded percentage, the ANOVA
normality assumption holds only approximately, which is why the headline comparison rests
on the distribution-free paired tests rather than on the parametric model alone.

3.6. Additional Robustness Analyses

Two targeted robustness analyses were added in response to concerns about the
assumed planar-readability angle and the unequal identifier counts of the original deploy-
ment schemes. They were designed to isolate these two issues separately rather than to
introduce a fully crossed quantity x angle experiment. The original factorial remains the
primary experiment; these are targeted controls that reuse the same simulation framework,
warehouse, detection model, navigation rules, and predefined goods-layout seeds. Runs
are paired by route-generation seed, with the realized trajectories allowed to diverge as a
consequence of regime-specific recovery events.

Angular-threshold sensitivity analysis. This sweep was designed as an aggregate
sensitivity analysis rather than a second high-precision factorial. The reference £20° planar-
readability condition was supplemented by levels of £10°, £30°, £45° and £60°; for
each threshold the original 54 configurations were retained and only the incidence-angle
condition of the planar regime was changed, while the spatial regime is angle-independent
by construction and serves as the fixed reference. Each configuration used N = 10 paired
replications, and because every threshold was evaluated over all 54 configurations, this
yields 540 runs per threshold. The same predefined goods-layout seeds were used at
every threshold, preserving the paired structure and ensuring that observed differences
are not caused by different route instances. The analysis is therefore interpreted at the
aggregate level—the direction and magnitude of the response across thresholds—rather
than as configuration-specific inference, and it is not intended to establish a universal
physical readability limit. Because repeating the entire factorial at each additional threshold
substantially increases the computational burden, N = 10 was used here as a targeted
robustness check; the primary experiment retains N = 100 and remains the basis for the
headline conclusions.
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z[m]

(a) Walls-40 (n=40, original positions)

Equal-count deployment control. An equal-count control was added to determine
whether the regime difference persists when identifier quantity is held constant. It contains
three deployment domains with exactly 40 identifiers each: Walls-40 retains the original
40 perimeter positions; Racks-40 selects 40 positions from the 288 eligible rack-face candi-
dates; and Combined-40 selects 40 positions from the complete union of the 40 wall and
288 rack candidates (|Ccombined| = 40 + 288 = 328). Combined-40 is therefore an equal-
count combined-domain control and should rnot be confused with the 250-identifier Hybrid
deployment of the primary experiment, whose domain-informed redundancy-removal rule
it does not reproduce. For Racks-40 and Combined-40, positions were selected with the
same deterministic farthest-point procedure: starting from the candidate nearest the layout
centroid, the algorithm repeatedly added the candidate maximizing its minimum planar
Euclidean distance to the already-selected set until exactly 40 positions were obtained, with
ties resolved by the lowest candidate index. The procedure uses only candidate coordinates
and deployment-domain membership; it does not use the identifier regime, route outcomes,
reference coverage, mission completion, or any other response variable, and the selected
positions are identical for the spatial and planar regimes—it is thus outcome-independent
and does not favor either regime by construction. The selected indices are published for
auditability, and the three schemes are shown in Figure 5. The control was run for both
regimes at detection ranges {2,4,8} m, FOV 90° and recovery step 20m, with N = 100
paired replications, under the reference £20° planar condition; it isolates deployment do-
main from identifier quantity and is not intended to estimate a quantity x angle interaction
(that sensitivity is evaluated separately above).

Exp-2 - equal-count control: placement of 40 identifiers (square warehouse 100x100 m; deterministic farthest-point selection - max-min spacing)

(b) Racks-40 (n=40, FPS from 288) (c) Combined-40 (n=40, FPS from 328 = walls + racks)
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Arrow = surface normal defining the planar readability direction. Grey rectangles = rack blocks (3 columns x 16 rows). Red frame = perimeter walls. In (c): square = wall marker, circle = rack marker.

Figure 5. Equal-count identifier-deployment schemes used in the control experiment. Each scheme
contains exactly 40 identifiers: (a) Walls-40 (the original 40 perimeter positions), (b) Racks-40 (farthest-
point selection from the 288 rack-face candidates) and (¢) Combined-40 (farthest-point selection
from the complete union of the 40 wall and 288 rack candidates, 328 in total). Arrows denote each
reference’s facing normal, i.e., the readable direction of the planar code. The reference glyphs mark
deployment positions and are not drawn to physical scale.

Layout-robustness analysis. To determine whether the navigation-level effect of
angular reference availability was specific to the original square warehouse, the com-
plete factorial experiment was replicated in L-shaped and U-shaped aisle-based layouts
(Figure 6). The three environments retain comparable floor area, rack density (48 rack
blocks of 28 x 2m with 4 m aisles), identifier-deployment rules, navigation parameters and
experimental factors, while differing in their outer boundary and route geometry. The
same predefined goods-layout seeds were used, and for each layout both the spatial and
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the planar regime were evaluated with the same 54-configuration factorial and 100 paired
replications, giving 10,800 runs per layout and 32,400 runs across the three layouts. The
stability of the regime effect across layouts is assessed with a separate two-way model,
coverage ~ regime X layout, fitted to the run-level observations of the three environments
with regime and layout as categorical factors; partial 7> compares the regime main effect
with the regime X layout interaction. This model is distinct from the primary A x B x C x D
ANOVA. Within each layout, the paired regime contrast is additionally summarized by
a matched-pairs effect size based on identical seed indices. The analysis quantifies the
stability of the availability effect across the three tested aisle-based layouts and does not
claim independence from warehouse shape in general.

Warehouse layouts for the layout-robustness analysis (48 rack blocks of 28x2 m, 4 m aisles; the outer boundary and route geometry change)

(a) Square (48 rack blocks)

(b) L-shaped (48 rack blocks) (c) U-shaped (48 rack blocks)

60

60 609 jnput

]

W ¢

40

output

20 40 —40 -20 « [Dm] 20 40 —40 -20 M [Om] 20 40
Figure 6. Warehouse layouts used in the layout-robustness analysis: (a) square, (b) L-shaped and
(c) U-shaped environment. The layouts preserve comparable scale, rack density (48 rack blocks of
28 x 2m, 4 m aisles) and aisle-based organization while changing the outer boundary and route
geometry; green and red squares mark the input and output stations.

Additional operational metrics. Because reference coverage has a denominator that
depends on the number of deployed references, the robustness analyses additionally report
metrics normalized by the travelled route and by time. These are obtained from per-run
event records and accumulated visibility summaries rather than from a stored per-frame
trace. Let L denote the total travelled distance of a run and T its duration, and call a
reference available at an instant when it satisfies all regime-specific detection conditions:
within range, within the field of view, within the incidence cone (planar regime only), in
line of sight, and continuously so for at least the 0.25s persistence window.

e Distinct identifiers detected per 100m: p100 = 100 Ngjstinct/ L, where Ngistinct is the
number of distinct identifiers detected at least once during the run. This is a distinct-
identifier density, not a count of detection events.

*  Proportion of time with an available reference: pyis = tyis/ T, where tyis is the accumulated
time during which at least one identifier is available.

»  Continuous reference-free distance: let {gy } be the lengths of the maximal continuous
travelled-distance segments during which no reference is available; for each run we
compute the maximum gmax = max gx and the 95th percentile go5 = Qpo5({gx}) of
that run’s segments. The mean, confidence interval, median, and interquartile range of
these run-level statistics across all runs are then reported.

*  Time and distance to relocalization: for each loss-of-orientation event 7, from entry into the
lost state until the vehicle re-localizes, let T; be its duration and §; the distance travelled
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during it; we report the per-run means T and 5. Aloss interval that remains unresolved
and ends in mission abort is included using the elapsed time and distance recorded up
to the abort point; these are lower-bound observations, because the recovery interval
would have continued in the absence of the abort threshold. The fraction of runs that
abort is the complement of the mission-completion rate.

*  Recovery nudges per run: the total number of nudge (repositioning) events during a
run. Each nudge follows a full 360° scan that failed to re-acquire a reference; scans
and nudges are not logged separately, so only the nudge count is reported.

The primary experiment retained 100 paired replications per configuration. The angular
sweep and the operational-metric analysis used fewer paired replications (10 and 50 per
configuration, respectively) because they are targeted robustness checks whose interpretation
focuses on effect direction, magnitude, and confidence intervals rather than on replacing the
higher-precision primary experiment; the equal-count control retained the full 100 replications,
as it is the direct rebuttal to the marker-count confound.

4. System Architecture and the Geometry of Readability
4.1. Software Architecture

The framework is organized into layers that communicate through a strictly one-way
data flow, shown at the component level in Figure 7. The Unity simulation produces JSON
records, which the Python layer turns into plots and statistical summaries; this one-directional
interface makes it easy to test or replace individual layers, for example to swap the geometric
detector for a real Vuforia integration when moving to physical hardware. A PowerShell
orchestration layer launches the runs in headless batch mode. The navigation agent is an
idealized kinematic model (holonomic motion on a 2D NavMesh), which is sufficient because
the studied variable, the angular detectability of references along the trajectory, is largely
independent of the vehicle’s motion dynamics.

PowerShell orchestration layer
headless batch launch of every configuration (smoke / regression guarded)

l

Unity simulation core (C#) — one run of one configuration

ExperimentController RandomizationController
factorial configuration seeded goods layout
reference placement (Walls / Racks / Hybrid) (paired by run index across regimes)

per-frame
NavigationController visibility query SimulatedidentifierDetector
NavMesh path - driving - geometric detector every frame:
360° orientation scan - nudge recovery range - FOV - incidence - line of sight

one-way data flow

DetectionHandler - LostPositionHandler MetricsCollector
found / lost state - per-frame visibility evaluation -
recovery trigger accumulated run-level summaries & events

CommandParser - MessageBuilder » ROS2 bridge (future physical AGV)

|

‘ Per-run JSON record ’

outcome - coverage - trajectory - lost events - reference-free gaps - timing

|

‘ Python analysis layer ’

aggregation - paired statistics (numpy - pandas - scipy - statsmodels) - figures (matplotiib)

Figure 7. Component -level architecture and data flow of the simulation framework. The PowerShell or-
chestration layer launches headless runs; the Unity simulation core (C#) groups the configuration/scene,

https://doi.org/10.3390/eng7080394


https://doi.org/10.3390/eng7080394

Eng 2026, 7,394

16 of 32

navigation, perception, and instrumentation components; each run writes a per-run JSON record that
the Python analysis layer turns into statistics and figures. The dashed block is the prepared ROS2
bridge to physical AGV hardware, which is not used in the present simulation study.

Within the Unity simulation core, the ExperimentController fixes the factorial config-
uration and the reference deployment, and the RandomizationController seeds the goods
layout. The NavigationController and the SimulatedIdentifierDetector then inter-
act every frame: the detector reports geometric visibility (range, field of view, incidence,
line of sight) and the controller drives, scans and recovers, while the DetectionHandler,
LostPositionHandler and MetricsCollector track the found/lost state and record the
metrics. Each run emits a single JSON record that the Python layer aggregates into the
statistics and figures. A prepared ROS2 bridge (CommandParser, MessageBuilder) is the
intended path to physical AGV hardware and is not exercised in this study.

4.2. Detection and Recovery Logic

The geometric detector evaluates, every frame, each marker within the detection range
D of the camera (a uniform spatial grid restricts this to the local neighborhood). A marker
is counted as detected when it is simultaneously (i) within range D; (ii) inside the horizontal
field of view, i.e., the angle between the heading and the direction to the marker is < B/2;
(iii) available in the spatial regime always, or in the planar regime only if the incidence
angle between the reference normal and the viewing direction is < 20°; (iv) in line of
sight—a clear ray reaches at least one point of a 10 x 10 grid sampled over the marker face,
so partially occluded markers still count—and (v) it has satisfied (i)—(iv) for at least a short
persistence window (0.25s). In the primary factorial experiment, the planar incidence-angle
threshold in condition (iii) is fixed at the reference value of 20°; only in the supplementary
angular-sensitivity analysis (Section 5.4) is this constant replaced by the tested values of
10°, 20°, 30°, 45° and 60°. Physical interpretation of the modelled parameters can be seen
in Table 4.

The agent follows a NavMesh path that visits the 15 goods—in a seeded random order,
not an optimized route—and ends at the output station; the planner returns the shortest
collision-free path between consecutive waypoints. Each reference has a unique identity
and a known global pose in the warehouse map. When a reference becomes available, the
model treats it as yielding the pose of the camera relative to that reference; composed with
the reference’s known global pose, this relative transformation updates the vehicle’s global
pose estimate—this update is the relocalization event, and it occurs at the exact instant a
reference first satisfies all availability conditions (during driving or during a scan). In this
idealized geometric model the relative pose is assumed error-free and identical in both
regimes, so the study models the availability of a relocalization reference, not the accuracy
of the resulting pose; between observations the vehicle relies on drift-prone relative motion,
and the periodic orientation check models the point at which accumulated drift, in the
prolonged absence of any available reference, forces an explicit relocalization attempt.
Orientation is re-checked periodically: every 100 m of travel the agent rotates to a reference
heading and performs a 360° scan at 90° /s, evaluating detection every frame. If the scan
finds a marker, the agent resumes immediately; only if a full sweep finds nothing does it
enter a genuine lost state and perform a nudge—a displacement of C (20 or 30 m, factor C)
toward the first of eight candidate compass directions that lands on the NavMesh—after
which it rescans. The nudge physically moves the agent, so a lost state affects both the
trajectory and the metrics. After 100 failed recovery sweeps in total over the run, the run is
aborted; reaching the output station marks it completed.

The two thresholds are deliberate, conservative choices applied identically to both
regimes, so they do not bias the spatial-planar comparison. The 100 m orientation-check
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interval lets the vehicle cross short marker gaps without an expensive stop while treat-
ing a prolonged absence of any visible marker across several aisle segments as a loss of
orientation; a dedicated sensitivity analysis of this interval is outside the present scope
and is left for future deployment-specific calibration. The two recovery-step levels (20 and
30m) represent coarse relocation maneuvers at the scale of aisle spacing rather than fine
local corrections, and test whether recovery behavior materially changes coverage and
completion once visual reference is lost. The full logic is given as pseudocode in Figure 8.

| # DETECTION (per frame, per marker m within range D of camera c)

> detected(m) := dist(c,m) < D

3 and horiz_angle(c.heading, c—m) < B/2

4 and (regime = ALL_AZIMUTH or incidence(m.normal, m— c) < 20 deg)
5 and 1lineOfSight(c, m) # clear ray to > 1 of 10x10 pts on m

6 and visible_for(m) > 0.25 s

s # NAVIGATION + RECOVERY

9 goods < 15 targets, seeded random order # not TSP-optimized

10 path < NavMesh shortest path: Input — goods — Output

11 fails < 0; d_travel < O

12 for each step along path:

13 drive(step); d_travel < d_travel + step_length

14 if d_travel > 100 m: # periodic orientation check
15 d_travel < 0

16 rotate to reference heading

17 repeat:

18 360 deg scan at 90 deg/s, checking detected(*) each frame

19 if any detected(m): break # (re)oriented — resume
20 fails < fails + 1

21 if fails > 100: return ABORTED # total over the run

2 nudge by C (20/30 m) to first of 8 dirs valid on NavMesh

23 return COMPLETED # Output reached

Figure 8. Pseudocode of the geometric detector (top) and the navigation/recovery loop (bottom). The
single condition regime == ALL_AZIMUTH is the only difference between the two compared systems.
The listing shows the reference configuration with a 20° planar-readability half-angle; the angular-
sensitivity analysis (Section 5.4) replaces this constant with the threshold of the respective condition.

Table 4. Physical interpretation of the modelled parameters. The geometric model captures the
availability of a localization reference; it deliberately abstracts away image formation, decoding and
dynamics, which would require rendered-image or physical validation.

Parameter

Physical Meaning

Governed by

Modelled as

Not Represented

Detection range D

Max distance at which a ref-
erence is recognizable

Reference size, camera reso-
lution, optics, algorithm

Hard cutoff, D € {2,4,8} m

Gradual range falloff, partial
recognition

Field of view B

Angular width of the camera
view

Lens and sensor

Hard horizontal cone +B/2,
B € {60,90,120}°

Vertical FOV, lens distortion

Planar half-angle

Max incidence angle at
which a planar code is
readable

Code type, print quality, res-
olution, lighting

Hard cone =+20° (planar
only; swept 10-60°)

Smooth probabilistic decod-
ability

Persistence

Minimum dwell before a ref-
erence counts

Frame rate, detector latency,
motion blur

0.25 s continuous satisfaction

Filtering, detector-specific la-
tency

Line of sight

Unobstructed view of the ref-
erence

Occluders, scene geometry

Ray to >1 of 10 x 10 face
points

Soft/partial occlusion, trans-
parency

Reference size

Physical size of the reference

Manufacturing, mounting
space

Implicit, via detection range

Explicit pixel footprint

Camera resolution

Sensor pixel count

Camera hardware

Implicit, via detection range

Explicit image formation

Recovery step C

Displacement per recovery
nudge

Control policy, drivetrain

C € {20,30} m along first
valid NavMesh direction

Rigid-body dynamics, slip,
fine control
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4.3. Angular Readability of Planar and Spatial References

At the heart of the comparison lies a simple geometric argument about angular readabil-
ity. A single-sided planar reference has a single privileged direction—its surface normal—
and is available only within a narrow cone about it; rotating the viewing direction away
from the normal quickly removes availability, so the admissible set of azimuths is a small
angular sector. An all-azimuth spatial reference, by contrast, presents a recognizable appear-
ance from any azimuth, so every viewing direction around its vertical axis is admissible.

This difference is decisive in the geometry of a warehouse aisle. As the vehicle drives
along an aisle, it sees the references on the rack faces under continuously changing, mostly
oblique angles. For the planar regime, most of these viewing angles fall outside the readable
cone, so the reference is effectively unavailable for most of the pass; for the spatial regime,
every angle is admissible. The factorial experiment of Section 5 quantifies how large this
availability advantage is and—through the deployment X range interaction—confirms that
it is concentrated precisely where the planar reference’s narrow readable cone hurts most.

Figure 9 makes this availability geometry explicit. In the planar regime, a reference is
available only inside a readability cone about its surface normal (here £20°), so a camera
viewing it at oblique incidence obtains nothing; in the spatial regime, the reference is
available from any azimuth. Both regimes additionally require the reference to lie within
the detection range, within the camera field of view, and in line of sight.

Availability of a rack-face reference as the vehicle drives past, within detection range D (both regimes also require field of view and line of sight)

(a) Single-sided planar reference

(b) All-azimuth spatial reference

rack block rack block

\

\

7\

surface
normal

rgaﬂéble from every pass-by direction

/ \ /
+20° readable band ,v%hic\e path . (available from any azimuth) /véhicle path

obliquedncidence: ’
not readable 7

detection range D

>

detection range D

mmmm reference available W in range but not available (planar)

Figure 9. Availability of a rack-face reference as the vehicle drives past it within the detection range
D (top-down view of one rack segment and the adjacent aisle). (a) A single-sided planar reference is
available only where the viewing direction lies within the +20° readability band about its surface
normal (green); over the rest of the pass it is within range but seen too obliquely to be read (red). (b)
An all-azimuth spatial reference is available along the whole pass. Both regimes additionally require
the reference to lie within the camera field of view and in line of sight.

5. Results
5.1. Primary Comparison Under the Reference £20° Condition

Aggregated over all 5400 runs of each regime, the spatial regime achieves higher values
than the planar regime on every headline metric (Table 5, Figure 10): 5.7 x higher reference
coverage (41.6% vs. 7.3%), a 30 percentage-point higher mission-completion rate (86.2%
vs. 55.9%) and a 6.1 x higher number of distinct references seen per run. The difference
in coverage is statistically highly significant. Exploiting the paired design (Section 3),
a paired Wilcoxon signed-rank test on the 5400 matched runs gives p < 0.001 with a
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matched-pairs effect size d, = 1.84, and the spatial reference wins in 93% of pairs; the
unpaired Mann-Whitney U = 25,777,783 and Welch t = 102.5 (p < 0.001, Cohen’s d = 1.97)
agree. For mission completion, McNemar's test on the discordant pairs is decisive—1640
runs completed only under the spatial reference versus only 2 under the planar regime
(p < 0.001)—and a logistic regression of completion on regime and all four factors yields
an odds ratio of 790 (95% CI 519-1203, p < 0.001) in favor of the spatial reference.

Table 5. Headline metrics: spatial reference vs. planar reference (1 = 100, 5400 runs per regime).
Means with 95% confidence intervals (reference coverage and distinct count: normal-approximation
half-width; mission completion: Wilson interval).

Metric

Spatial Reference Planar Reference Effect Statistical Evidence

Reference coverage [%]

41.6 £0.6 73+£0.2 57x;d, =184

paired Wilcoxon p < 0.001; spatial regime
wins in 93% of pairs

Mission completion [%]

86.2 [85.3,87.1] 55.9 [54.5,57.2] +303 p.p,OR~ 790 McNemar p < 0.001; discordant 1640 vs. 2

Distinct references seen

80.8+1.6 13.2+0.3 6.1x descriptive comparison

Spatial regime vs planar regime (5400 runs per regime)

Reference coverage [%] Mission completion [%] Distinct references seen

50 -

Spatial regime

100 A
100 4

Planar regime Spatial regime Planar regime Spatial regime Planar regime

Figure 10. Overall comparison of the spatial reference and the planar reference on the three headline
metrics, aggregated over 5400 runs per regime.

The completion model is a logistic regression of the binary mission outcome on the
regime and the four deployment factors, all treated as categorical predictors with the planar
regime and the reference levels (deployment scheme = Hybrid, FOV = 60°, recovery step =
20m, range = 2m) as baseline; no interaction terms are included in this headline model.
The regime odds ratio of 790 is large but well bounded, and a cluster-robust variant (errors
clustered by the 54 configurations) leaves it strongly significant with a wider interval
(95% CI ~ [145,4308], p < 0.001). Some factor-level odds ratios are not finitely identified
because completion saturates—reaching 100% for rack-based deployment schemes in the
spatial regime and falling toward 0% for perimeter-only deployment at the shortest range
(quasi-separation); we therefore report the regime contrast (which remains finite and stable)
as the headline and characterize the deployment factors through the ANOVA on coverage
(Section 5.3) and the descriptive completion rates (Table 6). Hypotheses H1 and H2 are
confirmed.
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Table 6. Logistic regression of mission completion, model completion ~ regime + A + B+ C + D
(all predictors categorical; baseline = planar regime, deployment scheme = Hybrid, FOV = 60°,
recovery step = 20m, range = 2m; no interactions). Odds ratios (OR) with 95% CIs. Deployment
scheme (A) and detection range (D) are not finitely identified because completion saturates (quasi-
separation), so their levels are summarized qualitatively.

Predictor (vs. Baseline)

OR 95% CI Note

Regime: spatial vs. planar

the spatial regime strongly increases completion odds (p < 0.001);
790 [519, 1203] cluster-robust CI [145, 4308]

FOV 90° vs. 60° 1.9 [1.5,2.5] wider FOV raises completion
FOV 120° vs. 60° 9.4 [6.9,12.8] wider FOV raises completion strongly
Recovery step 30 vs. 20m 0.46 [0.37,0.57] larger nudge slightly lowers completion

Deployment scheme (A)
Detection range D

— — not finitely identified: completion saturates by deployment scheme
— — not finitely identified: completion — 99% at D = 8 m

Walls

5.2. Deployment x Range Interaction (H4)

The aggregate hides a strongly non-uniform pattern (Table 7, Figure 11). In rack aisles
at short and medium range (deployment = racks, D = 2 and 4m), the planar reference
reaches only 0-8% coverage, while the spatial reference reaches 20-48%. Reading the
A = spatial — planar columns of Table 7 by deployment scheme, the gap is largest for racks
at every range (the planar reference never exceeds 9%, so A grows to +50) and smaller for
walls, where the planar reference recovers to its highest value anywhere (24% at D = 8 m);
Hybrid behaves like racks with marginally higher planar-reference availability. Formally,
this is an interaction between deployment scheme and range, whose strength the analysis of
variance below quantifies, confirming H4. The geometric reason for the pattern is examined
in Section 6.

Table 7. Reference coverage [%] by deployment scheme (A) and detection range (D), with the gap
A = spatial — planar in percentage points. The spatial-regime advantage is largest in rack aisles,
where the planar reference is viewed edge-on.

D=2m D=4m D=8m
Deployment Scheme  Sp. PL A Sp. PL A Sp. PL A
Walls 2 0 +2 50 1 +49 70 24 +46
Racks 20 0 +20 48 8 +40 59 9 +50
Hybrid 19 2 +17 46 10 +36 60 11 +49

Reference coverage by deployment scheme and detection range

Racks Hybrid

I Spatial regime
B Planar regime

Reference coverage [%]

60

504 50
40 4
304
204
104
2 1
ol mmmmm O
2m 4m

Detection range D

70 ]
L
8m

4m 8m
Detection range D Detection range D

4m 8m

Figure 11. Reference coverage by deployment scheme and detection range for both regimes. The
largest spatial-regime advantage occurs in rack aisles at short and medium range, where the planar
reference drops to near zero.
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5.3. Factorial Effects in the Primary Experiment (H3)

A type-1I factorial ANOVA of the spatial regime (Table 8, Figure 12) shows that detec-
tion range D dominates, with partial 2 = 0.903—it explains the overwhelming majority
of the variability in coverage. The next strongest effects are the deployment x range interac-
tion (72 = 0.390) and the field of view (7% = 0.348); the deployment scheme on its own has
a small main effect (7> = 0.009), because a spatial reference is detectable from any angle and
thus depends mainly on whether it is within range at all. The model explains R = 0.916
of the variance. The same analysis for the planar regime is qualitatively identical, with
range again dominant (7% = 0.880) and an even stronger deployment x range interaction
(7 = 0.810), reflecting the planar reference’s greater geometric sensitivity. H3 is confirmed
for both regimes.

Table 8. Effect sizes (partial 52) from the type-II factorial ANOVA of reference coverage, for both
detection regimes (saturated model A x B x C x D; all listed effects p < 0.001 except spatial-regime
factor C, p = 0.019). Model R?2 =0916 (spatial), 0.925 (planar).

Effect

Spatial #* Planar#? Interpretation

D (detection range)

AxD

B (field of view)

BxD

A (deployment scheme)
C (recovery step)

0.903 0.880 dominant factor in both regimes

0.390 0.810 much stronger deployment-scheme sensitivity for the planar regime
0.348 0.123  secondary visibility factor

0.137 0.007 range and FOV jointly affect spatial-regime coverage

0.009 0.208  small for the spatial regime, larger for the planar regime

0.001 0.024 negligible influence on coverage

Factor importance for reference coverage (spatial regime, factorial ANOVA)

AxBxD

BxD

AxC

AXB

0.903

0.0

T T T T

0.2 0.4 0.6 0.8 1.0
Partial n?

Figure 12. Factor importance (partial 72) for reference coverage. Detection range is by far the most
influential factor, followed by the deployment X range interaction and the field of view.

The main effects (Figure 13) make the practical message concrete: coverage rises from
13.7% at D = 2m to 62.9% at D = 8 m, a far steeper dependence than on any other factor.
The same dominance holds for mission completion, which in the spatial regime rises from
66% at D = 2m to 93% at 4m and 99% at 8 m; the logistic regression of Section 5.1 likewise
identifies detection range as the strongest completion driver among the four factors.
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Figure 13. Main effects of the four factors on reference coverage with 95% confidence intervals (spatial

regime). (A) Deployment scheme, (B) field of view, (C) recovery step, (D) detection range. The steep
rise with detection range dominates.

5.4. Sensitivity to the Planar-Readability Threshold

The 20° readability half-angle of the planar reference is a modelling choice, so we
repeated the full 54-configuration factorial in the planar regime at five half-angles—10°,
20°, 30°, 45° and 60° (N = 10 per configuration, 540 runs each)—and compared them
against the angle-independent spatial reference. Coverage of the planar reference rises
monotonically with the readability cone, from 4.9% at 10° to 21.1% at 60°, whereas the
spatial reference is by construction insensitive to the angle at ~40% (Table 9, Figure 14).
The spatial-over-planar coverage ratio consequently narrows from 8.1 x to 1.9, but the
spatial reference retains an advantage across the entire tested range of reading angles; at the
reference 20° the ratio is 5.8 X, matching the headline 5.7 x. Within the range of thresholds
examined here, the reported advantage is therefore not an artifact of the specific 20° choice.

Planar readability-angle sensitivity (N=10/config)

=@= Planar coverage
40 4 - == Spatial coverage (angle-independent) (40 %)
30 -
21.1
20 -
11.1
10 T 6-9 ?.8
0 1 1 1 1 1
10 20 30 45 60

Planar readability half-angle [deg]

Figure 14. Planar-reference coverage as a function of the planar-readability half-angle (planar regime,
N = 10 per configuration), against the angle-independent spatial reference. The aggregate results
retain a spatial-regime advantage across all tested model thresholds.
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Table 9. Sensitivity of planar-reference coverage to the planar-readability half-angle. The planar
sweep spans the full 54-configuration factorial at N = 10 per configuration (540 runs per angle);
the angle-independent spatial reference (coverage 40.0%, completion 86.8%) is an independent
descriptive baseline computed from the full-factorial spatial-regime runs of the operational subset
(N = 50); being angle-independent by construction it is shown as a constant reference line, not as
a seed-matched pairing with the planar N = 10 sweep. Reference values differ slightly from the
headline N = 100 figures (planar 6.9 vs. 7.3%; spatial 40.0 vs. 41.6%).

Planar Completion [%] (Wilson

Planar Half-Angle Planar Coverage [%] (95% CI) 95% CI) Spatial/Planar Ratio
10° 491[4.5,53] 42.0[37.9, 46.2] 8.1x

20° (reference) 6.9[6.2,7.6] 52.4 [48.2, 56.6] 5.8%

30° 7.8[7.1,8.5] 53.9[49.7, 58.1] 5.1x

45° 11.1[10.3,11.9] 60.6 [56.4, 64.6] 3.6x

60° 21.1[19.5,22.8] 69.8 [65.8, 73.5] 1.9x%

Spatial reference 40.0 [39.1, 40.9] 86.8 [85.5, 88.0] —

5.5. Equal-Count Deployment Control

Because the deployment schemes of the main experiment differ in reference count (Walls
= 40, Racks = 288, Hybrid = 250), one might attribute part of the spatial-regime advantage
to the larger number of references rather than to their all-azimuth availability. To evaluate
whether the advantage persists at a constant identifier count, we constructed three equal-
count schemes with exactly 40 references each: Walls-40 (the original perimeter set), Racks-40 (40
positions from the 288 rack-face candidates) and Combined-40 (40 positions from the complete
union of the wall and rack candidates); the deterministic, outcome-independent selection is
described in Section 3.6. Each scheme was run for both regimes at detection ranges {2,4,8} m,
FOV 90° and recovery step 20 m under the reference +20° condition (N = 100 per cell). Pooled
over range, the spatial reference retains a clear advantage in all three schemes—coverage
37-43% versus 7-11% and mission completion 64-93% versus 0.7-33% (Table 10, Figure 15).
Resolved by detection range (Table 11), the range dominance of the primary experiment
reappears: spatial-regime completion reaches 100% at the longer ranges, whereas the planar
reference stays low except for perimeter references at D = 8 m. Under this reference £20°
condition, the advantage therefore persists when the identifier count is held constant, indicating
that the difference observed in the primary experiment cannot be attributed solely to the
unequal identifier counts of the original deployment schemes.

Equal reference count (n=40): spatial vs planar

(a) Coverage [%] (b) Mission completion [%]

100 4

80 -

60 -

Coverage [%]

40 A

204

B Spatial 100 A B Spatial
m Planar (£20 deg) 93 mmm Planar (£20 deg)

82

43
37

Mission completion [%)]

7

1
Racks-40 Combined-40 Walls-40 Racks-40 Combined-40

Figure 15. Equal-reference-count control (1 = 40 per scheme, N = 100): (a) reference coverage and
(b) mission completion for the spatial and the planar regime. The spatial regime achieves higher
coverage and mission completion in every tested equal-count scheme.
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Table 10. Equal-reference-count control: spatial vs. planar regime at exactly 40 references per scheme
(N = 100; FOV 90°, recovery step 20 m, ranges {2, 4,8} m pooled).

Scheme (n =40) Spatial Cov.[%] Planar Cov.[%] Spatial Compl. [%] Planar Compl. [%]

Walls-40 41.0 9.6 64.0 33.3
Racks-40 429 10.8 927 10.7
Combined-40 37.0 7.1 82.0 0.7

Table 11. Equal-count control resolved by detection range D (each cell N = 100; FOV 90°, recovery
step 20 m, reference +20°). Completion rises steeply with range for the spatial reference, reproducing
the range dominance of the primary experiment; the planar reference stays low except for perimeter
references at D = 8 m.

Scheme D [m] Spatial Cov. [%] Planar Cowv. [%] Spatial Compl. [%] Planar Compl. [%]
Walls-40 2 3.6 0.0 0 0
Walls-40 4 50.2 1.6 92 0
Walls-40 8 69.3 27.1 100 100
Racks-40 2 28.2 0.2 78 0
Racks-40 4 45.0 15.5 100 8
Racks-40 8 55.5 16.7 100 24
Combined-40 2 23.1 0.1 46 0
Combined-40 4 39.1 9.2 100 0
Combined-40 8 49.0 12.0 100 2

5.6. Operational Visibility and Relocalization Metrics

Reference coverage has a denominator that depends on the number of deployed
references, so we additionally report metrics normalized by the travelled route and by
time, computed from the per-run event records and visibility summaries over the full
factorial (54 configurations per regime, N = 50). The spatial regime keeps at least one
reference available for 22% of the run against 2% for the planar regime, sees 7.2 distinct
references per 100 m against 0.8, and shortens the longest reference-free stretch roughly
threefold (359 vs. 1096 m); after a loss of orientation it re-localizes about four times faster
(45 vs. 162s) and over roughly a quarter of the distance, and needs about half as many
recovery nudges (Table 12). Because the planar regime aborts more often, its relocalization
time and distance include more unresolved loss intervals recorded only up to the abort
point rather than to a genuine recovery (Section 3.6). Consequently, the reported planar-
regime relocalization times and distances are conservative lower-bound estimates for
unresolved cases, so the spatial advantage is, if anything, understated. Because these
distributions are strongly right-skewed, the table reports both the mean with its 95%
confidence interval and the median with the interquartile range; a paired comparison
across the 54 configurations (per-configuration means, Wilcoxon signed-rank) is significant
for every metric (p < 0.001). These route- and time-normalized figures do not depend on
the reference-count denominator and confirm the operational relevance of the advantage;
the 95th-percentile reference-free distance is reported as a descriptive supporting statistic.
In this N = 50 operational subset, the planar regime’s median realized route length is
about 2200 m, roughly twice its longest reference-free stretch (~ 1096 m) and well above
the primary-experiment median, because planar-regime runs wander substantially before
re-localizing, consistent with the ~7% planar coverage.
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Table 12. Operational metrics normalized by route and time (full factorial, 54 configurations x N =
50 = 2700 runs per regime). For each metric, the run-level mean with its 95% confidence interval and,
because the distributions are right-skewed, the median with the interquartile range are given. All
metrics favor the spatial reference; the paired comparison across the 54 configurations is significant
for every metric (Wilcoxon signed-rank, p < 0.001).

Spatial Regime Planar Regime
Metric Mean [95% CI] Median (IQR) Mean [95% CI] Median (IQR)
Distinct identifiers per 100 m 7.2[6.9,74] 4.8 (1.0-13.5) 0.8[0.8,0.8] 0.4 (0.0-1.6)
Proportion of time available 0.221[0.21,0.23] 0.08 (0.02-0.39) 0.02 [0.02, 0.02] 0.01 (0.00-0.03)
Max reference-free distance [m] 359 [335, 382] 101 (18-328) 1096 [1058, 1133] 367 (201-2208)
P95 reference-free distance [m] 322 [298, 346] 52 (12-241) 1077 [1039, 1115] 316 (161-2208)
Time to relocalization [s] 45 [41, 49] 6 (3-22) 162 [156, 169] 25 (12-402)
Distance to relocalization [m] 224 [201, 246] 11 (2-90) 864 [827,902] 105 (38-2098)
Recovery nudges per run 27 [26, 28] 5 (1-47) 60 [58, 61] 64 (18-99)

5.7. Spatial Blind-Belt Analysis

A heatmap of the locations where the vehicle loses orientation (Figure 16) reveals
blind belts—zones in which no reference is within range and line of sight, corresponding to
places where the spacing between adjacent references exceeds twice the detection range.
These zones are most pronounced at the shortest range and are the natural target of the
deployment method discussed below: they show exactly where references must be added,
or the range increased.

Blind belts: where the robot loses -

orientation (n=13,094) | 300

- 250

200

Z[m]

150

loss count

100

-40 -20 0 20 40
X [m]

Figure 16. Heatmap of loss-of-orientation (blind-belt) events in the square warehouse; the warmer
the cell, the more losses. The count n shown in the figure is the total number of recorded loss events
aggregated over all shortest-range (D = 2m) runs of the spatial regime—ot the number of simulation
runs—the shortest range being shown because blind belts are most pronounced there. These zones
indicate where markers should be added, or the detection range increased.

To make the navigation behavior concrete, Figure 17 shows, for each deployment
scheme, the best (highest-coverage, completed) spatial-regime run—the actual path the
robot drove from the input station, through the 15 goods, to the output station, in the
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Walls — best run (FOV 120°, D 4 m, coverage 95%)

square warehouse. In all three deployment schemes, the spatial regime keeps the vehicle
oriented along the full aisle traversal: the path is continuous, and loss events (red crosses)
are rare, occurring mainly at short detection range inside the blind belts identified above.
The contrast with the planar reference is implicit in the coverage gap of Section 5.2: with
a planar reference, the same aisle passes would leave the rack-facing markers unread for
most of their length.

Best robot routes for the three deployment schemes (spatial regime)

Racks — best run (FOV 120°, D 8 m, coverage 74%) Hybrid — best run (FOV 120°, D 8 m, coverage 71%)

40
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Figure 17. Best robot routes for the three deployment schemes (Walls, Racks, Hybrid) with the spatial
reference—the highest-coverage completed run in each case. Blue dots are identifiers, gold stars are
goods to collect, the navy line is the actual robot path, red crosses are loss-of-orientation events; the
green and red squares are the input and output stations.

5.8. Robustness of the Angular-Availability Effect Across Warehouse Layouts

Replicating the full factorial in the L-shaped and U-shaped layouts (Section 3.6,
Figure 6) shows that the availability advantage of the spatial regime is stable across
all three tested aisle-based layouts (Table 13). The spatial regime keeps coverage at
41.6/41.4/35.8% (square/L/U) against 7.3/7.9/6.2% for the planar regime—a coverage
ratio of 5.7x /5.3 x /5.7 x—and wins in 93/97/99% of the matched pairs, with a large paired
effect size (d, = 1.84/1.91/2.19). Mission completion is +30/+32/4-65 percentage points
higher under the spatial regime, the larger U-shape gap reflecting the planar regime’s
low completion (19.2%) in that more constrained route geometry. A two-way analysis of
variance of coverage on regime and layout attributes the overwhelming share of variance
to the regime (partial 72 = 0.523) and only a negligible amount to the regime x layout
interaction (7> = 0.004); that is, the advantage is essentially the same in all three lay-
outs. Detection range remains the dominant deployment factor within each layout (partial
7*(D) = 0.90/0.87/0.92). These results indicate stability of the effect across the three tested
aisle-based layouts rather than general independence from warehouse shape.

Table 13. Layout-robustness: spatial vs. planar regime across the square, L-shaped and U-shaped
warehouses (54 configurations x 100 paired replications per layout and regime; 5400 runs per layout
per regime). Coverage means with 95% confidence intervals; d is the matched-pairs effect size;
“spatial wins” is the fraction of matched pairs in which the spatial regime attains higher coverage.

Coverage [%]

Completion [%]

Layout Spatial Planar Ratio Spatial Planar A p.p. d, Spatl[e;/l ]W mns
Square 41.6 £0.6 73+£02 5.7x 86.2 55.9 +30.3 1.84 93
L-shaped 41.4+0.6 79402 5.3x 86.6 55.2 +31.5 1.91 97
U-shaped 35.8£0.4 62402 5.7x 84.0 19.2 +64.8 2.19 99
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6. Discussion

The experiment quantifies a difference that is, in part, geometric by construction:
the planar regime adds an incidence-angle constraint that the spatial regime does not, so
it is expected a priori that a reference is available more often in the spatial regime. We
therefore state the scope of the claim explicitly. This study (i) does not validate a specific
physical spatial reference, (ii) does not compare real image-based recognition or decoding
algorithms, and (iii) quantifies, under the reference geometric model, the navigation-level
consequence of an assumed angular-availability difference. Its scientific value lies not in
the direction of the effect, which follows from the model, but in its magnitude and structure:
the availability advantage is a factor of about 5.7 in coverage and 30 percentage points in
completion (large enough to affect operational usability), and it is concentrated, through
the deployment x range interaction, in the rack aisles that dominate a picking route. The
mechanism is the aisle viewing geometry: rack-facing references are seen edge-on at every
range, so in the planar regime availability stays near zero, whereas perimeter references
are approached more frontally and the planar regime partially recovers at long range; the
spatial regime, available from any azimuth, is indifferent to this distinction. The £20°
readability half-angle is a modelling choice reflecting the physical property of planar
codes [3]; because planar coverage decreases monotonically as the cone tightens, £20° is a
moderate rather than an extreme assumption. The aggregate sensitivity analysis of Section
5.4, sweeping the modelled half-angle from 10° to 60°, indicates that the spatial advantage
persists across all tested thresholds. Replacing the hard cutoff with a smooth probabilistic
readability model is left for future work.

The second, more actionable, finding is the dominance of detection range (partial
7% = 0.903). For a spatial reference available from any angle, the deployment scheme
matters little on its own; the binding constraint is whether a reference is within range. In
deployment terms, the operator has freedom in where to place references but is constrained
by the range, which is governed by reference size and camera resolution. The blind-belt
heatmap turns this into a concrete procedure: run a pilot batch, locate the belts, and
either increase reference density or detection range until the belts close. A blind belt is
defined locally, as a region where the spacing between adjacent references exceeds twice
the detection range, so that none is within range and line of sight; hence, within the present
geometric model, the blind-belt criterion is governed primarily by local reference spacing,
line of sight, and detection range rather than by the global outline of the warehouse. This
locality is the basis for expecting the method to transfer across layouts, and it is exactly the
pair of factors (density via deployment, and range) that the ANOVA identifies as dominant.

The layout-robustness analysis (Section 5.8) supports this locality argument empiri-
cally for the tested cases: the effect was not confined to the square warehouse but held in the
L-shaped and U-shaped layouts, with a negligible regime x layout interaction (1% = 0.004)
and detection range remaining dominant in each. The U-shaped layout showed the largest
completion gap, because its more constrained route geometry penalizes the planar regime’s
low availability more heavily. These three aisle-based layouts do not, however, represent
all warehouse types, so the finding is best read as stability across the tested layouts rather
than as general shape-independence.

The comparison is deliberately framed at the level of reference availability and is
technology-neutral. The all-azimuth regime is an idealization; in practice, azimuthal
availability can be approached by a multi-sided planar fiducial object that distributes ArUco-
or AprilTag-like markers over several faces [54]. The present results therefore quantify the
navigation-level value of azimuthal availability independently of whether it is obtained
from a shape-only spatial reference or from a sufficiently multi-sided planar object; a direct
comparison of these two physical realizations is a natural next step.
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The study has several limitations. First, the navigation agent is an idealized holonomic
model without rigid-body dynamics; a real forklift would add inertia, a minimum turning
radius, and slip. Second, and most importantly, the perception model is an idealized
geometric availability model: it captures range, field of view, incidence angle, line of sight
and persistence, but not image formation, decoding, or pose-estimation error. Several
geometric assumptions are shared by the two regimes, which supports a controlled com-
parison; even so, both the absolute performance values and the magnitude of the regime
difference remain conditional on the assumed availability rules. The absolute coverage and
completion figures should therefore be read as model-based estimates under the reference
geometric model rather than as empirically validated values, and their dependence on
lighting, material appearance, exposure, shadows, motion blur, occlusion, and the specific
detector is not represented and would require rendered-image or physical validation. Third,
the model does not include a cost or maintenance model, a technology-specific deployment
optimization, or a comparison of the computational cost of image-based planar decoding
versus spatial-object recognition; the physical manufacture, mounting, durability, and
soiling of a spatial reference are likewise outside its scope, and the range and field-of-view
factors are only proxies for the underlying camera and marker hardware. Fourth, the
experiment covers three aisle-based layouts (square, L, U) at a single scale; although the
blind-belt criterion is local, empirical generalization to other shapes, scales, and open-floor
layouts remains future work, so the transferability claim is a reasoned expectation rather
than a demonstrated result. Finally, the results are specific to visual, line-of-sight references
and do not transfer to non-line-of-sight technologies such as RFID or to feature-based visual
SLAM, whose availability and error characteristics differ fundamentally. Compared with
the closest related work [52], which shares the Unity + NavMesh foundation but analyses
individual runs of a single reference type, the present study adds the factorial comparison
of the two availability regimes, the robustness analyses and the geometric explanation of
the result.

Lighting and image formation are further determinants of visual-reference availability
that a purely geometric model does not capture. The present detector does not represent
illumination intensity, exposure, shadows, reflections, material appearance, or motion blur.
Empirical studies of visual localization and location-based AR under varying illumination
confirm that lighting changes can alter feature detection, matching stability, and localization
performance [62]. Satisfying the geometric range, field-of-view, incidence-angle, and line-of-
sight conditions should therefore be read as availability under favorable imaging conditions,
not as a guarantee of successful recognition by a physical camera system, and it is why
we treat geometric availability as a necessary but not sufficient condition for physical
recognition.

The geometric detector also says nothing about the cost of recognition. It does not
measure recognition latency, frame rate, computational load or energy use, and image-
based recognition of a spatial object may be more demanding than the detection of a planar
fiducial. The navigation-level availability benefit reported here would therefore have to be
weighed, in a physical system, against recognition latency, hardware requirements and real-
time control constraints, as well as against the manufacture, mounting, calibration, soiling
and physical damage of a spatial reference and the need to maintain a model registry.

7. Conclusions

This study presented a reproducible simulation-based method for evaluating the
navigation-level consequences of all-azimuth spatial-reference availability compared
with a single-sided, angularly constrained planar-reference regime. Under the refer-
ence geometric model, the spatial regime achieved 5.7 x higher reference coverage and

https://doi.org/10.3390/eng7080394


https://doi.org/10.3390/eng7080394

Eng 2026, 7, 394 29 of 32

a 30.3 percentage-point higher mission-completion rate. Detection range was the dom-
inant deployment factor, while the deployment-by-range interaction showed that the
largest benefit occurred in rack aisles, where planar references were frequently viewed at
oblique or edge-on angles. The qualitative advantage remained present across the tested
planar-readability thresholds, equal-count deployment controls, and Square, L-shaped, and
U-shaped warehouse layouts.

These results quantify the potential navigation benefit of azimuthal reference availabil-
ity under controlled geometric assumptions. They do not establish the physical superiority,
recognition accuracy, or real-time deployment readiness of a particular spatial identifier
relative to QR, ArUco, or AprilTag systems. Future work will therefore evaluate defined
physical reference geometries using rendered-image and real-camera recognition, calibrate
a probabilistic availability model under controlled imaging conditions, and validate the
approach on physical AGV/AMR hardware.
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