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Abstract

Despite decades of research, autonomous forklifts remain deployed at a small scale
(2-50 vehicles), while industrial warehouses require coordinating hundreds of vehicles in
environments shared with human workers. This systematic review analyzes forklift-specific
autonomous technologies published between 2010 and 2025 across major robotics databases
(including IEEE Xplore, ACM, Elsevier, and related venues) to identify deployment barriers.
Following the PRISMA guidelines, we systematically selected 122 peer-reviewed papers
addressing forklift-specific challenges across eight subsystems: vehicle modeling, localiza-
tion, planning, control, vision-based manipulation, multi-vehicle coordination, and safety.
We synthesized 80 methods through 8 standardized comparison tables with quality assess-
ment based on validation rigor. State-of-the-art approaches demonstrate strong laboratory
performance: localization achieving +1.4 mm accuracy, control enabling sub-centimeter ma-
nipulation, planning reducing mission times by 2-55%, vision reaching 98%-+ recognition,
and safety frameworks cutting rollover risk by 53-59%. However, validation predominantly
occurs at laboratory scale, revealing a critical deployment gap. These achievements do not
scale to industrial environments due to fleet coordination complexity, payload variability,
and unpredictable human behavior. Our contributions include the following: (1) perfor-
mance rankings with technology selection guidance, (2) systematic gap characterization,
and (3) research priorities addressing mixed-fleet coordination, learning-enhanced control,
and human-aware safety. This review was not prospectively registered.

Keywords: autonomous forklifts; automated guided vehicles; warehouse automation;

model predictive control; vision-based manipulation; multi-robot coordination;

human-robot safety; industrial robots; autonomous mobile robot

1. Introduction

The logistics and warehousing industry faces converging challenges that autonomous
forklift technology is uniquely positioned to address. Global labor shortages in warehouse
operations have reached critical levels, while demand for operational efficiency, preci-
sion, and continuous availability strain traditional manual operations has increased [1].
Industrial accidents involving material handling equipment—particularly forklift-related
incidents—underscore the urgent need for safer automated alternatives [2]. Autonomous
forklifts are intelligent material-handling systems capable of continuous operation with
consistent precision while reducing human exposure to hazardous environments. More-
over, unlike traditional industrial automation which requires complete facility redesign,
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autonomous forklifts can integrate into existing warehouse infrastructures. This enables
gradual automation pathways that preserve capital investments while delivering immedi-
ate operational benefits [3,4].

Despite extensive research attention on general mobile robotics and warehouse au-
tomation, autonomous forklifts present a distinct set of technical challenges warranting
dedicated examination. Existing surveys focus on broader autonomous mobile robots,
missing out on forklift-specific needs such as precise pallet handling, payload-dependent
vehicle behavior, and strict safety requirements for working closely with humans. This
gap has resulted in fragmented research where critical integration challenges remain
inadequately characterized, particularly the transition from laboratory validation to
industrial-scale deployment.

Autonomous forklifts differ fundamentally from general mobile robots across mul-
tiple dimensions that necessitate specialized analysis. Rear-wheel steering configura-
tions create non-minimum phase behavior and complex tracking dynamics absent in
conventional vehicles [5]. Variable payload conditions dramatically affect vehicle sta-
bility and control performance, with shifts in the center of gravity requiring adaptive
strategies across the entire operational envelope [6]. Terminal precision requirements,
such as lateral accuracy of 1-2 cm and sub-degree angular precision for pallet manip-
ulation, far exceed typical mobile robot specifications [7,8]. Furthermore, operations
in shared workspaces require safety frameworks that offer formal guarantees without
compromising productivity [9].

These forklift-specific constraints create inter-dependencies across subsystems that
cannot be understood through isolated subsystem analysis. Localization precision require-
ments stem from manipulation demands. Control strategies must account for payload-
dependent dynamics. Forklift path planning must handle large vehicle footprints and
kinematic constraints. Safety systems must balance rollover prevention with collision
avoidance. Existing surveys examining individual aspects such as mobile robot navi-
gation, manipulation system and warehouse coordination fail to capture these critical
interactions. Understanding these inter-dependencies is essential because advances in
sensor technologies, artificial intelligence, and modern control theory have made au-
tonomous forklift deployment increasingly viable. Commercial SLAM systems now achieve
millimeter-level accuracy. Deep learning enables robust perception under variable light-
ing and pallet conditions. Model predictive control provides frameworks for constraint-
aware optimization with formal safety guarantees [7,10]. The proliferation of advanced
perception systems including LiDAR, Time-of-Flight cameras, and computer vision al-
gorithms has further enhanced environmental understanding capabilities for industrial
automation [11]. Cloud computing and edge processing support real-time decision-making
for complex multi-vehicle coordination [12-14]. Yet, despite these technological advances,
industrial deployment remains limited.

This systematic review analyzes autonomous forklift technologies published between
2015 and 2025, a period encompassing the transition from early automation concepts to
modern learning-based and multi-agent systems. The 2015 starting point captures the
emergence of evolutionary technologies: commercial SLAM systems enabling centimeter-
level localization, deep learning revolutionizing perception, and sophisticated multi-robot
coordination frameworks. While our primary focus is on recent advances, we include
seminal foundational works published before 2015 when they establish key methodological
approaches or remain widely cited— such as fundamental path planning algorithms, core
control theory, and foundational computer vision techniques. This temporal scope ensures
comprehensive coverage of the field’s evolution while maintaining focus on technologies
relevant to current industrial deployment challenges.
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This comprehensive review systematically analyzes 122 papers spanning the full
spectrum of autonomous forklift technologies. Our systematic analysis across eight critical
subsystems—forklift modeling, localization, global planning, local planning, control, vision-
based manipulation, multi-forklift coordination, and safety—and yields three primary
contributions. First, we provide quantitative performance hierarchies through 8 detailed
comparison tables synthesizing approximately 80 methods, enabling objective assessment
of competing approaches within each subsystem. Second, we identify the validation-to-
deployment transition as the central barrier to industrial adoption, revealing that most
validation occurs at the laboratory scale (2-50 vehicles) despite operational requirements
for hundreds of coordinated forklifts. Third, we synthesize cross-subsystem integration
challenges and prioritize research directions addressing heterogeneous fleet coordination,
learning-enhanced payload-adaptive control, and safety frameworks incorporating realistic
human behavioral models.

Our systematic analysis reveals clear technological patterns and performance hierar-
chies. Model predictive control dominates control approaches, achieving sub-centimeter
precision through explicit constraint handling. Vision systems demonstrate systematic
performance scaling, with deep learning architectures achieving 98%+ recognition rates,
while multi-modal sensor fusion delivers millimeter level localization accuracy. Coor-
dination strategies reduce mission completion times by up to 45% through hierarchical
conflict resolution, though validation remains limited to small fleets. Planning methods
achieve 15-55% performance improvements through hierarchical frameworks, yet most
lack dynamic re-planning essential for operational warehouses. These patterns, detailed in
our comparison tables, reveal a critical gap: impressive laboratory performance that does
not translate to the industrial scale due to fleet coordination complexity, payload variability,
and unpredictable human behavior.

This review is structured to guide readers systematically through autonomous forklift
technologies, progressing from foundational vehicle capabilities to advanced fleet-level
deployment considerations. Accordingly, we organize the review into three tiers: mathe-
matical foundations, autonomous subsystem stacks, and fleet-level coordination and safety.

i.  Foundational modeling and mathematical frameworks: Section 4 establishes the
mathematical foundations through kinematic and dynamic modeling approaches
specific to forklifts. Section 5 presents canonical mathematical formulations that
enforce constraints across planning, control, manipulation, and safety subsystems.
These formulations serve as unified frameworks for the analyses that follow.

ii. Autonomous forklift subsystems: Section 6 examines localization strategies from
infrastructure-dependent to vehicle-mounted solutions. Sections 7 and 8 analyze hier-
archical path planning, progressing from warehouse-scale routing to real-time trajec-
tory generation under kinematic constraints. Section 9 reviews control methodologies,
emphasizing model predictive control’s constraint-handling advantages. Section 10
covers vision-based pallet detection and manipulation systems.

iii. Fleet-Level Coordination and Safety: Section 11 addresses multi-vehicle coordination
and fleet management for industrial-scale deployment. Section 12 examines safety-
constrained control and human-robot interaction frameworks for shared workspace op-
erations.

Each technical section (Sections 6-12) follows a consistent structure: comparative
analysis tables with performance metrics, critical analysis identifying validation gaps and
deployment barriers, and practical guidance for technology selection based on application
requirements. This organization enables readers to either focus on specific subsystems of
interest or follow the complete progression from system modeling to fleet-level industrial
deployment considerations.
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2. Survey Methodology

This systematic review follows the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA) 2020 guidelines [15]. The PRISMA checklist (Supplementary
Materials) and flow diagram are included to ensure transparent and complete reporting.
This review was not prospectively registered as registration is not common practice for
engineering and robotics systematic reviews.

Note that the search and selection process was documented retrospectively, and the
numbers reported in the PRISMA flow diagram represent best estimates based on available
records. While exact counts for all screening stages were not prospectively logged, the
reported values accurately reflect the systematic process followed.

2.1. Search Strategy
2.1.1. Databases and Sources

The literature search was conducted across multiple academic databases and confer-
ence proceedings to ensure comprehensive coverage. The final search was completed in
July 2025:

* IEEE Xplore Digital Library: primary source for robotics, automation, and control
systems research.

* ACM Digital Library: computer science and artificial intelligence publications.

*  Major robotics conferences:

—  IEEE International Conference on Robotics and Automation (ICRA).

- IEEE/RS]J International Conference on Intelligent Robots and Systems (IROS).
- IEEE Conference on Automation Science and Engineering (CASE).

- Robotics: Science and Systems (RSS).

¢ Key robotics journals:
—  The International Journal of Robotics Research (IJRR).
- Robotics and Computer-Integrated Manufacturing.

- Robotics and Autonomous Systems.

*  ScienceDirect for supplementary coverage

2.1.2. Search Terms and Keywords

The search strategy employed a combination of primary and secondary keywords
using Boolean operators:
The search used the following primary keywords:

e  “aqutonomous forklift*”;
*  “automated guided forklift*” OR “AGV”;
*  “robotic forklift*”;
e  “unmanned forklift*”.
The following secondary keywords were combined using the AND operator:
e “path planning” OR “trajectory planning” OR “motion planning”.
*  “localization” OR “navigation” OR “SLAM”.
e “control” OR “tracking” OR “MPC”.
e “vision” OR “perception” OR “pallet detection”.
e “coordination” OR “fleet management” OR “multi-robot”.
e “safety” OR “collision avoidance” OR “human-robot interaction”.
e “warehouse” OR “logistics” OR “material handling”.
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2.2. Study Selection Process
2.2.1. Screening Procedure

The study selection followed a two-stage systematic process. In Stage 1 (title and ab-
stract screening), all titles and abstracts identified through database searches were screened
against the inclusion criteria. Initial screening focused on identifying papers with potential
forklift-specific relevance based on title and abstract content.

In Stage 2 (full-text review), papers passing initial screening underwent full-text as-
sessment to confirm eligibility against the detailed inclusion criteria. Reasons for exclusion
at this stage were documented by category.

2.2.2. Inclusion Criteria
Papers were included if they met the following requirements:

i.  Published in peer-reviewed venues, with a primary focus on papers published be-
tween 2015 and 2025 to capture recent advances; foundational papers published before
2015 were included if they established key methodological approach.

ii.  Explicitly address forklift-specific challenges, including the following;:

¢ Rear-wheel steering kinematics and dynamics.

*  Payload-dependent control and stability.

®  Precision pallet manipulation.

¢  Warehouse-scale coordination and fleet management.

iii. Present novel algorithmic contributions, experimental validation, or comprehensive
system integration.

iv. Available in the English language.

v.  Focus on indoor warehouse/industrial applications rather than general outdoor
mobile robots.

2.2.3. Exclusion Criteria
Papers were excluded based on the following criteria:

i.  General mobile robot papers lacking forklift-relevant constraints.

ii.  Theoretical work without consideration of forklift-specific operational requirements.
iii. Papers that focus only on mechanical design and do not address autonomous control.
iv.  Papers without sufficient technical detail.

v.  Duplicate publications or earlier versions of the same work.

vi. Non-peer-reviewed sources (e.g., technical reports, theses, patents).

vii. Studies published before 2015 unless they represent foundational work.

2.3. Data Collection and Extraction
2.3.1. Data Extraction Process
Data extraction was performed systematically from each included study. When

methodological details were unclear or not reported, the information was marked as
“not reported” in the comparison tables rather than making assumptions.

2.3.2. Data Items Extracted
From each selected paper, the following information was systematically extracted:

*  Study characteristics: authors, publication year, venue, study design.

*  Methodological approach: algorithmic contributions, mathematical formulations.

*  Performance metrics: accuracy, computation time, success rates, validation scale.

*  Forklift-specific constraints: kinematic limits, payload considerations,
precision requirements.
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¢ Validation details: environment type (simulation/real-world), fleet size.
* Integration aspects: connections to other subsystems (localization, planning, control,
vision, safety).

2.4. Data Synthesis and Analysis Methods
2.4.1. Synthesis Approach

Given the heterogeneity of methods, validation environments, and performance met-
rics across autonomous forklift research, quantitative meta-analysis was not appropriate.
Instead, we employed narrative synthesis with structured comparative tables as the primary
synthesis method.

2.4.2. Comparative Table Construction

The extracted data were organized into eight comparative analysis tables covering
critical subsystems: localization, global planning (Parts I and II), local planning, control,
vision-based manipulation, multi-forklift coordination, and safety. Each table standardizes
reporting across:

*  Method/algorithm classification.

¢  Constraints and requirements addressed.

¢ Performance metrics and validation details.

¢  Key characteristics and operational considerations.

Where appropriate, validation context tags ([RW] = Real-World, [SIM] = Simulation,
[HYB] = Hybrid) are included to distinguish between different testing environments and
their implications for deployment readiness.

2.4.3. Handling Heterogeneous Metrics
Where studies reported different performance metrics for similar objectives, we:

e  Extracted all reported metrics without conversion.

*  (learly indicated measurement units and test conditions.

*  Noted when direct comparison was not possible due to different baselines.

*  Provided qualitative assessments when quantitative comparison was infeasible.

2.5. Quality Assessment
Each included study was evaluated based on the following aspects:

¢ Technical rigor: algorithmic novelty, mathematical formulation, theoretical soundness.

e  Experimental validation: real-world testing, simulation testing, performance
metrics reporting.

*  Forklift relevance: direct applicability to autonomous forklift operations.

*  Reproducibility: sufficient methodological detail for replication and comparison.

Studies with superior validation (real-world deployment > hybrid > simulation-only)
were weighted more heavily in synthesizing practical recommendations.

2.6. Study Selection and PRISMA Flow

Figure 1 presents the PRISMA flow diagram documenting the systematic search and
selection process from initial database searches through to final study inclusion.
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Figure 1. PRISMA 2020 flow diagram showing the systematic search and selection process for

studies on autonomous forklift technologies. The diagram illustrates the progression from initial

database searches through screening and eligibility assessment to final inclusion of 122 studies across

eight subsystems.

3. Problem-Space, Taxonomy, and Reference Architecture

3.1. Problem-Space Taxonomy

The problem-space taxonomy for autonomous forklift systems organizes the domain

across three primary dimensions: vehicle platform characteristics, operational environment

specifications, and task requirements. Each dimension imposes distinct constraints that

cascade through system design, from sensor selection through control strategies.

3.1.1. Vehicle Platform Taxonomy

Figure 2 categorizes forklift platforms across three critical attributes that fundamen-

tally determine kinematic and dynamic behavior. Vehicle class differentiates counterbalance

forklifts (front-loaded payload with rear counterweight), reach trucks (extendable forks

for narrow-aisle operation), and pallet trucks (ground-level transport). Steering type

encompasses rear-steer configurations (Ackermann geometry with rear pivot, creating

non-minimum phase dynamics), tricycle arrangements (single steered front wheel), dif-

ferential drive (independent wheel control), and omnidirectional platforms (mecanum

or omni-wheels enabling holonomic motion). Payload capacity spans light (<1 ton),

medium (1-3 tons), and heavy (>3 tons) classifications, with significant implications

for control complexity as payload variations shift the center of gravity and alter vehicle

stability characteristics.
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—[ Vehicle Taxonomy ]
A et )
> Pallet Truck
R )
Tricycle
*>[ Steering Type j—
Differential
- Comama )

— Light (<1 T)

e Payload t————> Medium (1-3 T)
L———{ Heavy (>3 T)

Figure 2. Vehicle platform taxonomy showing class, steering configuration, and payload capacity.

These characteristics impose fundamental kinematic constraints (rear-steer vs. differential drive) and
dynamic constraints (payload-dependent center of gravity shifts) that propagate through planning
and control subsystems.

3.1.2. Operational Environment Taxonomy

Figure 3 characterizes the operational contexts that determine localization precision
requirements and safety framework complexity. Facility type distinguishes fixed-rack
warehouses (structured storage with defined aisles and rack positions), cross-docking
facilities (rapid transfer with minimal storage, emphasizing throughput over density),
and production floor intralogistics (manufacturing environments with dynamic layouts
and mixed material flows). Aisle geometry categorizes operational space as wide (>3 m,
permitting two-way traffic and relaxed positioning accuracy), narrow (2-3 m, requiring
single-direction flow and centimeter-level precision), or very narrow (<2 m, demanding
specialized reach trucks and millimeter positioning). Human presence modes range from
segregated operations (physical barriers between automated and manual zones), through
shared workspace (concurrent human-robot operation with safety monitoring), to dense
mixed environments (high-density human activity requiring sophisticated prediction and
collision avoidance).

Operational
Environment
Fixed-Rack
—
Warehouse
— > Production Floor

——>  Wide (>3 m)
——> Aisle Geometry — > Narrow (2-3 m)
Very Narrow
L
(<2 m)
— Segregated

*>—> Shared Workspace
(oot )

Figure 3. Operational environment taxonomy characterizing facility type, aisle geometry, and human

presence modes. Environment structure determines localization requirements and safety complexity.
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3.1.3. Task Requirements Taxonomy

Figure 4 organizes operational requirements that establish performance specifications
across perception, planning, and control subsystems. Manipulation complexity ranges
from transport-only operations (no terminal precision required, path following sufficient),
through pickup/drop tasks (centimeter-level accuracy for pallet engagement), to block
stacking (millimeter precision, load stability management, and multi-stage motion se-
quences). Navigation modes encompass aisle following (corridor tracking with collision
avoidance), aisle changes (perpendicular transitions requiring multi-point turns respecting
kinematic constraints), and dock approach (precise alignment for loading/unloading).
Precision requirements span coarse (+5 cm, adequate for open-space navigation), standard
(%2 cm, typical for most pallet operations), and high (£1 cm, necessary for very narrow
aisles and dense storage).

Task
Requirements
—>{ Transport Only

L———| Block Stacking

—— | Aisle Following

L———{ Dock Approach

—— > =£5 cm (coarse)
D 41 cm (high)

Figure 4. Task requirements taxonomy covering manipulation complexity, navigation modes, and

precision demands. These requirements establish performance specifications: block stacking de-
mands millimeter precision requiring vision-based servoing, while aisle changes impose kinematic
constraints requiring multi-stage motion planning.

3.2. System Architecture

Figure 5 illustrates the reference architecture connecting these taxonomic dimensions
into an integrated autonomous forklift system. The architecture follows a hierarchical
organization reflecting the flow from sensing through decision-making to actuation. At
the top level, the perception module processes multi-modal sensor data (LiDAR, cameras,
IMU, UWB/RFID) to extract environmental features, while fleet coordination manages
high-level task allocation across multiple vehicles. Perception feeds the localization module,
which fuses sensor information to maintain continuous pose estimates with accuracy re-
quirements determined by operational environment constraints (narrow aisles demanding
sub-centimeter precision).

Localization provides state estimates to global planning, which generates warehouse-
scale routes respecting vehicle kinematic constraints and traffic rules established by fleet
coordination. The hierarchical planning structure continues through local planning, which
transforms global waypoints into dynamically feasible trajectories accounting for real-time
obstacle avoidance. Notably, perception maintains direct connections to both local planning
(for reactive collision avoidance) and vision-based manipulation (for terminal precision
guidance during pallet engagement), enabling rapid response to dynamic changes without
waiting for full planning hierarchy updates.
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The nominal controller integrates reference trajectories from local planning with ter-
minal corrections from vision-based manipulation, generating performance-optimizing
commands that account for vehicle dynamics and payload state. However, these commands
pass through a safety supervisor controller before reaching vehicle actuators, ensuring that
all commands maintain safety constraints even under model uncertainties or unexpected
disturbances. This layered architecture enables systematic integration of the diverse re-
quirements identified in the problem-space taxonomy, from vehicle platform constraints
(steering type, payload dynamics) through environmental considerations (aisle geometry,
human presence) to task specifications (manipulation precision, navigation complexity).

Fl ( )
eet i
P t
( Coordination J creeprion
\ y,
e ) Qi
Localipati Vision-Based
ocalization Manipulation
\ y,
- A
Global Planning
\_ J
s N\
Local Planning <
\_ J
- A
Nominal
Controller
y,
( Safety )
Supervisor
\ y,
Vehicle
Actuators

Figure 5. Reference system architecture for autonomous forklifts showing vertical hierarchical
organization. Perception processes raw sensor data, feeding into localization for state estimation and
directly to local planning and vision-based manipulation. Planning proceeds hierarchically through
global and local layers. The nominal controller generates performance-optimizing commands filtered
by a safety supervisor before vehicle actuation.

4. Forklift Kinematics and Dynamics

Before autonomous forklifts can perform path planning or localize within warehouse
environments, their motion characteristics must be rigorously characterized. This section
develops the mathematical foundations that underpin subsequent analyses of planning,
control, and manipulation. Building on the systematic review of autonomous forklift
research presented in Section 2 and the taxonomy established in Section 3, we now examine
the fundamental motion models that govern and constrain forklift motion.

Understanding these models is essential because treating forklifts like simple point
robots or holonomic vehicles leads to plans that are physically impossible to execute.
The use of rear-wheel steering, which is uncommon in mobile robotics yet prevalent in
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industrial forklifts, imposes fundamental constraints on both planning and control. We
begin with these motion models because they define what is feasible before we consider
how to achieve it.

Modeling forklifts for autonomous operation requires a careful balance between com-
putational efficiency and fidelity to physical behavior. For the majority of warehouse tasks,
such as aisle navigation, corridor following, and precision pallet manipulation, kinematic
models offer sufficient accuracy while maintaining real-time computational feasibility.
Dynamic models, however, become necessary in specific operating conditions, including
the handling of elevated loads, traversal of inclined surfaces, execution of emergency
maneuvers, and stability analysis during high-speed operation [16-20].

This section reviews the kinematic and dynamic modeling frameworks commonly
employed in the planning and control literature. The models introduced here provide
the theoretical basis for the path-planning and control methodologies developed in subse-
quent sections. Most reported applications adopt continuous-time kinematic formulations,
together with their discrete-time realizations to accommodate implementation in digital
control systems.

4.1. Continuous-Time Kinematic Models

The autonomous forklift literature employs three primary kinematic configurations. Each
has specific advantages for different operational requirements and vehicle architectures.

4.1.1. Bicycle Model (Rear-Wheel Steering)

The most commonly adopted model in the forklift control literature idealizes the vehi-
cle as a rear-wheel steered bicycle with a wheelbase L , shown in Figure 6. This abstraction
provides an accurate representation for the majority of industrial forklift platforms and
extends to many tricycle configurations, such as those with two front caster wheels and a
single rear drive/steer wheel. Under the assumption that the drive/steer wheel is aligned
with the vehicle centerline, these platforms can be equivalently reduced to the same bicycle
model formulation [7,10,21-31].

Standard practice employs a world frame {W} and body frame {B} attached to the
rear axle center. The chassis pose is (x,y, ) with yaw angle ¢, longitudinal speed v, and
steering angle ¢ (counter-clockwise positive). The kinematic equations are as follows:

X = vcosy,

¥y = vsiny, (1)
P = %tané,

where v = v, cosé with vs as the steering wheel velocity and L is the wheelbase. The
general inputs to the model are vs and J. The minimum turning radius Rpmin = L/ tan dmax
determines geometric feasibility in warehouse aisles. Rate bounds |v| < vmax and 6| < dmax
are often incorporated to enhance actuator tracking performance [32,33].
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Wi

Ow X

Figure 6. Rear—steer bicycle (forklift) kinematic model in the world frame {W}. The vehicle pose
is (x,y,9) at point {B}, taken at the midpoint of the fixed front axle, and the steered rear wheel
center is {S} with wheelbase L. Under pure rolling and no lateral slip, the wheel velocities align with

their wheel planes and define the instantaneous center of rotation Ojcr. The resulting curvature and

. )
,withyaw rater = ¢ = —.

tand L
i i isf _ <7 R= ——_
turning radius satis Yy K I and ™ R

nd
4.1.2. Offset Tricycle Model

Some industrial forklift platforms employ asymmetric geometries in which the
drive/steer wheel is offset from the vehicle’s longitudinal centerline. Such configura-
tions cannot be accurately reduced to the standard bicycle model abstraction, since the
lateral offset induces a coupling between the steering angle and the instantaneous center of
rotation. A dedicated kinematic formulation that explicitly accounts for this offset has been
proposed in the literature [25]. Equation (1) takes the following form:

X = vcosy,

¥ = vsiny, )
0 — vtand
" L—atand’

where 4 is the lateral offset of the driving/steering wheel from the vehicle centerline.

4.1.3. Differential Drive Model

Some industrial forklift platforms adopt differential-drive architectures to maxi-
mize maneuverability in constrained environments. In this case, the kinematic rela-
tionship between the left and right wheel velocities and the forklift’s planar motion is
given below [3,34]:

= ;vr cos ¢,

y = 9o ;vr sin, 3)
o vr - Ul

y = 2b
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where v; and v, are left and right wheel velocities, and 2b is the wheelbase. This con-
figuration enables in-place rotation. However, it typically requires specialized wheel
designs to handle the lateral forces imposed by heavy payloads while performing
in-place rotation.

4.2. Discrete-Time Formulations

Digital implementation of motion control typically necessitates discrete-time repre-
sentations of the continuous-time kinematic models. Accordingly, the literature reports a
range of discretization strategies for this purpose. Among these, the Forward Euler scheme
is most frequently adopted in real-time control applications.

4.2.1. Discrete Bicycle Model

The discrete-time bicycle model uses Forward Euler discretization with sampling
period T; [7]:

Xkp1 = Xk + v Ts cos iy,

Yer1 = Yr +oxTssingy, (4)

?)kT
Y1 = P+ 7 > tan J,

This formulation applies directly to both traditional rear-wheel steered forklifts and
symmetric tricycle configurations that can be reduced to bicycle models.

For applications requiring higher accuracy, alternative discretization methods account
for the circular arc motion during each sampling interval [3]:

20 . [ wyT. wy T,
g1 = xk+wksm( 25>cos<¢k+ 25>,
2 T. T.
Yit1 = Ykt i‘sin(w’; S) Sin(lPk+ w; S>, ®)

Prr1 = P+ wiTs,

where wy = (vx/L) tan &y is the angular velocity at time step k. This arc-based discretization

provides improved accuracy for larger sampling periods or higher speed maneuvers.

4.2.2. Discrete Offset Tricycle Model

For asymmetric tricycle configurations with a laterally offset drive/steer wheel, the
discrete-time model is commonly obtained via Forward Euler discretization:

X1 = Xg + U Ts cos by,

Ykr1 = Yk +oTssinby, (6)
. v Ts tan d;,
Ocir = O L —atand;’

This discrete-time formulation facilitates the implementation of optimization-based control
strategies for industrial forklifts with asymmetric drive configurations. Importantly, it
preserves the key coupling effects induced by the offset geometry.

4.3. Dynamic Models

Although kinematic models are adequate for most planning oriented tasks , dynamic
modeling becomes necessary under particular operating conditions. Representative cases
include stability assessment, load-dependent effects, hydraulic actuator constraints, and
high-performance maneuvering regimes.
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4.3.1. Lateral-Yaw Dynamics

For moderate speeds on clean floors, a two degree-of-freedom lateral-yaw model cap-
tures essential dynamics for stability analysis. With body sideslip angle g = arctan (v, /v)
and yaw rate r = 1, the slip angles at the front and rear axles are given below [5,32,35]:

%

Ly
wp = P+ -
(7)

L
wy ~ ﬁf?rrfé,

where Ly is the distance from the vehicle center of gravity to the front axle, L, is the distance
from the center of gravity to the rear axle, v is the longitudinal velocity, and ¢ is the steering
angle applied at the rear axle for rear-wheel steered forklifts.

The dynamic equations use linear cornering stiffness Cr and C;:

M(oy +1v) = Cray+ Cray, -
L = Lfole — L,Cay,

where M is the total vehicle mass (including payload), I, is the yaw moment of inertia
about the center of gravity, vy is the lateral velocity, C¢ and C; are the cornering stiffness of
the front and rear tires respectively, and r is the yaw rate. The composite center of mass and
inertial properties vary significantly with payload mass, mast height, and load position.
This directly impacts stability margins and control performance. This model explains why
yaw response slows and lateral margins decrease with elevated payloads.

4.3.2. Non-Minimum Phase Behavior

Rear-wheel steered forklifts exhibit non-minimum phase behavior when the mea-
surement point lies behind the center of gravity. The lateral error initially increases when
initiating a turn. This creates control challenges. The full three degree-of-freedom dynamic
model incorporating this effect is as follows [5]:

_ Fnyf cosd — Ferr

T

I !
. F,fcos B+ Fyrcos(B —6)
_uf y 9
B+v = 7 : ©)
v —F,¢sin B+ Fy sin(B — 6)
m 4

where 7 is yaw rate, f is sideslip angle, V is vehicle speed, and Fy f and Fy, are lateral tire
forces. Understanding this behavior is crucial for designing controllers that can handle the
inherent characteristics of rear-steer configurations.

4.4. Model Selection and Application Guidelines

The choice between different modeling approaches depends on specific application
requirements and computational constraints.
Continuous-time kinematic models are typically used for the following tasks:

¢  Path planning algorithms and trajectory generation.
*  Control law design and stability analysis.
*  Motion primitive libraries and feasibility checking.
Discrete-time formulations are commonly adopted for the following tasks:
¢ Digital control implementation and model predictive control.
*  Real-time trajectory tracking and collision avoidance.
* Integration with discrete sensor updates and actuator commands.
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Dynamic models are most appropriate when the following considerations are important:

e  Stability analysis with elevated or off-center loads.

e High-speed maneuvering or emergency braking scenarios.

e  Systems with significant actuator dynamics (e.g., hydraulic steering).
*  Model predictive control with explicit stability constraints.

The bicycle kinematic model remains the most widely used formulation. This is due to
its computational efficiency and adequate representation of non-holonomic constraints for
typical warehouse operations. This predominance reflects a pragmatic trade-off between
model fidelity and real-time computational constraints. Nevertheless, such models may be
insufficient to represent the more complex dynamics that arise for heavily loaded forklifts
operating on grades or executing aggressive maneuvers.

The literature reveals a notable gap in systematic model validation under varying
payload conditions. Most studies assume ideal low-slip conditions that may not hold in
industrial environments with worn floors or aggressive maneuvering. Dynamic effects are
typically addressed through conservative trajectory design, gain scheduling based on load
conditions, or explicit stability monitoring. This approach avoids full dynamic modeling
in the control loop. The discrete-time versions of these models provide the computational
foundation for modern digital control systems.

Having established how forklifts move and the mathematical frameworks for rep-
resenting this motion, we can now formalize the constraints and objectives that govern
autonomous operation. The next section develops canonical problem formulations and
standard mathematical representations that translate real-world warehouse tasks into op-
timization problems that the planning and control algorithms of Sections 7-9 can solve.
These formulations build directly on the kinematic constraints established here, particularly
the minimum turning radius and non-holonomic behavior inherent to rear-wheel steering.

5. Canonical Equations Linking Planning, Control, Manipulation,
and Safety

The kinematic and dynamic models established in Section 4 describe how forklifts
move. However, autonomous operation requires more than motion models, it demands
explicit mathematical bridges between subsystems. Autonomous forklifts must simultane-
ously enforce diverse operational constraints. These span geometric corridor limits, lateral
acceleration bounds, pallet manipulation tolerances, and human proximity requirements.
Unlike general mobile robots that can treat these concerns independently, autonomous
forklifts demand integrated constraint enforcement. This is due to their unique combina-
tion of precision manipulation requirements, payload-dependent dynamics, and shared
workspace operation.

This section establishes canonical mathematical formulations that provide explicit
bridges between subsystems. These equations enable unified constraint enforcement
across all operational modes. They interface directly with the kinematic models
(Equations (1)-(6)) and Frenet-frame error dynamics (Equations (21) and (22)). They also
establish the mathematical vocabulary that will be referenced throughout the subsystem
analysis in Sections 8-12.

The formulations presented here are not isolated mathematical constructs. Rather,
they are working equations actively enforced by the planning, control, manipulation, and
safety systems discussed in subsequent sections. Each equation captures a physical or
operational constraint that must be satisfied continuously during warehouse operations.
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5.1. Curvature—Speed Interface for Planners and Controllers

The fundamental relationship between path curvature and maximum safe velocity
establishes velocity bounds for both local planners (Section 8) and tracking controllers

(Section 9):
a
Umax($) = min{ T, /ﬁ }, e > 0. (10)

5.2. Footprint-in-Corridor Constraints for MPC

Warehouse aisle navigation requires explicit geometric constraint enforcement to pre-
vent collisions with rack structures and maintain safe clearances. For each prediction step k
and each vehicle corner i € {1,...,4}, model predictive control formulations (Section 9)
enforce the following:

Xk

n; pi(x) < by, ngpi(xe) > br,  pilxg) = + R(yy) Pi(B) (11)

5.3. Lateral Acceleration and Roll Safety

Counterbalance forklift stability constraints (Section 12) utilize Zero-Moment-Point
formulations for rollover prevention. These account for elevated loads and dynamic
cargo handling;:

hla
Pzmp = PCoG + — Yl e Psupport- (12)
8 (ay

The closed-form lateral acceleration bound for operational safety becomes:

T gcos®
2n 7
with track width T, center of gravity height /1, and floor grade 6.

|“y| < (13)

5.4. Speed and Separation Monitoring (SSM) Gating

Human-robot interaction safety (Section 12) requires dynamic velocity constraints that
adapt to human proximity in shared workspaces, with separation distance z to the nearest
person, maximum braking capability a,;, human reaction time t,, and system actuation
delay t.:

2

v
7+v(tr+tc) < z—2z, (14)
20,

where zp represents the minimum safety margin that accounts for human
movement uncertainty.

5.5. Docking Geometry Tolerances

Precision pallet manipulation (Section 10) demands strict geometric constraints to
ensure successful fork insertion without contact damage. For insertion length ¢ and pallet
pocket half-width wy, /2:

w
- —m
f 7

with clearance margin m ensuring collision-free insertion under pose estimation uncertainties.

w
lewp| ~ ley+Ley | < —m, Jey| < (15)
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5.6. Visual-Servo Micro Control Laws

Terminal approach precision (Section 10) employs dual visual servoing paradigms to
achieve sub-centimeter accuracy requirements. Image-based Visual Servo (IBVS) operates
directly on image features to maintain robustness under lighting variations:

$ = Ls(Z,x) v, ve=—AL! (s —s*). (16)

Position-based Visual Servo (PBVS) utilizes reconstructed a 3D pose for direct
geometric control:

& =log(Tpe Tpc'),  ve=—KE& (17)

5.7. Safety-Critical Control via Control Barrier Functions

Formal safety guarantees (Section 12) employ control barrier functions to ensure
forward invariance in safe sets under all operational conditions. For safety function
h(x) > 0, continuous-time safety constraints require the following:

h(x,u) = VRT(f(x) +g(x)u) +ah(x) > 0, (18)

with discrete-time implementations enforcing the following:

h(xxp1) = (L =m) h(x) = 0. (19)

A minimal safety preserving quadratic program filters nominal control commands
while maintaining performance:

rnuin | — uges||3 st h(x,u) >0, ucl. (20)

These canonical formulations establish the mathematical foundation that enables
autonomous forklifts to operate as integrated systems rather than collections of independent
subsystems. Each equation captures constraints that must be satisfied continuously during
operation. Violations lead to collision, rollover, manipulation failure, or human safety
hazards. The explicit mathematical relationships provided here are directly implemented
and referenced throughout the subsystem analysis in Sections 7-12. They demonstrate how
theoretical constraints translate into practical autonomous forklift operation.

With motion models established (Section 4) and operational constraints formalized, we
can now examine how autonomous forklifts determine their position within the warehouse.
The constraints in Equations (15)-(17) reveal why localization for autonomous forklifts
demands exceptional precision. Successful pallet manipulation requires positioning accu-
racy of £1-2 cm. This is an order of magnitude more stringent than typical mobile robot
navigation. The next section examines how this extreme accuracy requirement shapes
localization system design, sensor selection, and algorithmic approaches in autonomous
forklift research.

6. Localization for Autonomous Forklifts

Building on the motion models (Section 4) and operational constraints (Section 5)
that govern autonomous forklift operation, this section considers a key enabling capabil-
ity: localization, i.e., establishing the forklift’s pose within the warehouse environment.
Localization is a prerequisite for planning and control, since even nominally optimal tra-
jectories cannot be executed reliably without an accurate state estimate. The precision
requirements for autonomous forklifts are particularly stringent, and meeting them in
Global Positioning System (GPS)-denied indoor settings remains challenging. This is due
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to warehouse-specific conditions such as metallic racking, electromagnetic interference,
and continuously changing obstacles that degrade sensor observability and introduce
ambiguities. Accordingly, the discussion organizes localization methods along two com-
plementary paradigms: approaches that rely on warehouse infrastructure augmentation
to deliver high accuracy, and approaches based primarily on forklift-mounted sensing
that improve deployment flexibility but often at the expense of achievable precision. The
relative trade-offs in accuracy, cost, and deployment complexity across these paradigms
are analyzed in this section.

6.1. Warehouse-Dependent Approaches

Traditional warehouse automation relies on infrastructure modifications to provide
reliable positioning references for autonomous forklifts. These approaches offer high
accuracy and proven reliability. However, they require significant upfront investment and
limit operational flexibility through permanent installations.

Magnetic sensor based systems provide robust localization solutions for extreme envi-
ronments where conventional sensors fail. Jung et al. [36] developed a localization system
for unmanned forklifts operating in refrigerated warehouses at —30 °C. At this tempera-
ture, traditional laser rangefinders cannot function due to temperature constraints. The
system employs dual magnetic sensors detecting predefined magnetic lines embedded in
warehouse floors. It achieves an angular resolution of 0.11 degrees and a detection range of
+17.74 degrees using a particle-filter for localization with constant-velocity motion models.
While requiring infrastructure installation that limits navigation flexibility compared to
free-ranging systems, this approach offers cost-effective reliability. It is particularly valuable
where alternative sensing modalities are expensive or technically infeasible.

RFID-based infrastructure can support both robot localization and inventory track-
ing by leveraging tagging systems that are already common in warehouses. A recent
approach, termed RF-SLAM, introduced an RFID-based simultaneous localization and
mapping method using commercial off-the-shelf ultra-high-frequency (UHF) hardware
operating at 920 MHz [37]. It does not require reference tags or external sensors. The
two-stage algorithm combines multi-antenna 3D tag localization with graph-based batch
optimization. It processes phase measurements from multiple antennas to establish spatial
relationships. Testing in warehouse configurations covering 35-72 square meters with
32-42 RFID tags achieved robot localization accuracy of 3.7-11.9 cm mean error. This repre-
sents an improvement of 3.1-3.2 times over methods that use odometry while providing
simultaneous inventory tracking capabilities.

Ultra-Wideband (UWB) technology offers high-precision indoor positioning through
time-based ranging measurements. These measurements resist multipath effects common in
warehouse environments with metallic shelving. Sun and Ma [38] implemented UWB-based
positioning using Time Difference of Arrival (TDOA) methodology. Base stations were
positioned at 30-50 m intervals throughout warehouse channels. The system operates in the
3.1-10.6 GHz frequency range utilizing non-sinusoidal narrow pulses for data transmission.
It achieves 10-15 cm positioning accuracy with 99.9% reliability in range mode. Beyond
basic localization, the system provides comprehensive safety monitoring. This includes
real-time tracking, automated alerts for unauthorized area entry, and historical trajectory
analysis. However, active tag battery requirements and two-dimensional visualization
constraints limit long-term operational sustainability.

6.2. Forklift-Based Approaches

Forklift-mounted localization approaches avoid the need for warehouse infrastructure
modifications by relying exclusively on onboard sensing and computation. This paradigm
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supports flexible deployment and retrofitting across existing fleets. However, in the ab-
sence of external reference features, maintaining high-accuracy pose estimates remains
challenging, particularly under perceptual degradation, environmental symmetry, or longer
operations where estimation drift can accumulate.

Vision-based localization exploits the rich visual structure of warehouse environments
using camera sensors without requiring infrastructure changes. Time-of-flight (ToF) cam-
eras, in particular, provide a lower-cost alternative to laser rangefinders and can offer
accuracy that is sufficient for many warehouse tasks. One reported system uses an indus-
trial 3D ToF camera and converts the resulting point clouds into 2D range scans to reduce
computational load [39]. Localization is then performed using Adaptive Monte Carlo
Localization (AMCL), implemented via particle filtering within a pre-built occupancy-grid
map. Testing in warehouse-like environments achieved 100% success in pallet pickup tasks
and 75% success in orientation variation tests. These results were obtained despite the ToF
sensor having a narrower field of view (about 85°) than many laser systems (often 180°+).
The ToF sensor also had a shorter effective range (approximately 13 m) when compared to
typical industrial lidar (30 m+). The system accepts positioning errors up to 0.5 m while
maintaining operational capability through relative positioning for final approach phases.

Semantic feature extraction addresses computational complexity limitations of conven-
tional probabilistic localization methods. It also improves matching accuracy for structured
warehouse environments. Choi et al [40] developed multi-map architectures. These utilize
grid maps, node maps, and semantic feature maps for comprehensive navigation. The
system extracts line segments and corners from Light Detection and Ranging (LiDAR) data
using Evolving Principal Component Clustering (EPCC). It identifies corners with angles
within 90° & 10° and incorporates shape characteristics for enhanced feature representation.
Extended Kalman Filter (EKF) frameworks use odometry prediction and semantic feature
observation. They demonstrated successful navigation in warehouse-like settings while
reducing computational requirements suitable for deployment on single board computers.

WiFi fingerprinting estimates position by using spatial variations in wireless signal
strength across an indoor environment. It can reuse existing WiFi infrastructure and
typically does not require additional hardware. One reported implementation applies
Received Signal Strength Indicator (RSSI) fingerprinting with a K-Nearest Neighbors
(KNN) estimator [41]. The method constructs a fingerprint database by sampling RSSI
measurements at approximately 1.5 m intervals. Each fingerprint stores RSSI values
collected from multiple access points. The system achieves 90% overall system accuracy
with 86% location accuracy in precision tests and a 1.5 m average positioning error. While
offering cost effectiveness through existing WiFi infrastructure utilization, the approach
faces challenges in dynamic environments. Moving obstacles alter signal landscapes. This
necessitates frequent database updates and adaptive algorithms.

Inertial measurement approaches can provide self-contained localization without exter-
nal infrastructure, but they require careful mitigation of drift and mounting-related errors.
One IMU-only dead-reckoning method applies Kalman filtering with two key corrections:
pseudo-acceleration removal and Turn Velocity Update (TVU) compensation [42]. The
pseudo-acceleration removal accounts for IMU placement away from the vehicle’s center of
percussion by correcting Coriolis-induced components in the measured acceleration. TVU
then estimates forward velocity during turning maneuvers using relationships between
centripetal acceleration and vehicle motion. Experimental evaluation on rear-steering
electric forklifts reports meter-level position accuracy and an endpoint error that scales
proportionally with distance traveled, indicating improved robustness compared with
uncorrected inertial integration [42]. Overall, the results show that IMU-only localization
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can be viable for coarse positioning when supported by model-based error correction
and filtering.

Vibration-based dead-reckoning estimates forklift speed from platform-specific vibra-
tion patterns without requiring access to internal forklift signals. This property makes the
approach well suited for retrofitting existing forklift fleets. One reported method combines
short-term acceleration integration with longer-term analysis of vibration signatures, and
performs state estimation within an Extended Kalman Filter (EKF) framework using smart-
phone inertial measurement units IMUs) [43]. The method fits an empirical relationship
between vibration features and the squared forklift speed. Reported validation indicates
that the resulting dead-reckoning achieves low relative drift over distance traveled. When
supplemented with Bluetooth Low-Energy (BLE) beacons, the system also attains improved
absolute positioning performance. Overall, this provides a cost-effective tracking option
that can be retrofitted without modifying the forklift.

6.3. Sensor Fusion and Integration

Integrating multiple sensing modalities helps overcome the limitations of any single
sensor. It improves robustness and localization accuracy. This is achieved by fusing
complementary information from different sources. Such hybrid approaches also align with
practical deployment needs for autonomous forklifts. They provide better reliability under
changing warehouse conditions and greater tolerance to sensor occlusion or degradation.

Semi-automated map creation methods address a major deployment bottleneck in in-
dustrial AGV installations, where conventional commissioning can require prolonged
on-site mapping and manual roadmap design by specialized technicians. One inte-
grated workflow combines rapid 3D environment scanning with automated generation
of a 2D localization map using dual laser scanners mounted on a manually operated
forklift [44]. In this approach, a Reflector Feature Graph SLAM pipeline produces a consis-
tent map representation, and a 2D occupancy grid is obtained by projecting the 3D scan
data into the plane. Online localization is then performed using AMCL with an additional
point-to-line ICP refinement stage. Reported warehouse experiments indicate localization
performance comparable to traditional 2D mapping pipelines while substantially reducing
commissioning effort and deployment time [44].

Multi-layer mapping architectures exploit sensors mounted at different heights to
improve localization accuracy without requiring environmental modifications. One repre-
sentative system uses multiple laser range scanners positioned at both ground level and
an elevated navigation layer to increase coverage and reduce occlusion sensitivity [45].
Separate localization processes operate on layer-specific maps, typically using particle-filter
methods on maps generated through standard SLAM toolchains. The resulting pose es-
timates are then fused using uncertainty-aware weighting so that the more reliable layer
dominates when its covariance is lower. Reported industrial evaluations show that this
multi-layer fusion reduces localization error relative to any single layer and supports
marker-free operation suitable for warehouse automation.

Algorithmic fusion pipelines can achieve very high localization precision by refining a
pose estimate through multiple sequential processing stages applied to the same sensor
data. One representative three-stage stack combines a particle-filter localization method for
robust coarse initialization, a point-to-line ICP stage to improve orientation alignment, and
a frequency-domain refinement that stabilizes position by exploiting structured patterns
in range-measurement residuals [46]. Experimental validation on an industrial forklift
in an operational facility shows that each stage contributes a meaningful reduction in
error, and that the full pipeline can meet stringent docking-level accuracy requirements
in the vast majority of trials. Overall, these results indicate that algorithmic fusion can ap-
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proach infrastructure-grade precision while retaining the deployment flexibility of onboard
sensing [46].

Comprehensive comparative evaluations are valuable for selecting localization sys-
tems for autonomous forklift fleets. One study conducted an experimental comparison of
multiple localization solutions on an industrial forklift platform in a representative factory
setting [47]. The evaluation included an open-source SLAM framework, a commercial
SLAM product, and a landmark-based localization system. Performance was assessed
using repeatability-focused testing over repeated docking and parking maneuvers. The
commercial SLAM solution exhibited the strongest repeatability in the reported exper-
iments, but it entails higher acquisition and integration costs. The open-source SLAM
alternative demonstrated slightly lower precision while remaining suitable for many op-
erational requirements, and it offers a more cost-effective option. Overall, the results
provide practical guidance for selecting a localization stack based on accuracy needs and
budget constraints.

Integrated routing and localization frameworks are often used to support multi-robot
coordination in warehouse fleet operations. One reported architecture follows a hierarchical
structure in which each forklift executes local navigation autonomously while exchanging
state information with a central routing layer that performs global coordination and safety
checks [1]. Localization is performed using an Extended Kalman Filter that fuses odometry
with landmark observations within a topological warehouse map. In experimental demon-
strations, the system achieved low localization error and enabled collision-free operation of
a fleet of six robotic forklifts under integrated routing, localization, and navigation. These
results illustrate practical design principles for scaling autonomous forklift deployments in
structured warehouse environments.

6.4. Critical Assessment and Future Research Directions for Localization

Table 1 provides a comprehensive comparison of localization approaches across key
performance dimensions. It reveals distinct trade-offs between accuracy, cost, infrastructure
requirements, and operational flexibility.

Table 1. Comparative analysis of localization approaches for autonomous forklifts.

Infrastructure Economic Validation
Method [Ref] Needs Accuracy Robustness Factors Considerations Environment
Warehouse-Dependent Approaches
—30 °C operation; . Refrigerated
Magnetic Embedded Angular: 0.11° functions where Sxii;ifefedwe for warehouse
Sensor [36] floor magnets Range: £17.74° lasers fail; . (simulation
. X environments .
particle filter validated)
3.1-3.2x
improvement vs. Uses existing
UHF RFID . . odometry; no 2
RE-SLAM [37] (920 MHz), 32-42 RFID tags ?"b‘?t' S7U9em;  terence tags; warehouse 35-72 m
. ags: 8.5-13.5cm - tagging (real warehouse)
multi-antenna 3D front-end runtime: inf
0.0087-0.0089 s infrastructure
per window
Multipath resistant;
. dual nqdes (Im Active tag batteries
UWB TDOA [38] UWB (3.1-10.6 GHz) Base stations at 10-15 cm (99.9% separation) enable limit long.term Warehouse channels

30-50 m intervals

reliability)

orientation; 99.9%
reliability; real-time
alerts

sustainability

(real deployment)
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Table 1. Cont.
Infrastructure Economic Validation
Method [Ref] Sensor Set Needs Accuracy Robustness Factors Considerations Environment
Forklift-Based (Vehicle-Mounted) Approaches
100% pallet pickup, .
ToF Camera Industrial 3D Prior 0.5 m operational 75% orientation; Cost—eff.ectlve 12m x 18 m and
o . alternative 11.5m X 17 m (real
AMCL [39] ToF cameras occupancy maps tolerance 85° FOV; .
13 m range to lasers warehouse-like)
Line/corner
. . extraction Reduced Warehouse-like
ngantlc/ LIDAR +EPCC Feature maps Sub-meter (inferred) (90° £ 10°); computational settings (real +
LiDAR [40] extraction . X . .
SBC-compatible requirements Gazebo simulation)
computation
Vulnerable to Buildin
- L i 1.5m avg.; 90% dynamic obstacles; Cost-effective; uses cng
WiFi S Existing WiFi . L environment
Fi L WiFi RSSI + KNN . overall, requires frequent existing
ingerprinting [41] infrastructure o . k ) (real-world,
86% location DB updates; 72 infrastructure R
. 72 ref. points)
reference points
4x improvement
. . with pseudo-accel Electric rear-steer
g\gg(gﬁid-[ 1] IMU only None 1\</[1eg}’j1 nofS ;ét:ri?{ e removal; NR forklifts (real-world,
g =her self-contained; 118-380 m tests)
TVU corrections
Relative: 1.0-1.2% No forklift
Vibration-Based [43] Smartphone IMU Optional distance; Absolute: modification; robust Cost—f':ffec.tlve; Various forklifts
BLE beacons 0.93-1.13m . retrofit-friendly (real-world)
outlier filtering
(w/ BLE)
Sensor Fusion and Integrated Systems
360° awareness;
error reduction via
Multi-Layer 3 lasers: 2x SICK None <10 cm fused, redundancy; 20 x 10 m industrial
S3000, 1x SICK 13 cm (top), 20 cm . . NR
Laser [45] NAV350 (marker-free) (ground) alone covariance fusion; hall (real-world)
& independent AMCL
per layer
Global: 3 cm Reﬂect.or Feature . Reduces 250 m x 120 m
(reflectors); Local: Graph: 400 faster; deployment from Coca-Cola
Semi-Automated Dual SICK LMS500: Prior mapping - ' 3D—2D map ploy
X . 1 cm (operation L months to hours; warehouse +
Map Creation [44] trajectory + 3D scan phase only RN, . .. conversion; . i .
points); Localization: eliminates 2 additional sites
o AMCL+P-L-ICP .
+2.24 cm, £0.05 N separate mapping (real)
runtime
0.87 cm + 042 cm AMCL—ICP—DFT  Sub-cm precision 80m x 50 m
SICK NAV350 . (pos); fusion; 50% error without Euroimpianti
Three-Stage o] Prior 5 cm 13° + ducti . inf . h km
Algorithm Stack [46] 360° laser + occupancy map 0.13 ) re uc.tlon per stage; infrastructure; warehouse, 8.5 ,
odometry 0.07° (orient); 96.17%  no drift over 19 h closed-loop 287 docking tests
success operation validated (real)
30 parking test
. +1.4 mm (X), repeatability; .
Comme/rc1al Bosc.h Rexroth None £0.89 mm (), vendor-supported; Substantlal 50 x 50 m factory
SLAM [47] Rokit Locator o . L. investment (real-world)
40.0275° () superior precision;
scan matching
Competitive
~ +3.6 mm (X), performance; Significantly lower
SO]f)grﬁ/[S[(;\;]rce Cartographer SLAM  None +22 mm (Y), practical benchmark;  cost than il;i_i?&?({;dory
+0.0679° (6) 2.6x lower accuracy ~ commercial
than commercial
+2.2mm (X), zgﬁ;gefjli}rléven
Landmérk— SICK NAV350 Reflector installation £23 iy o), industrial reliability; ~ Medium-high cost 50 x 50 m factory
Based [47] 40.0353° (0) from bili (real-world)
30 parking tests repeatability
validated
Multi-robot
coordination (6
Topological map Max: 0.038 m (X), forklifts); Warehouse
glotfl%irr?teﬁ ) gggrnr;iﬁ(ys + (360 nodes, 0.040 m (Y), collision-free NR simulation
& 652 arcs) 0.018 rad operation (Player/Stage)
demonstrated;
EKF-based

NR: not reported in the literature. Accuracy types: absolute positioning error (cm/mm), angular error (de-
grees/radians), relative error (% of distance traveled), and operational tolerance (maximum acceptable error for
task completion). Validation context: real-world testing conducted in actual warehouse/factory environments;
simulation validated using software platforms (Gazebo, Player/Stage); both indicates hybrid validation approach.
Infrastructure dependencies: “None” indicates forklift-mounted solutions without environmental modifications;

specific requirements listed for warehouse-dependent approaches.
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The surveyed results indicate a consistent accuracy-cost hierarchy in localization per-
formance across several technology classes. High-end commercial SLAM systems generally
deliver the strongest precision and repeatability, but this performance is accompanied
by substantial acquisition and integration cost. In contrast, open-source SLAM solutions
typically achieve slightly lower precision while remaining suitable for many warehouse
use cases, and they offer a markedly more favorable cost profile.

Multi-sensor fusion architectures occupy an intermediate position. They tend to
outperform single-sensor configurations by exploiting redundancy and complementary
observability, thereby improving robustness and reducing error without necessarily requir-
ing full infrastructure deployment. Recent advances in algorithmic fusion demonstrate
that carefully designed multi-stage processing can achieve sub-centimeter precision using
standard sensors, while semi-automated map creation approaches address the deployment
bottleneck by reducing installation time from months to hours. These developments suggest
that software innovation can partially substitute for hardware investment or infrastructure
modification in achieving industrial-grade localization performance.

Infrastructure-based methods (e.g., RFID- or UWB-enabled localization) commonly
provide stable, high-accuracy operation in structured environments and can offer addi-
tional operational value, such as simultaneous asset identification or inventory tracking.
However, they impose non-trivial upfront installation and maintenance burdens, including
environmental modification and periodic calibration.

Forklift-mounted approaches provide the greatest deployment flexibility and retrofit
potential, but they generally exhibit lower absolute accuracy and can be more sensitive to en-
vironmental changes, occlusions, and drift. Among these, vibration-based dead-reckoning
stands out as a low-barrier option because it can be implemented with commodity inertial
sensors and without direct forklift modifications, making it attractive for legacy fleets and
incremental deployment. Overall, the evidence supports a practical selection principle:
higher absolute accuracy typically requires either greater infrastructure commitment or
higher-cost sensing and software stacks, whereas lower-cost and retrofit-friendly solutions
often trade precision for flexibility and ease of deployment.

The surveyed results highlight a tradeoff between infrastructure dependence and
environmental robustness. Warehouse-dependent approaches necessitate permanent in-
stallations that can limit operational flexibility; however, they often provide consistent
accuracy. In contrast, forklift-based approaches offer greater deployment freedom but can
face accuracy challenges in difficult environments. Vision-based systems achieve 0.5 m
operational tolerance. Inertial systems demonstrate 1-2 m errors. Sensor fusion systems
present varying needs. Multi-layer laser and SLAM require no infrastructure modifica-
tions (marker-free). Landmark-based systems need reflector installation with line-of-sight
constraints. Environmental resilience varies significantly. Magnetic sensors function at
—30 °C where laser rangefinders fail. UWB systems resist multipath effects achieving
99.9% reliability. RF-SLAM provides resilience without reference tags. WiFi fingerprinting
proves vulnerable to dynamic obstacles requiring frequent database updates. ToF cameras
demonstrate robustness with reduced field-of-view but with a shorter range compared to
industrial lidars.

The surveyed literature reveals clear research gaps and future directions, most no-
tably the lack of standardized benchmarking protocols, which limits direct comparability
across studies. This is reflected in the wide variation in experimental settings and eval-
uation procedures, ranging from highly specialized environments to small-scale indoor
test areas and larger factory-like facilities. In addition, no single localization paradigm
consistently satisfies three requirements that are often simultaneously desired in practice:
sub-decimeter accuracy, zero reliance on added infrastructure, and robust performance
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under diverse warehouse conditions. Even among the strongest-performing systems, many
approaches depend on prior mapping or pre-built environment representations, which
introduces additional deployment effort and reduces portability. Another persistent gap is
the limited reporting on long-term error behavior. In particular, drift accumulation over
extended operation, changing loads, and evolving warehouse layouts is not systematically
characterized across most sensing modalities. Multi-robot coordination architectures have
demonstrated feasibility in small fleets and structured maps, but the scalability of these
designs to larger fleets, denser traffic, and more dynamic operational constraints remains
insufficiently validated.

Future research should prioritize adaptive algorithms maintaining accuracy under
varying environmental conditions. Standardized evaluation frameworks are needed to
enable objective comparison across deployment scenarios. Hybrid approaches should
combine infrastructure-based precision with forklift-mounted flexibility. These could po-
tentially leverage sparse infrastructure for absolute positioning while maintaining forklift-
based sensors for continuous tracking. Finally, multi-purpose infrastructure that supports
both localization and warehouse operations offers a compelling path to improving cost-
effectiveness by distributing installation effort across multiple functions.

6.5. Practical Guidelines for Localization System Selection

¢  For standard warehouse operations with moderate accuracy requirements, open-
source SLAM (Cartographer) provides infrastructure-free localization with repeatable,
high-precision performance at substantially lower cost than commercial systems. This
makes it appropriate for many routine warehouse applications.

¢ In settings that require cost-effective implementations with existing infrastructure,
WiFi fingerprinting leverages existing wireless networks for 1.5 m average localization
accuracy. RF-SLAM can use RFID tag deployments to achieve substantially higher
accuracy while also supporting inventory tracking.

* In the case of extreme environmental conditions, magnetic sensor systems operate
reliably at —30 °C where conventional laser rangefinders fail. These are therefore well
suited to refrigerated warehouse operations where alternative sensing is impractical.

e  For applications with the highest accuracy requirements, commercial SLAM achieves
millimeter-level precision for demanding applications requiring sub-centimeter posi-
tioning. Three-stage algorithmic fusion (AMCL+ICP+DFT) provides comparable sub-
centimeter accuracy using standard sensors at substantially lower cost, suitable when
precision cannot be compromised but commercial system investment is prohibitive.

*  Where infrastructure-free deployment and flexibility are priorities, Multi-layer laser
fusion (error < 10 cm) and open-source SLAM eliminate infrastructure modifications
while maintaining marker-free operation. Semi-automated map creation reduces de-
ployment time from months to hours. This enables rapid deployment and operational
adaptability without permanent installations.

Having established how autonomous forklifts determine their position within the
warehouse, we can now examine how they decide where to go and which paths to follow.
Localization provides the “where am I?” answer. The next section addresses the “how do I
get there?” question through global path planning algorithms. Global planning operates at
the warehouse scale to generate high-level routes between pickup and delivery locations.
These routes must respect the kinematic constraints established in Section 4, particularly
the minimum turning radius and rear-wheel steering limitations. The localization accu-
racy discussed here directly impacts planning performance. Centimeter-level positioning
enables confident navigation through narrow aisles, while meter-level errors may require
conservative planning with larger safety margins.
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7. Global Planning for Autonomous Forklifts

With localization established (Section 6), autonomous forklifts are able to estimate
their pose within the warehouse. This capability provides the state information required to
address the next fundamental problem: determining a feasible route from the current pose
to a specified goal. In practice, forklift navigation is commonly formulated as a hierarchical
planning problem with two distinct levels, each responsible for different aspects of route
generation and execution.

Global planning is performed at the warehouse scale and produces high-level routes
that traverse aisle networks, satisfy turning constraints, and adhere to site-specific traffic
regulations. Its output can be interpreted as a navigation corridor, represented as an
ordered sequence of aisle segments together with prescribed end-cap turns and intersection
or crossing rules [1,3,4]. Local planning (Section 8) subsequently refines this corridor into
a temporally parameterized trajectory that can be tracked by the control system. This
hierarchical decomposition promotes computational efficiency by separating discrete route
selection—often among a large number of candidate paths— from continuous trajectory
generation and optimization within the selected corridor.

This section examines global planning approaches across four categories of increasing
sophistication. Foundational planning approaches establish basic path-finding capabilities
using classical graph search. Advanced search-based methods incorporate forklift-specific
constraints through specialized state spaces and adaptive heuristics. Alternative planning
paradigms address uncertainty and multi-objective optimization. Hierarchical frameworks
decompose complex planning problems into manageable layers while maintaining solution
quality. Throughout, we analyze how these approaches handle the kinematic constraints
established in Section 4 and operational constraints formalized in Section 5.

7.1. Problem Statement and Forklift Constraints

The global path planning problem for autonomous forklifts involves finding optimal
collision-free paths from start to goal configurations. These paths must satisfy operational
and kinematic constraints [48]. Given an occupancy grid map M, current location gs, and
destination g, the system must generate a feasible configuration sequence {g;}. Each g;
includes position (x,y) and orientation 6 [3].

Key constraint categories distinguish forklift planning from general mobile
robot navigation:

*  Kinematic constraints: Non-holonomic motion prevents instantaneous lateral move-
ment. It imposes minimum turning radius requirements based on wheelbase geometry
and steering limitations [48].

*  Operational constraints: Forklift operation typically involves predominantly forward
motion during transport, but frequent reverse maneuvering during pickup and un-
loading due to the rear-mounted fork assembly. In addition, the effective collision
geometry changes between loaded and unloaded configurations, which must be
accounted for in planning and collision checking.

¢  Precision requirements: Warehouse automation demands centimeter-level position
accuracy and degree-level angular precision. This is necessary for proper alignment
with pallets, chargers, and parking spaces while maintaining safety clearances [3].

7.2. Foundational Planning Approaches

Classical graph-based search algorithms establish the basic principles for forklift
global planning. They provide efficient path-finding in discrete state spaces. These are later
enhanced by more sophisticated methods.
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Hierarchical mapping architectures effectively separate high-level routing from low-
level trajectory generation. They combine grid maps with weighted directed node graphs.
This enables Dijkstra’s algorithm to generate global paths as node sequences for subsequent
local planning [40]. This separation allows for efficient global optimization. It delegates
detailed trajectory generation to specialized algorithms.

Structured warehouse environments with well-defined lane networks are well-suited
for breadth-first search on directed graphs. Vertices represent operational positions con-
nected by directional edges [4]. This approach incorporates gear state estimation and path
refinement. It combines straight lines with circular segments. The method emphasizes
reverse gear operation for enhanced sensor visibility while minimizing maneuvers.

Baseline A* formulations provide an optimal graph-search framework that balances
computational efficiency with solution optimality. As a result, they are widely used as a
core component upon which more advanced planning enhancements are built [49]. Grid-
based greedy approaches offer computational simplicity. However, they sacrifice optimality
and are limited to simple scenarios without complex constraints [50].

7.3. Advanced Search-Based Methods

Enhanced A* variants address vehicle-specific constraints through specialized state
space modifications. They employ adaptive exploration strategies and improved heuristic
functions. These build upon foundational search principles while incorporating forklift
domain knowledge.

7.3.1. State Space and Constraint Integration Methods

Real-time computational constraints have motivated state space reductions that main-
tain kinematic feasibility while improving efficiency. Modified Hybrid A* reduces the
traditional four-dimensional state space (x, y, 6, direction) to three dimensions (x,y,6). It
achieves this by eliminating explicit forward/reverse direction tracking [51]. Key modifica-
tions include replacing Reeds-Shepp curves with Dubins curves for analytic expansion.
The system implements dual heuristic systems combining holonomic with obstacles and
non holonomic without obstacles estimates. It enforces straight-line approach segments
near goals.

Grid representation challenges for curved forklift turning requirements have been
addressed through geometric structure conversion. This transforms curved paths into
discrete representations using predefined patterns [52]. L-structures handle basic turns.
T-structures manage 180-degree reversals. Plus-structures address complex intersections.
Forklift state representation uses front and back positions on adjacent grid cells. This
implicitly encodes position and orientation information.

Dynamic collision-volume handling during cargo operations can be formulated using
a three-level hierarchical decomposition. The structure separates vehicle motion planning,
cargo manipulation, and multi-object task sequencing [53]. At each layer, the planner
delegates subproblems to the next lower level. The higher level specifies virtual scenes and
target states that serve as inputs to the invoked lower-level algorithms.

7.3.2. Adaptive Exploration and Environment-Responsive Planning

Environment-responsive planning addresses varying obstacle densities through adap-
tive motion step approaches. These dynamically adjust exploration step sizes based
on local obstacle density [48]. Map environment evaluation indices quantify obstacle
density around exploration nodes. The system then adjusts motion step lengths using
density-based zones. Larger steps are used in open areas. Smaller steps are employed in
cluttered regions.
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A guidance-based enhancement of Hybrid A* integrates route-level information to
improve search efficiency in narrow passages. It replaces purely distance-based heuristics
with cost functions motivated by motion-control principles [3]. The objective combines
tracking terms that penalize deviation from the desired route with distance terms that
approximate the remaining travel cost. The method also introduces adaptive motion-
primitive generation. In this step, the turning radius is selected based on the local route
geometry to better match feasible vehicle motion.

7.3.3. Operational Constraint Optimization

Turn- and Orientation-Sensitive (TOS) A* addresses specific constraints of large au-
tonomous mobile robots. It modifies heuristic functions to account for vehicle kinematics,
execution time, and safety requirements [54]. The approach replaces Euclidean distance
heuristics with weighted combinations. These incorporate obstacle detection, heading
consistency, and goal distance. The system restricts exploration to cardinal directions
reflecting warehouse aisle constraints.

Graph-augmentation methods convert an original connectivity graph into a virtual
graph that explicitly encodes steering constraints and vehicle orientation. This repre-
sentation allows standard shortest-path algorithms to compute orientation-dependent
routes [54]. The construction typically introduces multiple virtual vertices for each orig-
inal vertex. Each virtual vertex corresponds to a distinct, feasible vehicle orientation at
that location.

7.4. Alternative Planning Paradigms

Beyond classical graph-search techniques, several alternative planning paradigms
have been proposed to address forklift-specific challenges. These challenges include
uncertainty management, multi-objective decision making, and behavioral or mode-based
state handling. Such methods provide complementary capabilities and can be combined
with search-based planners within integrated planning architectures.

7.4.1. Sampling-Based Planning Methods

Sampling-based planning methods explore continuous state spaces using probabilistic
sampling strategies. They are particularly useful in high-dimensional configuration spaces,
where explicit discretization can become computationally intractable.

Enhanced RRT algorithms integrate Soft Actor-Critic (SAC) reinforcement learning
to address traditional sampling inefficiencies. They use SAC to guide tree expansion and
dynamically adjust sampling step sizes based on obstacle area ratios [55]. The approach
incorporates safety constraint modules. These consider forklift-specific operational con-
straints including turning angle, turning radius, and speed limitations. Dynamic sampling
step size calculation adapts exploration behavior. It uses smaller steps in cluttered areas
and larger steps in open spaces. This achieves 91% path finding success rate compared to
84% for SAC and 67% for greedy algorithms.

7.4.2. Dynamic Re-Planning Methods

The D* Lite algorithm addresses the limitation of traditional A* methods that can-
not replan routes in real-time. It provides efficient dynamic re-planning capabilities for
changing environments [56]. Unlike A*, which recalculates the entire path when obstacles
are detected, D* Lite incrementally repairs existing solutions. It maintains consistency
values and updates only affected path segments. The integration of Manhattan distance
calculations with D* Lite’s dynamic re-planning creates an efficient system for warehouse-
scale coordination. Forklifts can change destinations mid-route without complete path
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recalculation. Experimental validation with up to three forklifts shows significant time
reductions, demonstrating statistically significant improvements in navigation efficiency.

7.4.3. Motion Primitive-Based Planning

Bézier curve motion primitives provide an alternative to conventional grid-based plan-
ning. They generate smooth paths with continuous curvature, and the resulting trajectories
can be constructed to satisfy kinematic constraints by design [57]. In one approach, third-
order Bézier curves are used as the primitive set. Each primitive is parameterized by the
endpoint position, orientation, and curvature, which supports intuitive geometric interpre-
tation. Computational efficiency is retained through closed-form expressions for the curve
representation and associated costs. The experimental results indicate that this formulation
can achieve travel-time performance comparable to that of more complex optimization-
based planners while offering substantially lower computational overhead [57].

7.4.4. Optimization-Based Planning with Uncertainty Handling

Fuzzy optimization addresses inherent uncertainty and conflicting objectives in ware-
house environments. It transforms mathematical programming problems into fuzzy opti-
mization frameworks. These allow for an approximate satisfaction of requirements [58].
This approach represents objectives and constraints as fuzzy sets with membership func-
tions. It enables graceful degradation when strict constraint satisfaction is impossible.
Validation demonstrates effectiveness for both single forklift navigation with intermediate
waypoints and multi-forklift collision avoidance problems.

7.4.5. Behavioral Planning Integration

Finite state machine approaches manage discrete behavioral modes through states.
These include track speed, reduce speed, stop, and change gear. Transitions are determined
by look-ahead distance variables and physical constraints [4]. The behavioral planner
coordinates gear transitions. It maximizes reverse operation for improved sensor visibility
while minimizing overall maneuvers. This demonstrates effective coordination between
behavioral states and global path execution.

7.5. Hierarchical Planning Frameworks

Hierarchical planning provides a comprehensive framework for addressing complex
forklift motion-planning problems. It decomposes the overall task into smaller, structured
subproblems. This decomposition supports computational tractability while preserving
solution quality.

7.5.1. Motivation for Hierarchical Approaches

Single-layer planning methods often have difficulty scaling to the complexity of
warehouse operation. Forklifts must traverse narrow aisles, manage loads that change
the effective collision geometry, and satisfy multiple constraints at once [53]. This creates
a persistent trade-off in conventional approaches. Methods that prioritize adherence
to motion models may simplify obstacle interactions or represent them incompletely.
Conversely, methods that pursue optimality can be challenging to deploy in practice when
non-holonomic constraints must be enforced throughout the maneuver [59]. Trajectory
optimization frameworks face related limitations. They may not provide hard guarantees on
feasibility and can violate kinematic or collision-avoidance constraints under tight operating
margins [49].
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7.5.2. Hierarchical Planning Architectures

Three-level decomposition systems address complete forklift operations through spe-
cialized layers. These include free forklift movement using Hybrid A* with kinematic
constraints, joint forklift-cargo movement via discrete state-action optimization, and mul-
tiple cargo handling through scene decomposition [53]. Each level invokes lower-level
algorithms. It provides virtual scenes and targets as inputs.

Two-stage topological planning combines generalized Voronoi diagrams for route map
inference with heuristic search. This incorporates novel heuristic functions and forklift-
specific motion primitives [3]. The method includes multi-disk collision detection for
non-convex forklift shapes.

Constraint-guaranteed hierarchical systems ensure strict constraint satisfaction
through barrier function-based optimization. They use Hybrid A* for coarse path planning
followed by trajectory optimization with discrete-time bicycle models [49]. Key innovation
involves generating strictly feasible initial trajectories that precisely follow Hybrid A* paths.
This enables barrier functions to guaranty constraint satisfaction.

Reeds—Shepp based hierarchical systems combine A* based global planning with
preprocessing and local curve generation to better accommodate non-holonomic forklift
constraints [59]. The method introduces waypoint cost formulations to guide waypoint
selection. These costs incorporate measures such as Euclidean separation, the frequency
of direction changes, path-length efficiency, and heading and orientation consistency. In
combination, these terms encourage waypoint sequences that admit feasible Reeds-Shepp
connections while improving overall path quality for non-holonomic forklifts.

7.5.3. Performance Validation

Experimental validation demonstrates significant improvements over traditional meth-
ods. Three-level decomposition systems successfully handled both single and multiple
cargo transportation tasks. These operated in complex warehouse environments containing
up to 48 dynamic elements [53]. Real-world validation on industrial forklifts achieved 15%
reduction in path length compared to conventional planners. Planning times ranged from
3.2 ms in obstacle-free environments to 300 ms in cluttered conditions [59]. Constraint-
guaranteed methods achieved a substantial reduction in overall execution time relative
to baseline approaches. They also produced lower jerk costs, indicating smoother motion
profiles. Importantly, feasibility was preserved throughout, with all relevant constraints
enforced by construction [49].

7.6. Critical Review and Research Outlook for Global Planning

Tables 2 and 3 provide a comprehensive comparison of global planning approaches
across key dimensions. They reveal distinct trade-offs between computational effi-
ciency, constraint handling capabilities, solution quality, and practical deployability in
warehouse environments.

The surveyed methods show a clear progression in algorithmic sophistication and in
the range of constraints they can address. Classical graph-search techniques (e.g., Dijkstra,
BFS, and basic A*) provide efficient baseline principles for shortest-path computation.
However, they typically account for only a limited set of constraints, such as obstacle
avoidance, edge weights, and directed connectivity. More advanced search-based planners
extend these capabilities by better representing vehicle feasibility and operational structure.
Hybrid A* variants improve kinematic realism while controlling computational growth,
and guidance-based formulations further improve efficiency by using heuristics informed
by motion-tracking objectives. Orientation- and turn-sensitive search methods similarly
enhance path quality by promoting heading consistency and anticipating near-term obstacle
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interactions. Hierarchical frameworks represent the most comprehensive developments
in this literature. They structure the planning problem into levels that separately address
route selection, feasible maneuver generation, and task-level sequencing. Constraint-
guaranteed variants strengthen this trend by enforcing feasibility through construction
and improving execution efficiency relative to baseline approaches. Nonetheless, no single
method simultaneously captures the full set of operational requirements (such as kinematic
limits, load-dependent effects, multi-robot coordination, and energy-aware objectives)
within a unified planning framework. Moreover, many advanced methods remain primarily
within offline or quasi-static search-based paradigms, with limited emphasis on dynamic
re-planning under rapidly changing warehouse conditions.

Table 2. Comparative analysis of global planning approaches for autonomous forklifts—Part I:
foundational and advanced search-based methods.

Method [Ref]

Search Family

Constraints Modeled Key Characteristics Validation Environment

Foundational Graph-Based Approaches

Dijkstra Node Graphs [40]

Shortest path on weighted
graphs

Efficient global optimization;
separates routing from
trajectory generation

Warehouse-like

Non-negative arc weights settings [HYB]

BFS Directed
Graphs [4]

Breadth-first search

Lane network processing;
maximizes reverse gear for
sensor visibility

Gear state; directional edges;

N Industrial aisles [RW]
reverse operation

Optimal search; balances

Basic A* [49] Heuristic search Obstacles exploration efficiency with Not specified
solution quality
Grid Greedy [50] Greedy best-first None (greedy approach) ;zﬁgggsggg;ﬂgii;nple; Simple environments [RW]
Advanced Search-Based Methods
Dubins curves; dual heuristics
Modified Hybrid A* (3D (holonomic + non-holonomic);  Reduces state space from 4D

Hybrid A* [51]

state space)

straight-line goal approach;
front-mounted
sensor constraints

to 3D (x,y,6); eliminates
explicit direction tracking

Industrial forklift [RW]

Grid Structure
Conversion [52]

A* with
geometric patterns

Curved turns via L/T/+
structures; front+back
grid encoding

Predefined turn patterns;
implicit orientation in
dual-cell state representation

Warehouse grid [RW]

Adaptive Step Hybrid A* [48]

Hybrid A* with density
adaptation

Dynamic step sizing; obstacle
density index;
kinematic constraints

Larger steps in open areas,
smaller in clutter; map
environment evaluation
indices

Cluttered factory [RW]

Guidance
Hybrid A* [3]

Hybrid A* with
route guidance

Tracking cost; distance cost;
adaptive turning radii; narrow
passages

Motion-control-inspired cost;

15% path length reduction vs.

conventional planners

Warehouse corridors [RW]

Heading consistency; obstacle

Weighted heuristic
combination; cardinal

Large robot

TOS A* [54] A* variant detection; goal distance; direction exploration; warehouse [RW]
aisle constraints look-ahead
obstacle anticipation
Multiple vertices per node
Virtual Graph Steering constraints; (each orientation); enables

Augmentation [54]

Graph transformation

orientation-specific paths

standard shortest-path
algorithms

Warehouse graph [RW]

Validation Tags: [RW] = real-world validation; [SIM] = Simulation validation; [HYB] = both real-world and
simulation validation. Metrics Definition: Path length reduction = percentage decrease in total path distance
compared to baseline method; Planning time = wall-clock time from path request to solution delivery; Success
rate = percentage of queries resulting in collision-free, feasible paths.

A key limitation across the surveyed literature is the limited treatment of dynamic
re-planning. Within the reviewed set, only D* Lite explicitly supports incremental re-
planning by maintaining search consistency values and repairing only the affected portion
of the path. In contrast, most other approaches, including more sophisticated hierarchical
frameworks, implicitly assume static environments. When unexpected obstacles appear,
these methods typically require recomputing a complete plan rather than updating it locally.
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This is a material gap for warehouse settings, where obstacle configurations can change
frequently due to moving vehicles, relocated pallets, and shifting operational zones. The
reported performance evidence is also difficult to compare directly. Baseline methods tend
to emphasize computational simplicity and algorithmic clarity, sometimes at the expense of
optimality or motion feasibility. Hierarchical methods often present more comprehensive
validation, but timing and efficiency results are not reported in a consistent manner. Several
studies focus on relative improvements or qualitative descriptions instead of providing
standardized computational metrics. As a result, cross-method assessment of runtime
performance and scalability remains limited by heterogeneous reporting practices.

Table 3. Comparative analysis of global planning approaches for autonomous forklifts—Part II:
alternative paradigms and hierarchical frameworks.

Method [Ref] Search Family Constraints Modeled Key Characteristics Validation Environment
Alternative Planning Paradigms

Enhanced Turn angle/radius/speed; il;r?e;rgridsigpe;li?:gsgqg/

RRT-SAC [55] Sampling-based + RL safety constraints; obstacle success vs. 84% SAC only, 67% Cluttered paths [SIM]

area ratios

greedy

D* Lite [56]

Incremental search

Dynamic obstacles;
Manhattan distance;
mid-route
destination changes

Incremental repair; dynamic
replanning; T-stat 7.2-14.0 vs.
A* (significant improvement)

1-3 forklifts,
warehouse [RW]

Bezier Primitives [57]

Curve-based
(3rd-order)

Endpoint pose + curvature;
continuous curvature;
kinematic satisfaction

Smooth paths; closed-form
solutions; 36.44 s vs. 36.48 s
receding horizon optimization

Warehouse paths [RW]

Fuzzy
Optimization [58]

Fuzzy programming

Approximate constraints;
conflicting objectives;
multi-forklift collision

Fuzzy sets + membership
functions; graceful
constraint degradation

Single + multi-forklift [SIM]

FSM Behavioral [4]

Finite state machine

States:
track/reduce/stop/change
gear; coordinates behavioral
modes with global path

Gear transitions; look-ahead

distance; physical constraints Industrial layout [RW]

Hierarchical Planning Frameworks

Three-Level
Decomposition [53]

. M * 1
Free vehicle; vehicle+cargo Level 1. Hybrid A* with

Multi-level decomposition

collision; multi-object
sequencing

discretized control spaces;
Level 2: discrete state-action;
Level 3: scene decomposition

Complex warehouse,
48 dynamic elements [RW]

Two-Stage
Topological [3]

Voronoi +

Multi-disk collision; motion

Generalized Voronoi for route
inference; forklift-specific

Warehouse aisles [RW]

heuristic search

primitives; non-convex shapes  primitives; reduced

computational overhead

Constraint-Guaranteed
(CBF) [49]

Hybrid A* +
barrier functions

Strictly feasible initial
trajectories; 55% duration
reduction vs. existing
methods; lower jerk

Strict feasibility; discrete-time
bicycle model;
collision avoidance

Cluttered scenarios [RW]

Reeds-Shepp Hierarchical [59]

A* +

curve generation

Waypoint optimization; 15%
path length reduction vs.
conventional planners;

3.2 ms-0.3 s planning time

Waypoint cost (distance, turns,
heading, orientation);
non-holonomic

45 trials, industrial
forklift [RW]

Validation Tags: [RW] = real-world validation; [SIM] = simulation validation; [HYB] = both real-world and
simulation validation. Metrics Definitions: Duration reduction = percentage decrease in total traversal time
accounting for velocity /kinematic constraints; Success rate = percentage of queries resulting in collision-free,
feasible paths; Planning time = wall-clock time from path request to solution delivery.

Most advanced search-based and hierarchical methods include some form of real-
world validation, which supports their practical deployability. However, the evaluation
settings are not standardized. Reported test environments range from minimally described
layouts to well-characterized industrial facilities, and the stated complexity spans from
obstacle-free cases to scenarios with many dynamic elements. As a result, performance
claims are difficult to compare across studies. The maturity of alternative paradigms is
also uneven. D* Lite and Bézier primitives have been demonstrated on physical platforms,
whereas Enhanced RRT-SAC and Fuzzy Optimization are typically evaluated only in
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simulation. Moreover, most methods are validated in isolation. Head-to-head comparison
on shared benchmarks is rare, which limits objective assessment of trade-offs.

Multi-robot coordination remains underexplored. D* Lite is one of the few approaches
that explicitly considers multi-forklift operation, but evaluations are limited to small
fleets. Three-level decomposition introduces substantial environmental complexity through
dynamic elements, yet it primarily targets single-vehicle cargo manipulation. Overall, the
literature provides limited evidence on distributed planning, communication requirements,
or scalability beyond small fleet sizes. This gap is significant because modern warehouse
automation often requires coordination across much larger fleets operating concurrently.

The surveyed methods expose several persistent gaps in the current literature. First,
dynamic re-planning remains limited, with D* Lite standing out as one of the few ap-
proaches that explicitly supports real-time adaptation. This highlights a need for more
effective incremental repair strategies, online optimization methods, and planning tech-
niques that anticipate uncertainty. Second, there is no computationally tractable framework
that simultaneously addresses kinematic limits, cargo-related effects, multi-robot coordi-
nation, and energy efficiency in an integrated manner. Third, evaluation practices remain
difficult to reconcile across studies. Test environments, reporting conventions, and metrics
vary substantially, which prevents objective cross-method comparison. Fourth, the use of
machine learning is still largely exploratory and often requires extensive training effort, as
in Enhanced RRT-SAC. This suggests near-term opportunities for learning-based heuristic
shaping, parameter adaptation, and data-driven tuning rather than complete replacement
of model-based planners. Fifth, energy-aware planning receives limited attention, despite
increasing operational and sustainability pressures. In particular, power consumption is
rarely treated as a first-class objective alongside safety and path quality.

Future research should therefore emphasize dynamic re-planning methods that meet
real-time operational needs and can update plans within tight latency budgets. Inte-
grated hierarchical frameworks should also be developed to combine complementary
paradigms, including search-based efficiency, uncertainty-aware decision making, and
selective learning-based adaptation. Standardized benchmark suites and shared evaluation
protocols would materially improve comparability and support clearer design trade-offs.
At the fleet level, distributed planning and coordination algorithms should incorporate traf-
fic management, deadlock avoidance, and communication-aware strategies. Energy-aware
objectives should be incorporated explicitly, including power use and charging constraints,
rather than treated as secondary considerations. Finally, increasing warehouse complexity
motivates planners that can handle heterogeneous vehicle fleets, dynamic task alloca-
tion, and human-robot interaction while preserving safety guarantees and computational
tractability for deployment.

7.7. Practical Recommendations for Global Planning Method Selection

e  For structured warehouses with fixed routes and minimal constraints, foundational
graph-based methods (Dijkstra, BFS) offer computational efficiency and proven relia-
bility with straightforward implementation.

*  When satisfying kinematic constraints and precise maneuvering are the key require-
ments, advanced search-based methods (Modified Hybrid A* Guidance Hybrid A*,
TOS A*) improve constraint handling relative to classical graph search while pre-
serving practical computational complexity. The reported results indicate shorter
planned paths compared with baseline approaches, with only moderate additional
computational overhead.
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¢  In Dynamic environments that require real-time replanning, D* Lite remains the only
validated option for incremental path repair. It demonstrates significant improvements
in multi-forklift coordination scenarios.

*  For applications demanding strict constraint satisfaction and optimal performance,
hierarchical frameworks (constraint-guaranteed CBF, Reeds—Shepp) justify compu-
tational complexity through substantial performance gains. Reported implemen-
tations achieve planning times that remain compatible with practical deployment,
spanning from very fast solutions in simple settings to longer runtimes in more
cluttered environments.

*  Inthe case of cargo handling with varying collision volumes,three-level decomposition
explicitly addresses vehicle-cargo dynamics across operation phases. It is validated in
complex environments with dynamic elements.

¢  For uncertain environments with conflicting objectives, Fuzzy optimization enables
graceful constraint degradation when strict satisfaction is impossible. It is suitable for
multi-forklift collision avoidance scenarios.

Global planning establishes warehouse-scale routes that define which aisles to follow
and where to execute turns. However, these high-level corridor specifications remain
insufficient for direct execution by the control system. The next section examines local
planning and trajectory generation , which is the process of refining global routes into
precise, time-parameterized trajectories that satisfy the velocity bounds from Equation (10),
maintain corridor constraints from Equation (11), and generate smooth reference paths that
tracking controllers can follow. While global planning operates on discrete graphs with
meter-scale resolution, local planning must generate continuous trajectories with centimeter-
level precision, explicitly accounting for the kinematic constraints and dynamics established
in Section 4. This hierarchical refinement enables computational efficiency: global planning
searches among thousands of possible warehouse-scale routes in milliseconds, while local
planning optimizes detailed motion within the selected corridor in real-time as the forklift
executes its mission.

8. Local Planning and Trajectory Generation for Autonomous Forklifts

Global planning (Section 7) generates warehouse-scale routes specifying which aisles
to traverse and where to execute turns. However, these discrete corridor specifications
remain insufficient for control system execution. They provide waypoint sequences and
aisle centerlines but lack the continuous, curvature-smooth trajectories that tracking con-
trollers require. Local planning bridges this gap by refining global corridors into precise,
dynamically feasible trajectories.

This refinement process operates within the constraints handed over by the global
layer: centerline specifications, turn arc geometries, speed limits, and risk annotations.
Local planning must react at higher rates to perception updates. It resolves conflicts at rack
ends, negotiates narrow crossings, and shapes the final approach for docking operations.
In dynamic warehouse environments, this layer is pivotal. It transforms global intent into
motion that remains safe around humans and other vehicles. Simultaneously, it respects
aisle rules and load-dependent turning radii established in Section 4.

This section examines four key paradigms that address different aspects of the local
planning problem. Discrete path planning methods leverage graph-based algorithms for
efficient obstacle navigation. Smooth trajectory generation techniques ensure curvature
continuity for comfortable motion. Optimal trajectory planning approaches balance mul-
tiple objectives including energy and time. Real-time planning considerations address
computational efficiency and adaptive constraint handling. Each paradigm offers distinct
advantages depending on operational requirements and environmental complexity.
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8.1. Discrete Path Planning

Discrete path planning methods form the foundation of forklift local planning. They
provide computationally efficient solutions for complex obstacle environments. These graph-
based approaches excel in handling irregular obstacle configurations. They can be enhanced
with domain-specific knowledge to address forklift-specific operational requirements.

Cluttered factory environments present significant challenges for forklift navigation.
They require algorithms that can efficiently explore large solution spaces while respecting
vehicle constraints. A* algorithms have proven particularly effective for these scenarios.
Specialized implementations incorporate directional exploration bias toward targets, diag-
onal movement for smoother paths, and cost threshold restrictions to prevent traversing
high-risk areas [60]. The method adaptively selects intermediate sub-targets within reach-
able corridor regions when the nominal waypoint cannot be attained directly. The resulting
path is then refined using box-blur smoothing. The experimental results indicate improved
performance relative to Timed Elastic Band (TEB) planning with respect to travel distance,
energy use, and cumulative yaw variation. The approach has also been demonstrated in
real-world corridor navigation at operational speeds while maintaining safety constraints.

The integration of semantic information with traditional graph-based planning has
emerged as a powerful enhancement for structured warehouse environments. Semantic
feature extraction leverages the geometric regularity of warehouse layouts. It improves both
navigation robustness and localization reliability [40]. The system extracts line segments
and corners from LiDAR data using Evolving Principal Component Clustering (EPCC).
It identifies corners when two consecutive lines meet at angles within 90° & 10°. These
semantic features are stored in dedicated map layers. They are used for position recognition.
This addresses uncertainty issues of conventional probabilistic localization methods while
providing more robust navigation solutions in structured environments.

Multi-robot warehouse operations have motivated planning implementations that
translate global topological routes into locally executable paths while preserving collision-
free navigation. In this setting, the planner must balance the distance already traveled with
an estimate of the remaining distance to the goal. The use of non-negative arc weights
supports efficient search toward near-optimal solutions with low computational burden [1].
In virtual warehouse simulations using a topological graph, a fleet of six robotic forklifts
successfully executed their planned routes without collisions. These results illustrate how
classical planning concepts can be adapted to warehouse-specific coordination constraints.

8.2. Smooth Trajectory Generation

Although discrete path planners can produce collision-free routes, forklift operation
typically requires smooth, curvature-continuous trajectories for execution. Such trajecto-
ries reduce abrupt steering commands and promote stable, gentle motion for transported
loads. Geometric trajectory generation methods address these needs by enforcing mathe-
matical continuity and feasibility properties that support both kinematic constraints and
ride quality.

Spline-based trajectory generation addresses the fundamental requirement for geo-
metrically continuous paths in forklift operations. Quintic G> splines provide an effective
framework for generating trajectories. These prevent abrupt steering changes while main-
taining feasibility across multiple objectives [51]. It selects optimal solutions based on
curvature-speed constraints (Equation (10)), obstacle avoidance, trajectory length mini-
mization, and curvature derivative minimization. This multi-objective optimization ensures
both feasibility and comfort. It maintains essential G? continuity properties. Experimental
validation demonstrates high precision targeting. Mean errors are approximately 10 cm in
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position and 10 degrees in orientation. The method achieves computational efficiency with
average processing times of 14 ms . This enables seamless integration with global planning.

Reeds—Shepp curves provide an alternative geometric approach. They explicitly
address the non-holonomic constraints of forklifts. They also consider practical operational
limitations. The fundamental limitation of conventional methods has motivated waypoint
cost optimization approaches. These methods either consider motion models but ignore
obstacles or are optimal but difficult to implement [59]. Traditional planners either prioritize
safety at the expense of path length or focus solely on geometric optimality. Unlike these,
this approach considers practical limitations. These include the risk of tipping during turns
with heavy loads. The system selects waypoints by iterating through the global path. It
finds options with acceptable cost thresholds. Then, it generates collision-free Reeds-Shepp
curves. Modified path selection avoids obstacles. The results demonstrate 15% shorter
path lengths compared to conventional planners. Real-time feasibility is confirmed through
planning times of 300 ms near obstacles and 3.2 ms in open areas.

8.3. Optimal Trajectory Planning

Optimal trajectory planning methods integrate multiple objectives and constraints
into unified optimization frameworks. These can handle the complex trade-offs inherent in
forklift operations. These approaches move beyond geometric feasibility. They consider
energy consumption, travel time, and dynamic constraints simultaneously.

Energy-optimal trajectory planning has received increased attention due to grow-
ing emphasis on operational efficiency and sustainability in warehouse automation. A
key development is the direct inclusion of dynamic vehicle models within the trajectory-
optimization objective, rather than treating dynamics as an external feasibility check or a
post-processing step [61]. Optimal Timed Elastic Band (OTEB) formulations follow this
philosophy by embedding dynamics derived from Euler-Lagrange modeling. The resulting
model captures effects such as mass distribution, moments of inertia, and actuator and
physical constraints. The optimizer then favors motion profiles that avoid energy-intensive
behaviors, such as aggressive acceleration and high torque demand. The reported results in-
dicate reduced overall energy use while preserving comparable route length and improving
mission efficiency.

Minimum-time trajectory planning in cluttered environments addresses a persistent
practical challenge. Initial trajectories produced by many path planners may not satisfy
kinematic constraints. This can lead to infeasible plans or require extensive parameter tun-
ing to balance optimality with constraint compliance. To mitigate this issue, discrete-time
modeling formulations have been proposed that more closely reproduce the underlying
continuous-time behavior. One approach derives an analytic discrete-time update that
matches the continuous solution under constant steering and then introduces correction
terms to retain accuracy when the steering angle varies [49]. In contrast, standard Euler
or Runge—Kutta discretization can accumulate non-negligible error when larger sampling
intervals are used. By improving discrete-time fidelity, the method supports accurate
trajectory tracking across different sampling times while enforcing feasibility constraints,
including curvature-speed relationships (Equation (10)). The reported results indicate
shorter mission completion times than baseline methods, along with smoother motion
profiles and reduced computational effort in cluttered scenarios where constraint violations
otherwise occur [49].

8.4. Real-Time Planning Considerations

Real-time planning is essential for forklift operation in dynamic warehouse environ-
ments. It requires a careful balance between computational efficiency, adaptive constraint
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enforcement, and the generation of smooth, executable motion. These requirements become
more stringent as operational conditions vary, such as changes in aisle availability, traffic
density, or load characteristics. Maintaining this balance is also necessary to ensure safe
load transport and to reduce the risk of damage during handling and motion execution.

Jerk minimization and smooth acceleration profiles are fundamental requirements
for forklift operations. This is particularly true when transporting delicate or unstable
loads. Modified Linear Segments with Parabolic Blends (LSPB) algorithms address these
requirements through trajectory generation divided into three phases. These are accelera-
tion, constant velocity, and deceleration [62]. S-curve spline modifications can remove jerk
discontinuities in trajectory generation. The formulation enforces maximum velocity and
acceleration limits. It adapts the velocity profile based on the distance between successive
waypoints. Minimum-distance criteria determine when additional profile shaping is re-
quired. Variants developed for omnidirectional Mecanum-wheel robots apply the same
principle to reduce jerk while accounting for platform-specific effects such as wheel slip.
Reported simulations under realistic slip conditions indicate accurate tracking and smooth
motion, with low jerk levels.

Variable safety constraints along a planned route pose a key difficulty for real-
time trajectory generation. Many conventional planners assume constant velocity lim-
its, even though safety requirements often impose speed bounds that change with po-
sition. Online velocity-planning methods address this mismatch by enforcing position-
dependent speed constraints while also respecting acceleration and jerk limits during real-time
operation [63]. In contrast to planners that can only accommodate constant bounds, these
approaches explicitly represent spatially varying safety requirements that better reflect the
changing conditions in warehouse environments. The reported results indicate improved
operational efficiency while maintaining collision avoidance, and they demonstrate successful
handling of constraint profiles that are not supported by standard real-time planners.

8.5. Challenges and Future Directions in Local Planning and Trajectory Generation

Table 4 provides a comprehensive comparison of local planning and trajectory gener-
ation approaches across key dimensions. It reveals distinct trade-offs between trajectory
smoothness, computational efficiency, constraint handling, and optimization objectives.

Table 4. Comparative analysis of local planning and trajectory generation approaches for au-
tonomous forklifts.

Primary Optimization Key Performance

Method [Ref] Trajectory Properties Objectives Constraint Types Metrics Validation Environment
Discrete Path Planning
Post-processin Distance minimization; Directional bias; Superior vs. TEB in
A* Cluttered smool;t)hin g enerey efficiency: vaw ’ diagonal movement; distance, energy, Cluttered factory, 20 m
Factory [60] (box blur)g anglg);e ductiony, y cost thresholds; obstacle cumulative yaw; 1 m/s corridors [RW]

avoidance

navigation speed

Semantic Feature [40]

Path segments with
semantic features

Robust localization;
navigation reliability in
structured environments

Line/corner extraction
(90° £ 10°); geometric
regularity; EPCC
clustering

Addresses uncertainty
of probabilistic methods;
SBC-compatible
computation

Warehouse-like [HYB]

Multi-Robot
Coordination [1]

Graph-based discrete
paths

Collision-free
multi-robot navigation;
computational efficiency

Non-negative arc
weights; traveled +
estimated distance;
multi-robot constraints

360 nodes, 652 arcs; 6
forklifts collision-free
operation

Warehouse [SIM]

Smooth Trajectory Generation

Quintic G? Splines [51]

G? continuity
(curvature-continuous)

Multi-objective:
curvature compliance,
obstacle avoidance,
length minimization,
smooth steering

Maximum curvature
limits; obstacle
clearance; vehicle
kinematic limits

Mean error ~10 cm
position,

~10° orientation;

14 ms avg processing
time

Industrial forklift [RW]
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Table 4. Cont.

Primary Optimization

Key Performance

Method [Ref] Trajectory Properties Objectives Constraint Types Metrics Validation Environment

Path length xznhgggﬁggzc(;?;gg?é 15% shorter paths vs.
Reeds-Shepp Curvature-bounded minimization; safety yp ; ’ conventional; 3.2 ms . .

. Lo I turns, heading, Industrial forklift [RW]
Curves [59] (nonholonomic) optimization; tipping . NN (open) to 0.3 s
b e orientation); load X .
risk mitigation stability (obstacles); 45 trials
Optimal Trajectory Planning

Energy consumption E;ilg‘:la(tgilgfiimri;n o) 8.1% energy reduction;

Energy-Optimal Elastic minimization; mission 8TANEE) 2011 min to 192.0 min Warehouse operations

OTEB[61]

band deformation

time reduction;
dynamic efficiency

mass distribution;
moments of inertia;
torque limits

mission time; similar
travel distance

[Rw]

Minimum-Time
Discrete [49]

High-accuracy
discretization;
jerk-minimized

Minimum time;
constraint satisfaction
guarantee; jerk

Kinematic constraints;
discrete-time bicycle
model; barrier functions;

2% shorter mission time
vs. competitors;
significantly lower jerk;
feasible in cluttered

Cluttered
environments [RW]

minimization collision avoidance )
scenarios

Real-Time Planning

Modified LSPB [62]

S-curve modifications

Jerk minimization;
smooth acceleration

Max velocity; max

R 4 Position RMSE 0.0705 m;
acceleration; jerk

avg jerk 3.7184 m/s%; Mecanum wheel robot

(jerk-continuous) profiles; elimination; wheel slip i . [SIM]
load stability conditions three-phase trajectory
2@;32?;?\22’ dling: Position-dependent 23% traveling time
Online Velocity Jerk-bounded velocity roductivit & velocity; acceleration reduction; real-time Dynamic warehouse
Planning [63] profiles liom(;)r‘;fie:ne? t limits; jerk limits; capable; collision [RW]

variable speed zones avoidance guaranteed

collision avoidance

Validation Tags: [RW] = real-world validation; [SIM] = simulation validation; [HYB] = both real-world and
simulation. Metrics Definitions: Energy reduction = percentage decrease in total energy consumption vs. baseline
method; Mission time = total duration for complete task execution including navigation and operations; Planning
time = computation time from path request to trajectory generation; Position accuracy = mean absolute error
between planned and achieved positions (RMSE or mean error); Orientation accuracy = mean angular error in
degrees; Path length reduction = Percentage decrease in total path distance compared to baseline method; Traveling
time reduction = percentage decrease in navigation time excluding task operations.

The surveyed methods indicate a clear progression in trajectory smoothness and in
the objectives emphasized during planning. Discrete path-planning approaches typically
rely on graph-based routing and then apply post-processing smoothing (e.g., box-blur
filtering). Their primary focus is often on distance reduction, computational efficiency, or
energy-related metrics. Multi-robot coordination extends this paradigm to fleet settings by
supporting coordinated execution over large topological graphs with limited computational
overhead. These methods can be effective in cluttered environments, but they may not
directly ensure high-quality smooth trajectories required for execution.

Smooth-trajectory generation methods place stronger emphasis on continuity prop-
erties. Quintic G? spline formulations produce curvature-continuous trajectories that are
more compatible with non-holonomic execution and stable load transport. Reeds-Shepp
curves provide curvature-bounded paths that explicitly respect non-holonomic constraints
and can improve path efficiency relative to conventional planners. In contrast, optimal
planning methods integrate multiple objectives within a single optimization problem.
Energy-Optimal OTEB incorporates vehicle dynamics within the cost structure to reduce
energy-intensive behaviors while maintaining mission efficiency. Minimum-time formu-
lations emphasize time optimality while enforcing feasibility constraints and improving
smoothness through reduced jerk. Real-time methods often prioritize execution quality di-
rectly. S-curve modifications, for example, target jerk reduction and smoother actuation. On-
line velocity planning further extends real-time capability by enforcing position-dependent
safety constraints that standard constant-bound planners cannot represent.

Despite these advances, no single approach simultaneously provides G? continuity,
explicit jerk minimization, real-time responsiveness, and multi-objective optimality within
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a unified framework. Moreover, the diversity of optimization goals and reporting practices
across studies complicates direct comparison of performance and practical trade-offs.

Discrete methods handle basic obstacles, directional biases, and multi-robot coor-
dination. They are suitable for structured environments. However, they lack dynamic
or load-dependent considerations. Smooth trajectory generation incorporates kinematic
limits (maximum curvature, non-holonomic motion) and load stability factors (tipping
risk mitigation in Reeds—Shepp paths). This addresses vehicle-specific constraints with-
out explicit dynamic models. Optimal planning achieves complete constraint integration.
Energy-Optimal OTEB incorporates mass distribution, moments of inertia, and torque
limits through Euler-Lagrange formulations. Minimum-time guarantees constraint satis-
faction via barrier functions with discrete-time bicycle models. These maintain accuracy
across varying steering angles. Real-time approaches handle velocity, acceleration, and jerk
limits with position-dependent safety constraints. Critically, only minimum-time methods
provide explicit feasibility guarantees through barrier functions. Others rely on constraint
penalties or post-processing validation. These potentially produce infeasible trajectories
requiring iterative refinement.

Real-time performance varies substantially across the surveyed methods, and quanti-
tative timing is reported only in a small subset of studies. Explicit runtimes are provided
for Quintic G? splines (reported at 14 ms) and for Reeds-Shepp curve generation (reported
from 3.2 ms in simple settings up to 300 ms in cluttered cases). The minimum-time ap-
proach is described as faster than competing methods, but absolute timing values are
not consistently reported. Most other contributions rely on qualitative statements about
computational efficiency without providing reproducible runtime measurements. This
limits the ability to assess practical deployability under real-time constraints.

Many approaches include some form of real-world validation (e.g., A*, Quintic G?,
Reeds—Shepp, Energy-Optimal OTEB, minimum-time, and online velocity). This supports
feasibility for industrial deployment. However, evaluation scales differ markedly. Reported
experiments range from single-vehicle trials to fleet-style studies and longer-duration
mission-level demonstrations. At the same time, several methods remain simulation-only
(e.g., Modified LSPB and some multi-robot coordination evaluations), which weakens
evidence of real-world robustness.

Comparative evaluation remains limited across the literature. Most studies report
improvements relative to a selected baseline (e.g., TEB or conventional planners) rather
than against shared benchmark suites. The absence of standardized test environments,
obstacle configurations, payload conditions, and consistent performance metrics prevents
objective cross-method comparison and constrains reproducibility.

Several critical gaps emerge. First, no unified framework simultaneously achieves
high-order continuity (Gz), jerk minimization, multi-objective optimization, and explicit
feasibility guarantees within real-time budgets. Second, constraint handling remains
fragmented. Discrete methods address obstacles. Smooth methods handle kinematics.
Optimal methods incorporate dynamics. Real-time methods manage variable safety. Yet,
no approach integrates load-dependent dynamics, cargo stability, multi-robot coordination,
and energy efficiency. Third, only 30% of methods provide quantitative timing data.
This prevents objective real-time feasibility assessment. Fourth, validation heterogeneity
complicates generalization. Fifth, machine learning integration remains absent despite
potential for constraint prediction, adaptive tuning, and context-aware optimization.

Future research should emphasize unified planning frameworks that integrate discrete
obstacle-aware routing, smooth trajectory generation, optimization-based refinement to
satisfy multiple objectives, and real-time adaptation to environmental changes. These capa-
bilities should be organized within hierarchical architectures that preserve computational
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efficiency while retaining near-optimal performance. Standardized benchmark suites, built

around shared test environments and reporting conventions, are also needed to support

objective cross-method comparison. Machine learning can contribute in targeted roles, such

as predictive constraint handling, learned cost shaping, and adaptive parameter selection.

Energy-aware objectives should be incorporated explicitly, alongside jerk reduction and

load-stability considerations. These objectives must be enforced within real-time computa-

tional limits to support sustainable warehouse automation without compromising safety or

motion quality.

8.6. Practical Guidelines for Selecting Local Planning and Trajectory Generation Methods

For applications with tight computational budgets, quintic G spline generation has
been reported to run fast enough for integration within closed-loop control cycles.
Reeds-Shepp curve planning can also be computationally efficient, although its run-
time increases noticeably in cluttered regions and near obstacles. Online velocity
planning supports real-time operation while improving travel efficiency, which is
beneficial for responsive deployment on resource-constrained hardware.

In highly cluttered or narrow environments, discrete A* methods excel. They demon-
strate superior performance versus TEB planner. Minimum-time methods generate
feasible trajectories in cluttered scenarios where existing planners fail due to constraint
violations. Semantic feature extraction leverages geometric regularity for robust navi-
gation in structured warehouse layouts.

In the presence of dynamic obstacles and applications requiring variable safety zones,
online velocity planning handles position-dependent velocity constraints that tra-
ditional planners cannot accommodate. It reduces travel time while guaranteeing
collision avoidance. Multi-robot coordination manages collision-free navigation for
multiple forklifts with minimal computational cost. This enables scalable fleet opera-
tions in shared workspaces.

When cargo transport requires delicate handling, modified LSPB with S-curve modifi-
cations removes jerk discontinuities and produces smoother acceleration profiles for
execution. Reeds-Shepp curves can incorporate load-related safety considerations,
such as turn-induced tipping risk, while still generating efficient paths that preserve
safety margins. Energy-Optimal OTEB embeds vehicle dynamics within the optimiza-
tion objective to discourage aggressive acceleration and high torque demand. The
reported results indicate meaningful reductions in energy consumption.

In high-precision tasks, such as docking and pallet manipulation, quintic G splines
provide curvature-continuous trajectories with ~10 cm mean position accuracy and
~10° orientation accuracy. They prevent abrupt steering changes critical for final
approach phases in narrow aisles. Reeds-Shepp curves address non-holonomic con-
straints with waypoint cost optimization for precise positioning.

For safety-critical applications requiring guaranteed feasibility, minimum-time meth-
ods that incorporate barrier-function formulations provide explicit guarantees of con-
straint satisfaction. They improve time efficiency while producing smoother motion
profiles with reduced jerk. Kinematic feasibility and collision-avoidance constraints
are enforced throughout the trajectory generation process. Online velocity planning
similarly maintains collision avoidance by adapting in real time to position-dependent
velocity limits.

Local planning generates reference trajectories that specify desired positions, velocities,

and curvatures as functions of time or arc length. However, these reference trajectories

remain abstract specifications until a control system translates them into actual steering

and throttle commands that account for real-world disturbances, model uncertainties,
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and actuator dynamics. The next section examines control methods for autonomous
forklifts: the algorithms that track these planned trajectories while handling the challenges
established throughout previous sections. While local planning determines where the
forklift should be and when, control systems determine what commands achieve that
objective, ensuring the smooth trajectories generated here translate into actual vehicle
motion with acceptable tracking accuracy.

9. Forklift Controls and Path Tracking

Once a feasible path has been generated by the planning layer (Sections 7 and 8),
the control system must ensure accurate tracking. It must respect vehicle constraints,
safety margins, and operational requirements. Forklift control presents unique challenges
compared to conventional wheeled robots. These arise from rear-steer geometry, payload-
dependent dynamics, and tight operational constraints in warehouse environments. This
section reviews path tracking and motion control strategies specifically developed for au-
tonomous forklifts. It examines how different control paradigms address the fundamental
challenges inherent to forklift operations.

9.1. Problem Formulation and Control Objectives

The fundamental control problem for autonomous forklifts can be formulated as
follows: Given a reference trajectory from the planning layer and the current vehicle state,
determine control inputs that minimize tracking errors. These must satisfy constraints and
maintain stability.

Let (x,y, ¢) denote the vehicle pose, v the longitudinal speed, and ¢ the steering angle.
For path tracking applications, the error dynamics are typically expressed in a Frenet frame
moving along the reference path:

éy = vsin(ey) ~ vey, (21)
. v
by =1 tan(6) — vk (s), (22)

where ey, is the lateral (cross-track) error, ey is the heading error, L is the effective wheelbase,
k(s) is the path curvature, and s is the arc length parameter along the reference path.
The control objective is to design a feedback law 6 = f (ey, ey, Cy, Cy, - . .) that:

*  Asymptotically stabilizes the error dynamics: lim; e ey (t), ey (t)] = [0,0].

e Respects actuator constraints: [6| < dmax, [0] < dmax-

*  Maintains vehicle stability under varying payloads and operating conditions.
*  Provides smooth, comfortable motion suitable for transported goods.

9.2. Forklift-Specific Control Challenges

Understanding the unique characteristics of forklifts is essential for developing effec-
tive control strategies. Autonomous forklift control differs fundamentally from passenger
vehicle control in several critical aspects. These differences have shaped the development
of specialized control approaches.

Rear-steer geometry and non-holonomic constraints: Unlike front-steered vehicles,
forklifts typically employ rear-wheel steering. This creates different dynamic responses
and tracking behavior. The rear-steer configuration leads to pronounced off-tracking effects
in curves. It requires careful consideration during reverse maneuvers, which are common
in warehouse operations.

Payload-dependent parameter variations: The center of gravity (CoG) and vehicle
dynamics change significantly with payload mass and mast height. A fully loaded forklift
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with an elevated mast exhibits markedly different stability characteristics compared to an
unloaded vehicle. This requires adaptive control strategies or robust designs that maintain
performance across the entire operational envelope.

Stability and safety constraints: Counterbalance forklifts face inherent stability chal-
lenges due to high centers of gravity and narrow wheelbases. The stability envelope shrinks
dramatically under load. This occurs particularly with elevated forks. This necessitates
explicit consideration of rollover prevention in the control design.

Tight operational constraints: Warehouse aisles impose strict spatial constraints. They
require precise tracking with minimal overshoot. Additionally, the frequent start—stop
nature of warehouse operations demands controllers that can handle rapid transients.
These must not destabilize the vehicle or the load that its carrying.

These challenges have motivated researchers to develop specialized control ap-
proaches. These can be broadly categorized into several paradigms: fuzzy-logic-based
adaptive controllers, robust control methods, active disturbance rejection techniques, and
model predictive control frameworks. Each approach offers distinct advantages in address-
ing specific aspects of the forklift control problem.

9.3. Fuzzy Logic and Adaptive Control Approaches

The inherent uncertainty and variability in forklift operations have made fuzzy
logic controllers particularly attractive. They address parameter variations and envi-
ronmental disturbances. These approaches leverage the ability of fuzzy systems to han-
dle vague information. They adapt to changing conditions without requiring precise
mathematical models.

Recognizing the limitations of fixed-parameter controllers in varying environmental
conditions, researchers have developed fuzzy adaptive PID controllers. These dynamically
adjust proportional, integral, and derivative gains (kp, k;, k;) in real-time through fuzzy
inference rules [22]. The hierarchical control structure employs fuzzy logic modules. These
continuously modify PID parameters according to current tracking errors. This enables an
adaptive response to environmental changes that significantly affect path tracking accuracy.
The fuzzy adaptation mechanism uses lateral deviation and heading angle errors as inputs.
It determines optimal gain adjustments, thus providing faster response times and reduced
overshoot during unexpected environmental disturbances.

While adaptive approaches address parameter variations, the critical issue of stability
assurance in fuzzy controller design has been tackled through the Lyapunov—-Conjugate Gra-
dient Method (LCGM) [21]. This mathematical framework uniquely combines Lyapunov
stability theory with conjugate gradient optimization. It systematically designs stable fuzzy
rule bases and optimizes membership function parameters. Unlike conventional fuzzy
controllers that rely on heuristic rule design, LCGM provides theoretical guarantees for
both stability and optimal performance. The method’s practical effectiveness is evidenced
by its deployment in numerous automated industrial plants. This demonstrates reliable
real-world performance where stability under load is critical.

9.4. Robust Control Strategies

While fuzzy approaches excel at handling uncertainty through adaptation, robust con-
trol methods take a different approach. They design controllers that maintain performance
guarantees despite bounded uncertainties and disturbances. This paradigm has proven
particularly valuable for forklift applications where safety and reliability are paramount.

Sliding mode control has emerged as a prominent robust control technique for forklifts.
This is due to its inherent robustness against uncertainties and model variations. However,
traditional sliding mode control suffers from chattering phenomena. This can damage
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actuators and degrade system performance. To address this fundamental limitation, a
robust sliding mode controller with fuzzy chattering suppression has been developed
for three-wheeled forklift path tracking [33]. The approach uniquely combines sliding
mode control’s inherent robustness with fuzzy logic to suppress chattering. It maintains
tracking accuracy. The sliding surface design uses fuzzy logic to adaptively adjust the
switching gain. Triangular membership functions map steering wheel angular velocity and
its derivatives to appropriate gain values. This demonstrates particular effectiveness in
handling external disturbances and model uncertainties common in forklift operations.

Dynamic loading conditions present additional challenges for robust control design.
This is particularly true when considering the lateral stability effects of cargo movement
during forklift operations. A specialized sliding mode controller addresses these challenges.
It incorporates real-time cargo position changes into the control design through uncertain
parameter modeling [64]. Unlike traditional controllers that assume static loading con-
ditions, this method uniquely considers the dynamic changes in the synthetic center of
gravity. These are caused by cargo lifting and lowering. This significantly affects forklift
stability during turning maneuvers. The controller effectively tracks ideal yaw rate and
sideslip angle references while maintaining stability during cargo lifting operations. This
addresses a critical gap in existing control strategies that neglect the dynamic nature of
cargo handling.

9.5. Active Disturbance Rejection Control

Active Disturbance Rejection Control (ADRC) represents a paradigm shift from tra-
ditional model-based control. It treats model uncertainties and external disturbances as
a unified “total disturbance.” This can be estimated and compensated in real-time. This
approach has shown particular promise for forklift applications.

Hydraulic steering systems in forklifts introduce substantial uncertainties. These arise
from oil leakage and pressure variations that can severely degrade control performance. A
composite control strategy combining cascaded ADRC with geometry-based feedforward
control specifically addresses these hydraulic steering uncertainties [65]. The approach
treats model inaccuracies and hydraulic oil leakage effects as total disturbance. Extended
State Observers (ESOs) estimate this disturbance. It is actively compensated in real-time.
The cascaded structure employs an outer loop for lateral error regulation. An inner loop
handles heading angle tracking. Pure pursuit-based feedforward enhances this to improve
transient response. This composite approach demonstrates superior performance under
hydraulic system degradation. It effectively maintains precise control when traditional
model-based methods fail due to actuator uncertainties.

Rear-wheel steered forklifts present an additional control challenge due to non-
minimum-phase (NMP) behavior. This arises when the controlled or measured point
is located behind the vehicle’s center of gravity. In practice, the effect appears as a transient
increase in lateral deviation at the onset of a turn. This response can complicate feedback
design and degrade stability margins under conventional control strategies. One reported
solution combines cascade ADRC with a coordinate-reconstruction technique [5]. The
reconstruction maps the measured rearward position to a virtual point located ahead of
the center of gravity, which mitigates the NMP effect. This formulation supports stable
tracking for rear-wheel steering forklifts while maintaining high path-following accuracy.

9.6. Model Predictive Control: The Dominant Paradigm

Model predictive control (MPC) has emerged as the dominant approach for high-
performance forklift control. This is due to its unique ability to handle constraints explicitly
while optimizing over future predictions. The explicit constraint handling capability of
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MPC is particularly valuable for forklift applications. Stability limits, actuator constraints,
and spatial boundaries must be rigorously enforced. This section examines the evolution
of MPC techniques tailored to forklift-specific requirements. These range from basic
implementations to advanced adaptive and safety-critical variants.

9.6.1. Foundational MPC Approaches and Velocity Adaptation

Early MPC implementations for forklifts focused on establishing the basic frame-
work for constraint-aware path tracking. Path curvature variations present significant
challenges for maintaining consistent control performance. This is particularly true when
heavy-duty forklifts must navigate between straight warehouse aisles and tight turning
sections. To address this challenge, velocity-adaptive MPC (VA-MPC) extends standard
MPC by incorporating path curvature-based velocity adaptation [23]. The key innovation
lies in segmenting the reference path into straight and curved sections. This is based on
curvature analysis. The system implements curvature-speed constraints (Equation (10))
with different target speeds (faster speeds for straight lines and slower on curves). Asym-
metric acceleration profiles address high inertia and prevent cargo slippage. The method
dynamically adjusts control parameters. These include prediction horizon (Np), control
horizon (N¢), and sampling time (T) based on path characteristics. Straight segments use
shorter horizons for efficiency. Curved sections employ longer horizons for stability.

Cluttered factory environments introduce additional constraints beyond simple path
tracking. They require controllers that can handle complex geometric constraints while nav-
igating narrow passages. Constrained linear model predictive control (CLMPC) addresses
this challenge through comprehensive constraint formulation. It implements corridor con-
straints (Equation (11)). This ensures all four corners of the forklift’s footprint remain within
lateral tolerances from corridor boundaries for each prediction step [60]. This geometric
constraint approach prevents the vehicle from violating spatial boundaries during the
entire predicted trajectory. This addresses a critical limitation of point-mass approximations
used in conventional path tracking controllers.

9.6.2. Advanced MPC Formulations for Industrial Deployment

As MPC techniques matured, the need for more sophisticated mathematical formula-
tions became apparent. These must handle the complex dynamics and constraints inherent
in forklift operations. Traditional MPC approaches that linearize around fixed equilibrium
points often fail to capture the nonlinear behavior during curved path tracking. This is
particularly true for forklifts with rear-wheel steering configurations.

A unified linear parameter varying model predictive control (LPV-MPC) approach
addresses these limitations. It linearizes around trajectories rather than fixed points [66].
The approach computes time-varying system matrices at each prediction step. It formulates
optimization in a moving coordinate frame that transforms between successive desired
vehicle poses. This enables accurate tracking along curved paths. It maintains compu-
tational efficiency through coordinate transformations that account for path geometry.
This represents a significant advancement in the mathematical sophistication of forklift
MPC implementations.

9.6.3. Safety-Critical MPC Extensions

The critical safety requirements of forklift operations have driven the development of
MPC variants. These explicitly address stability and rollover prevention. Counterbalance
forklifts face inherent rollover risks due to high centers of gravity and narrow wheelbases.
This is particularly true when carrying elevated loads. A hierarchical adaptive model
predictive control (AMPC) system specifically targets these roll stability challenges. It
integrates a comprehensive rollover index (RI) that accounts for both steering and obstacle
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traversal scenarios [6]. The AMPC formulation divides the rollover index into distinct
regions based on roll severity. It switches between different control strategies accordingly.
This provides adaptive responses that prioritize stability as the vehicle approaches its
operational limits.

Incomplete kinematic modeling and inadequate stability constraints have limited
the effectiveness of many existing MPC implementations in real industrial environments.
Enhanced Stability and Safety MPC (ESS-MPC) addresses these limitations. It constructs a
comprehensive state-quantity kinematic model for single front steering-wheel forklifts [10].
The approach incorporates front-wheel steering angle ¢ as a state variable: s = [x,y, 6, ¢|.
This results in more accurate trajectory prediction compared to traditional approaches
that neglect this critical state component. The method also introduces enhanced body
stability constraints and spatial safety boundaries. These are specifically designed for
unstructured factory environments. This demonstrates substantial improvements in both
tracking precision and stability margins.

9.6.4. Computational Efficiency and Real-Time Implementation

The computational burden of MPC optimization can be a limiting factor for real-
time forklift control. This challenge becomes more pronounced as prediction horizons are
extended to improve tracking and anticipative behavior. In conventional MPC formulations,
longer horizons increase problem dimension and lead to larger quadratic programs that
must be solved at each control update. The resulting computational load can introduce
control latency, which is particularly detrimental in time-critical warehouse operations and
can ultimately degrade tracking performance.

A chunked matrix strategy addresses this computational bottleneck. It reduces the
dimensionality of the optimization problem through strategic parameterization of future
control actions [24]. The key innovation introduces a transformation matrix that constrains
future control actions. This reduces the number of optimization variables while maintaining
control performance. For an eight-step control horizon, the method systematically reduces
control sequence dimensionality. It sets certain control increments equal to previous values
(e.g., Aus = Auy, Auy = Aug = Aug). This effectively “chunks” the control horizon into
segments with identical control actions. This approach achieves substantial computa-
tional savings. It preserves the fundamental MPC advantages of constraint handling and
predictive optimization.

Nonlinear MPC formulations face even greater computational challenges. This is
due to the iterative nature of nonlinear optimization algorithms. The Real-Time Iteration
(RTT) approach addresses this challenge. It performs only a single Sequential Quadratic
Programming (SQP) iteration at each control step. It linearizes around the previous solution
rather than solving the full nonlinear problem to convergence [7]. This strategy signifi-
cantly reduces computational cost while maintaining control performance. This makes
nonlinear MPC feasible for real-time forklift applications where precise control is required
but computational resources are limited.

9.6.5. Al-Enhanced and Adaptive MPC Systems

The challenge of deploying consistent control performance across heterogeneous
forklift fleets has motivated the integration of artificial intelligence and adaptive techniques
into MPC frameworks. Industrial environments typically deploy multiple forklift variants
with different kinematics. Traditional MPC designs optimized for specific vehicle variants
often exhibit degraded performance when applied across different types of forklifts.

An Al-enhanced model predictive control approach addresses this fleet heterogene-
ity through real-time model selection. It uses an Artificial Neural Network (ANN) that
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analyzes vehicle dynamics [67]. The ANN examines side-slip angle (), yaw rate (), and
steering angle (J;) to automatically identify the current forklift variant. The method se-
lects the appropriate plant model for subsequent control computations. A fully connected
feed-forward neural network is trained offline on synthetically generated data derived
from the candidate plant models. In reported evaluations, the network provides reliable
variant identification while preserving computational efficiency. During online operation,
predictions are obtained only from the selected model, which limits runtime overhead.

Variable curvature trajectories present another significant challenge for maintaining
consistent tracking precision. Fixed weighting coefficients in traditional MPC cannot
adequately handle the varying demands of different trajectory segments. Fuzzy model
predictive control addresses this limitation. It incorporates fuzzy logic to adaptively
adjust weighting coefficients in response to changing trajectory conditions and tracking
performance [26]. The fuzzy controller dynamically modifies the MPC cost function
parameters. It performs real-time adaptation of weighting matrices based on three critical
system parameters: heading error, lateral deviation, and trajectory curvature. This enables
optimal performance across diverse operating conditions.

9.6.6. Specialized MPC Applications

The diverse operational requirements of forklift applications have motivated the de-
velopment of MPC variants tailored to specific scenarios. These range from precision pallet
manipulation to dynamic obstacle avoidance. These specialized approaches demonstrate
the flexibility of the MPC framework. They address unique operational challenges while
maintaining the fundamental advantages of constraint-aware optimization.

Geometric path following while simultaneously optimizing speed presents a unique
challenge. This differs from traditional trajectory tracking approaches. Model predictive
motion control (MPMC) addresses this by extending traditional MPC to integrate dynamic
balance constraints and automatic speed optimization [19]. Unlike conventional trajectory
tracking approaches, this method focuses on geometric path following. It simultaneously
optimizes both steering and velocity commands. Dynamic stability is ensured by incorpo-
rating Zero Moment Point (ZMP) theory to prevent forklift tipping. It includes automatic
speed adjustment capability. The controller determines optimal traversal speed while
respecting dynamic balance limits.

Narrow corridor navigation with dynamic obstacles requires specialized approaches.
These must balance safety with operational efficiency. Dynamic obstacle-avoidance MPC
addresses this challenge through adaptive velocity constraints. These respond to the prox-
imity of vision-obstructing obstacles [25]. The system reduces vehicle speed automatically
when approaching corners or tall obstacles that may limit visibility and increase the risk
of human occlusion. It formulates the trajectory using a multiple-shooting scheme with
parameterized polynomial segments, rather than spline-based parameterizations. This
design yields an order of magnitude reduction in computation time. A further advantage is
that constraints are enforced over the full continuous trajectory, rather than only at a finite
set of discretization nodes. As a result, the approach provides stronger safety assurances
during execution.

The dual requirements of general transportation and precision pallet loading have led
to task-specific MPC formulations. These can adapt their optimization priorities based on
operational context. Nonlinear model predictive control (NMPC) frameworks address this
challenge. They explicitly incorporate orientation error minimization. This is critical for
successful pallet manipulation operations [7]. For general transportation, the controller em-
phasizes speed and allows for reasonable path deviations. For pallet loading, it prioritizes
achieving sub-centimeter position accuracy and sub-degree orientation precision.

https:/ /doi.org/10.3390/robotics15020030


https://doi.org/10.3390/robotics15020030

Robotics 2026, 15, 30

46 of 78

Lateral stability during obstacle-avoidance maneuvers is a critical concern for au-
tonomous forklifts. Excessive centripetal acceleration can induce rollover, particularly when
conventional collision-avoidance planners generate high-curvature trajectories. An MPC
framework augmented with an Optimal Avoidance Safety Boundary (OASB) strategy has
been proposed to mitigate this risk [35]. The OASB component performs a pre-optimization
step that determines suitable avoidance boundaries prior to trajectory generation. This
shifts the maneuver earlier and promotes smoother, lower-curvature avoidance actions.
By accounting for vehicle dynamic limitations when computing the avoidance region,
the method reduces steering demand and helps maintain centripetal acceleration within
safe limits.

9.7. Critical Review and Research Outlook for Forklift Control Methods

Table 5 provides a comprehensive comparison of the reviewed control approaches.
It highlights their performance metrics, validation platforms, and key technical charac-
teristics. This comparison reveals the evolution of forklift control from basic adaptive
methods to sophisticated model predictive frameworks. These show increasing precision
and robustness.

The evolution of forklift control strategies reveals a clear progression from simple
adaptive approaches to sophisticated model-based frameworks. These can handle the
complex constraints and safety requirements of industrial operations. Fuzzy logic and
adaptive controllers have proven effective for handling uncertainty and parameter varia-
tions. Robust control methods provide strong performance guarantees despite disturbances.
Active disturbance rejection control offers a compelling middle ground. It estimates and
compensates for uncertainties without requiring detailed models.

However, model predictive control has emerged as the dominant paradigm. This is
due to its unique ability to handle multiple constraints simultaneously while optimizing
performance over future horizons. The extensive development of MPC variants for forklifts
demonstrates both the versatility of the approach and the complexity of forklift control
requirements. These range from basic implementations to Al-enhanced adaptive systems.

Hierarchical safety architectures appear well suited for industrial deployment. In
these designs, nominal tracking controllers operate under supervisory safety monitors
that intervene only when needed. This structure preserves performance during routine
operation while providing stronger safety guarantees as the system approaches operational
limits. Future work is likely to emphasize learning-enhanced components that adapt to
changing vehicle characteristics and environmental conditions. These capabilities will
also need to integrate with higher-level fleet coordination layers. In addition, they should
generalize to emerging forklift platforms, including forklifts with omnidirectional mobility.

Table 5. Comprehensive comparison of forklift control methods.

Method Key Metrics Performance Values Validation Platform Notes
Fuzzy and Adaptive Control
Mean tracking accuracy, +23 mm vs. 30 mm (conv. MATLAB R2018b simulation +  Environmental

Fuzzy Adaptive PID [22]

minimum error

PID),
2 mm vs. 11 mm min error

real forklift AGV [HYB]

disturbance focused

LCGM Fuzzy [21]

Lateral error,
orientation error

<10 mm lateral,
<1° orientation

Laser-guided forklift, multiple
industrial plants [RW]

Deployed in real plants

Robust Control

Fuzzy Sliding Mode [33]

Chattering reduction, tracking
accuracy

Chattering suppression
maintained, stable tracking

Three-wheeled forklift
simulation [HYB]

Three-wheel configuration

Cargo Movement
SMC [64]

Yaw rate tracking, sideslip
angle tracking

Stable during cargo
lifting operations

Electric forklift +
MATLAB/Simulink [HYB]

Dynamic cargo handling
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Table 5. Cont.

Method

Key Metrics

Performance Values

Validation Platform

Notes

Active Disturbance Rejection Control

Composite ADRC [65]

Mean lateral
error, overshoot

0.035 m vs. 0.34 m (Pure
Pursuit), zero overshoot

Hydraulic steering forklift
[RW]

Hydraulic leakage conditions

Coordinates Reconstruction Maximum lateral error 20.3 cm with 15 cm UWB Linde E20 forklift, UWB Low-cost itionin
ADRC [5] aximum lateral erro uncertainty positioning [RW] Ow-cost positioning
Model Predictive Control
s . Average lateral deviation, 0.021 m (real),
&ell)(gl[tzy%]Adaptlve improvement 99%/91.4%/82.4% vs. Ie\/)[(A;rrlgﬁeBn:SV{Ie_lIl?g?use Heavy-duty AGV
- vs. baselines PP/LQR/MPC p

CLMPC [60]

Distance traveled, energy
consumption, smoothness

Superior to TEB in all metrics

Factory environment [RW]

Cluttered environments

Unified LPV-MPC [66]

Lateral tracking error,
orientation error

+0.06 m lateral,
+10° orientation

Linde L14 + Pioneer P3DX +
Gazebo [HYB]

Multi-platform validation

Hierarchical AMPC [6]

Roll angle reduction,
computation time

53%/59% /54% reduction
(3/5/8 m/s), <50 ms

Roll stability simulation [SIM]

Roll stability focused

ESS-MPC [10]

Position accuracy, pose
accuracy, stability

+57.93% position, +37.83%
pose, +57.51% stability

Modified industrial forklift,
real factory [RW]

Complete state model

Chunked Matrix
MPC [24]

QP solution time, tracking
accuracy

23.86% time reduction
(0.0134 s vs. 0.0176 s)

MATLAB simulation [SIM]

Computational efficiency

Al-Enhanced MPC [67]

Lateral deviation
across variants

5 cm to precise tracking

Linde E16/E25/E80 variants
[RW]

Heterogeneous fleet

Fuzzy MPC [26]

Maximum lateral error
reduction

79.5% (1 m/s), 76.4% (2 m/s)

U-turn simulation
(10 m radius) [SIM]

Variable curvature

Speed optimization, stability

Automatic speed adjustment

Miniature forklift simulation

MPMC with Balance [19] constraints with ZMP constraints [SIM] Balance-constrained
Dynamic Obstacle . L 10 x calculation speed ) )
MPC [25] Trajectory generation time improvement Industrial AGV [RW] Narrow corridors
NMPC [7] Position accuracy, orientation <lecm position, < 0.5° angle Warchouse forklift [RW] Superior to RPP/MPPI
accuracy (pallet loading)
- - o o - 2 . - -
OASB-MPC [35] Steering angle, centripetal 15° to 3° steering, <1.5m/s Obstacle avoidance simulation Lateral stability

acceleration

acceleration

[SIM]

Validation Tags: [RW] = real-world validation; [SIM] = simulation validation; [HYB] = both real-world and
simulation. Metrics Definitions: Tracking accuracy = combined measure of lateral and orientation errors during

path following; Position accuracy = mean absolute error in vehicle position (x,y coordinates); Pose accuracy = com-

bined position and orientation accuracy; Computation time = processing time per control cycle from sensor input

to control output; Roll angle reduction = percentage decrease in maximum roll angle vs. baseline, indicating

improved stability.

9.8. Deployment-Focused Guidance for Control Method Selection

When rapid deployment with limited modeling resources is the main focus, Fuzzy
Adaptive PID provides quick commissioning without detailed vehicle models. This
is suitable for initial autonomous deployments or retrofit applications where system
identification time is limited. Tuning burden: Moderate (membership functions, fuzzy
rules). Compute budget: Low (<1 ms typical).

In high-throughput warehouse operations requiring speed optimization, Velocity-
Adaptive MPC (99% improvement over Pure Pursuit) optimizes velocity profiles
through curved warehouse aisles while respecting lateral constraints. It achieves
1.5 m/s straight-line speeds with automatic deceleration to 0.3 m/s in curves. This
is essential for distribution centers prioritizing cycle time reduction. Tuning bur-
den: High (prediction/control horizons, cost function weights). Compute budget:
Moderate with chunking optimization.

In operations that require precision pallet manipulation, NMPC provides sub-
centimeter accuracy essential for autonomous pallet insertion and docking operations.
It outperforms sampling-based methods through explicit orientation error minimiza-
tion. This is critical for high-value goods or operations where pallet damage costs
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are significant. Tuning burden: Very High (nonlinear model, constraint formulation).
Compute budget: High.

When dealing with safety-critical operations, Hierarchical AMPC incorporates rollover
index constraints for counterbalance forklifts carrying elevated loads. This is critical
for facilities handling tall pallet stacks, multi-level racking operations, or facilities with
inclined loading docks where stability margins are reduced. Tuning burden: High
(rollover index regions, switching logic). Compute budget: Moderate-High (<50 ms
with hierarchical structure).

For dynamic cargo handling tasks with frequent load changes, Cargo Movement
SMC maintains stability during real-time cargo lifting/lowering. It incorporates
synthetic center of gravity changes into sliding surface design. This is essential for
cross-docking facilities and manufacturing environments with frequent mid-transit
cargo manipulation. Load-dependent dynamics significantly affect forklift behavior.
Tuning burden: Moderate (sliding surface, switching gain). Compute budget: Low
(algebraic control law).

In the case of multi-shift operations with heterogeneous fleet, AI-Enhanced MPC
automatically selects plant models via ANN analysis of vehicle dynamics. This
eliminates per-forklift controller tuning for large facilities operating mixed forklift
types with different kinematics, load capacities, and steering configurations. Tuning
burden: High initially (ANN training, model library), Low operationally. Compute
budget: Moderate (ANN inference + MPC optimization).

In narrow aisle warehouses with mixed human-robot operations, Dynamic Obstacle
MPC is the best candidate as it adapts velocity constraints near vision-obstructing
corners. It implements adaptive safety boundaries. This is critical for high-density storage
facilities and shared workspaces. Collision avoidance must balance pedestrian safety
with operational throughput. Tuning burden: High (safety boundary parameterization).
Compute budget: Moderate (multiple shooting with parameterized polynomials).

For cluttered factory environments with tight spatial constraints, CLMPC ensures
all four vehicle corners remain within lateral tolerances through explicit geometric
constraints in optimization. This prevents collisions in manufacturing facilities with
equipment protrusions, support columns, irregular aisle geometry, and temporary
obstacles. Tuning burden: Moderate (constraint formulation). Compute budget:
Moderate (quadratic programming).

Inside variable curvature warehouse layouts, Fuzzy MPC is used since it adaptively
adjusts cost function weights based on trajectory curvature and tracking performance.
This is suitable for facilities with mixed aisle geometries. These include U-turns,
S-curves, and transition zones between storage and shipping areas. Tuning burden:
High (fuzzy rules + MPC parameters). Compute budget: Moderate-High (fuzzy
inference + MPC optimization).

Tracking controllers ensure that autonomous forklifts follow planned trajectories with

acceptable accuracy. However, warehouse operations demand more than navigation: the
forklift must precisely manipulate pallets at the millimeter scale. Achieving sub-centimeter
docking accuracy requires vision-based perception and specialized control strategies that
operate during the final approach phase. The next section examines vision-based pallet
detection and visual servoing, which are the techniques that enable autonomous forklifts
to transition from trajectory tracking to precision manipulation. While the control methods
discussed here maintain vehicle stability and path following at the navigation level, visual
servoing operates in the final meters of approach, using real-time camera feedback to
guide the forks into pallet pockets with the precision necessary for successful autonomous
cargo handling.
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10. Vision-Based Pallet Detection and Visual Servo Control

Vision-based pallet detection and manipulation are key enabling capabilities for au-
tonomous forklift operation. Terminal alignment demands very high precision, often
requiring centimeter-level lateral accuracy and sub-degree orientation accuracy. These
requirements are substantially more stringent than those of many general mobile-robot nav-
igation tasks. This section reviews the progression from classical geometry-driven methods
to contemporary learning-based systems. It also examines how tighter integration between
perception and control has been used to meet the practical challenges of high-precision
pallet handling in industrial environments [2,8,34,68-74].

10.1. Problem Characteristics and Performance Requirements

Forklift vision systems are subject to constraints that differ fundamentally from those
of general mobile robots, largely because success depends on precise physical engagement
between the forks and the pallet pockets. Even modest misalignment can lead to insertion
failure or impact events. In practice, lateral deviations beyond 2-3 ¢cm or yaw errors
exceeding 1-2 degrees can cause catastrophic docking failure. These limits motivate
the docking geometry tolerances (Equation (15)) that define the required precision for
pallet manipulation. The perception problem is further complicated by large pallet pose
variations (up to 15° skew), frequent partial occlusions from overhanging loads, and
limited visual texture caused by industrial shrink-wrap. Additional sensing artifacts are
introduced by reflective flooring, which can degrade depth measurements and produce
spurious returns [68,72,75].

Accordingly, core performance requirements are stringent. Pose estimation accuracy
must typically reach 1-2 cm laterally and 0.5-1.0° in orientation at approach distances of
2-3 m. End-to-end processing latency must remain below 150 ms to preserve adequate
control margin during terminal maneuvers. Throughout the approach, the system must
also maintain sufficient feature observability to prevent estimator degradation as viewpoint
and occlusion conditions change [68,76]. These combined constraints explain why the
terminal docking phase is almost universally implemented with visual servoing, even
when LiDAR is used for global navigation and localization.

10.2. Detection Technology Evolution and Performance Analysis
10.2.1. Classical to Learning-Based Progression

The literature has advanced through several technological phases, each motivated by
limitations observed in earlier approaches. Initial deterministic methods leveraged the
highly structured geometry of pallets using techniques such as edge detection, Hough
transforms, and template matching. These pipelines could be reliable in controlled settings,
particularly under stable illumination. However, their performance often deteriorated in
the presence of shrink-wrap, low-texture regions, and reflective flooring that introduce
spurious edges and unreliable features [2,77,78]. Subsequent work introduced color-based
segmentation to reduce computational load and simplify feature extraction. While these
methods can be efficient and achieve accurate lateral localization under favorable condi-
tions, they remain sensitive to illumination changes and color inconsistencies across pallet
types and warehouse environments [79].

Monocular geometric methods based on Perspective-n-Point formulations offer a prac-
tical alternative in high-illumination environments where depth sensors can degrade due
to infrared interference. Robust estimation is typically achieved through RANSAC-based
outlier rejection followed by Gauss-Newton refinement, which enables high-precision pose
recovery under favorable visual conditions [79,80]. Nevertheless, performance can degrade
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under partial occlusion and on low-texture surfaces, which has motivated the development
of multi-modal sensing and fusion approaches.

10.2.2. Multi-Modal and Active Sensing Integration

Structured-light sensing and LiDAR-vision fusion have been adopted to improve
robustness under environmental conditions that challenge purely vision-based pipelines.
These methods exploit complementary sensing characteristics. LIDAR can provide a stable
coarse initialization by fitting planar surfaces and estimating the pallet pose at a lower
spatial resolution. High-resolution imagery can then refine the estimate by resolving fine
pocket geometry and other distinctive visual features [81,82]. RGB-D systems offer a
related capability by enabling direct geometric reconstruction of the pallet structure. When
combined with carefully designed fusion and filtering strategies, reported systems achieve
high-precision pose estimation at operational approach distances [68,69,83,84]. In outdoor
or otherwise visually degraded environments, LIDAR-only solutions provide an alternative
to camera-centric methods. Multi-LiDAR configurations have been shown to support
reliable relative pose estimation and low cross-track error in less structured settings [85].

Marker-assisted perception provides a controlled-environment approach to pallet
localization, in which artificial fiducials improve observability and reduce ambiguity. In
factory evaluations, such systems have been reported to achieve approximately 0.10 m
position accuracy and 0.17 rad orientation accuracy [75,86]. Hybrid ArUco-YOLO pipelines
further improve distance estimation by combining fiducial-based pose constraints with
learned detection. With systematic calibration, reported implementations reduce distance
estimation error from 38.6 cm to 2.28 cm.

10.2.3. Learning-Based Revolution and Performance Scaling

Modern CNN-based detectors have substantially improved pallet-detection robust-
ness in cluttered warehouse scenes. Architectures such as YOLO and SSD are widely
adopted because they can operate in real time while maintaining strong detection
performance [82,87]. Reported comparisons also suggest a consistent trend: larger model
variants typically deliver higher detection accuracy, reflecting the expected trade-off be-
tween computational cost and performance.

Other architectures target different deployment constraints. For resource-limited
platforms, lightweight segmentation and detection networks such as ESPNet and NanoDet-
Plus have been reported to provide competitive performance while reducing compute
and memory requirements [88,89]. Pose-oriented variants of YOLOvS further extend this
capability by estimating pallet pose directly through keypoint detection, with high reported
recognition performance in controlled evaluations [90]. Across the literature, there is also a
clear shift toward hybrid pipelines that combine markers, classical geometric reasoning,
and learning-based detection to improve robustness under occlusion, lighting variation,
and low-texture conditions.

10.3. Visual Servo Control Integration and Architectural Patterns
10.3.1. Position-Based vs. Image-Based Visual Servo Trade-Offs

The control literature shows a strong preference for Position-Based Visual Servoing
(PBVS) formulated in the pallet coordinate frame. This choice is supported by the struc-
tured and repeatable geometry of industrial pallets, which simplifies pose definition and
constraint specification. PBVS also supports delay compensation through pose prediction,
which is important for preserving closed-loop stability in the presence of non-negligible
perception latency, as discussed in [8,76]. Image-Based Visual Servoing (IBVS) provides a
complementary capability through feature-space control laws (Equation (16)). It is particu-
larly useful when depth estimates degrade or when partial pallet views make direct feature
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regulation more reliable. As shown in [73], careful feature selection can preserve geometric
conditioning throughout the approach trajectory and improve convergence behavior.

The interaction matrix formulation in IBVS implies that computational cost increases
with the number of regulated features. In contrast, PBVS typically operates on a lower-
dimensional pose state, which can reduce online computation. However, PBVS is sensitive
to failures in pose estimation, particularly under occlusion or poor observability. These
trade-offs motivate hybrid visual-servo architectures that switch between PBVS and IBVS
based on feature visibility and estimation confidence.

10.3.2. Macro-Micro Architecture Dominance

Macro-Micro control architectures have become a dominant pattern in the literature
because they address the key transition from global navigation to high-precision pallet
engagement without undue productivity loss, as described in [72]. The architecture is
designed to satisfy three core requirements. First, it maintains pallet visibility with sufficient
geometric spread to support reliable pose estimation. Second, it produces collision-free
approach trajectories that preserve safety margins. Third, it ensures that the micro-controller
converges within the defined operating envelope for terminal alignment and insertion.

The supervisory transition mechanism typically introduces hysteresis around gate
poses to prevent mode chattering during short perception dropouts. When observations
are temporarily unavailable, dead-reckoning can sustain operation by propagating the state
estimate using odometry, often with controller gains that are reduced gradually to preserve
stability. Learning-based detectors can improve visibility scoring and target detection
reliability, but they generally retain the same supervisory logic and mode structure, as
described in [91,92]. In addition, when the forklift is already near the target pallet and direct
path planning becomes unreliable, constraint-based strategies can reshape the local costmap.
As shown in [93], introducing artificial obstacles can channel the vehicle into favorable
alignment configurations, reduce unnecessary maneuvering, and achieve approximately
0.1 m position accuracy with about 1° orientation accuracy.

10.3.3. Advanced Control Integration

Model predictive control is widely regarded as one of the most advanced formulations
for docking optimization. It enables simultaneous improvement of docking efficiency while
explicitly enforcing geometric constraints imposed by aisle boundaries, fork envelopes,
and insertion corridors, as formulated in [34]. The controller can operate on predicted-to-
now pose estimates to compensate for sensing and processing delays. It can also apply
constraint tightening to account for pose uncertainty and preserve robustness. This design
illustrates how optimization-based control can leverage high-precision visual perception
while maintaining explicit safety and feasibility guarantees.

10.4. Specialized Manipulation Capabilities and Safety Integration

The literature shows recurring design patterns in how vision-based systems address
operational challenges in pallet handling. Slope compensation targets the common problem
of inclined loading surfaces. Front-face plane estimation supports direct inference of the
fork pitch and the height adjustments needed for insertion alignment. ICP-based tracking
can then maintain pose consistency during mast motion and other dynamic handling
phases, as demonstrated in [74,88,94].

Guarded insertion protocols provide an important layer of safety integration during
pallet engagement. They combine visual feature tracking with kinematic consistency checks
and contact detection to prevent excessive interaction forces that can damage the pallet,
load, or forks, as described in [74,95]. Operations in confined spaces introduce additional
sensing challenges and often require alternative camera placements, such as side-mounted
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or angled configurations. In such cases, pose estimation is commonly fused with aisle-
geometry constraints to preserve observability and maintain reliable alignment in narrow
corridors [96-98].

10.5. Critical Analysis and Future Directions for Vision-Based Detection and Manipulation

Table 6 provides a comprehensive comparison of vision-based pallet detection and pose
estimation approaches across key dimensions. It reveals distinct trade-offs between detection
accuracy, computational efficiency, sensor requirements, and operational robustness.

The surveyed methods show a clear progression across technology generations. Clas-
sical geometric pipelines can achieve adequate performance in controlled environments,
but their reliability degrades under shrink-wrap, low-texture surfaces, and reflective floor-
ing. Color-based segmentation improves computational efficiency and can provide useful
lateral alignment accuracy under favorable lighting, yet it remains sensitive to illumination
changes. Multi-modal systems generally deliver the strongest geometric performance
because they exploit complementary sensing. RGB-D approaches support direct 3D recon-
struction and can achieve high-precision pose estimates at operational approach distances.
LiDAR-vision fusion improves robustness by combining coarse geometric initialization
with fine visual detail, which is particularly helpful for pocket-level alignment. LiIDAR-
only solutions provide a viable alternative when vision is degraded, especially in outdoor
or lighting-variable conditions, although sparse pallet geometry can still limit perfor-
mance at longer ranges. Learning-based detectors show a consistent trend of improved
robustness in cluttered scenes, with performance typically improving as model complex-
ity increases. Domain-specific architectures provide additional options for deployment
trade-offs. For example, ESPNet targets resource-constrained platforms, NanoDet-Plus em-
phasizes lightweight detection, and YOLOvVS8-Pose supports direct pose inference through
keypoint-based representations.

Sensor choice reflects fundamental trade-offs among cost, deployment constraints, and
operational robustness. RGB monocular systems are attractive for learning-based pipelines
due to low hardware cost and broad availability, but they depend on adequate lighting and
visual texture. RGB-D sensors provide explicit depth and can simplify geometric estimation,
yet they remain vulnerable to specular reflections and may require controlled illumination
to preserve depth quality. LiDAR-based sensing is largely lighting independent and is
therefore advantageous in visually challenging or outdoor settings, but it can struggle
to capture fine pallet structure at distance. Multi-modal fusion is a recurring strategy
because it mitigates these weaknesses through complementary observability. LIDAR can
provide coarse planar or structural cues, while RGB imagery resolves pocket geometry
and other fine features. Marker-assisted and hybrid pipelines (e.g., ArUco—YOLO) further
illustrate how calibration and engineered observability can materially improve reliability
in controlled deployments. Across learning-based approaches, however, systematic char-
acterization of failure modes under domain shift remains limited. Reported metrics often
summarize average performance, but they provide less insight into worst-case degradation
under conditions that are most relevant for safety-critical manipulation.
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Table 6. Comparative analysis of vision-based pallet detection and pose estimation approaches.

. . . . Operational
Method [Ref] Sensor Modality Detection Approach Primary Features Performance Metrics Characteristics
Classical and Geometric Approaches
Line segments; Controlled

Ed Edge detection; Hough M Sufficient accuracy environments; degrades

ge/Hough/ . rectangular primitives; . L

RGB monocular transforms; template N under controlled with shrink-wrap and

Template [2,77,78] parallel /perpendicular

matching

edges

lighting

floor reflections; lighting
sensitive

Color-Based
Segmentation [79]

RGB monocular

Color segmentation

Color regions; pallet face
boundaries

10.6 mm lateral at 5 m;
sub-40 ms processing

Bright environments;
lighting variations
impact performance

Monocular PnP [79,80]

RGB monocular

Perspective-n-Point with
RANSAC;
Gauss-Newton
refinement

Point correspondences;
corner features

Sub-centimeter accuracy

Robust in bright
environments where
depth sensors fail;
partial occlusion
challenges

Multi-Modal and Active Sensing

LiDAR-Vision
Fusion [81,82]

LiDAR + RGB

Planar surface fitting
(LiDAR) + high-res
imagery (RGB)

Planar surfaces; pocket
geometry; geometric
primitives

0.15% distance
measurement accuracy

Complementary
modality fusion;
challenging industrial
environments

RGB-D
Systems [68,69,83,84]

RGB-D (depth camera)

Direct geometric
reconstruction with
fusion algorithms

3D point clouds;
front-face planes; pocket
regions

Sub-centimeter position;
0.4° orientation;
real-time capable

Industrial environments;
direct 3D geometry;
specular reflection
challenges

LiDAR-Only [85]

Multi-LiDAR
(horizontal + dual
vertical)

Planar fitting; Fast
Closest Edge Detection
(linear programming)

Planar surfaces; slot
widths; pallet
dimensions

Relative angles <4°;
cross-track <8 cm;
35/38 ground tests,
30/30 truck tests

Outdoor/challenging
lighting; no vision
dependency; sparse
pallet structures at
distance

Marker-Assisted Approaches

Marker-Based [75,86]

RGB monocular

ArUco marker detection

Marker corners; fiducial
patterns

0.10 m position; 0.17 rad
orientation

Controlled factory
environments; requires
marker infrastructure

Hybrid
ArUco-YOLO [87]

RGB monocular

ArUco markers + YOLO
detection

Marker corners +
learned pallet features

Distance error reduced
from 38.6 cm to 2.28 cm
with calibration

Combines marker
precision with
learning-based
detection; systematic
calibration critical

Learning-Based Approaches

YOLOV5-nano [82]

RGB monocular

CNN (YOLOv5-nano)

Learned pallet bounding
boxes

0.603 mAP; real-time

Lightweight;
resource-constrained
systems; cluttered
environments

YOLOVvV5-small [87]

RGB monocular

CNN (YOLOv5-small)

Learned pallet features

0.55 mAP; real-time

Balance between
accuracy and
computation; cluttered
scenes

YOLOv5-medium [82]

RGB monocular

CNN
(YOLOvV5-medium)

Learned multi-scale
features

0.91 mAP; real-time

High accuracy with
increased complexity;
robust detection in
clutter

ESPNet [88]

RGB monocular

CNN (ESPNet)

segmentation

Pixel-wise pallet
segmentation masks

0.95/0.84 mIoU
(train/val); optimized
for resource-constrained

Embedded systems;
segmentation-based
approach

~ = Lightweight learned 80.2% mAP with 4.371 Parameter-efficient;
NanoDet-Plus [§] RGB monocular CNN (NanoDet-Plus) features M parameters; real-time  lightweight architecture
CNN with keypoint . o, -, . Direct pose estimation
YOLOv8-Pose [90] RGB monocular detection Pallet keypoints 98% recognition rate; through keypoints; high

(YOLOV8-Pose)

(corners, pockets)

real-time

recognition accuracy

Metrics Definitions: Position accuracy = absolute error in 3D position estimation (x, y, z coordinates), measured in
centimeters or meters; Orientation/angular accuracy = absolute error in pose orientation estimation, measured in
degrees or radians; Lateral accuracy = perpendicular distance error from pallet centerline, measured at specified
detection distance; mAP (mean Average Precision) = standard object detection metric averaging precision across IoU
thresholds and classes (0-1 scale, higher is better); mloU (mean Intersection over Union) = semantic segmentation
metric measuring pixel-wise classification accuracy (0-1 scale, higher is better); Recognition rate = percentage
of successful pallet detections in test dataset; Distance measurement accuracy = percentage error in depth/range
estimation relative to ground truth; Cross-track error = lateral deviation from pallet centerline during approach;
Processing time = end-to-end latency from image acquisition to pose output.
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The literature consistently favors Position-Based Visual Servo (PBVS) in pallet co-
ordinate frames, reflecting the benefits of structured pallet geometry and interpretable
pose constraints. Macro-micro control architectures are also widely adopted because they
formalize the transition from global navigation to terminal precision manipulation through
consistent pose interfaces and staged control objectives. More advanced integration strate-
gies further exploit perception outputs. For example, model predictive control formulations
can incorporate pose uncertainty through constraint tightening. Specialized capabilities
such as slope compensation and guarded insertion appear as common extensions that
improve robustness during final engagement and reduce the risk of load or pallet damage.

Computational latency remains a central concern because perception delay directly
affects control stability and terminal accuracy. However, the surveyed studies provide
limited and inconsistent reporting of end-to-end timing, particularly for learning-based
pipelines. Many works describe performance as “real-time” without specifying processing
latency, pipeline delay, or control-relevant timing metrics. This heterogeneity complicates
practical assessment and makes it difficult to compare architectures on a control-centric
basis. Frame-rate reporting alone is insufficient, since frames-per-second does not directly
correspond to current-output latency and can vary significantly with preprocessing, track-
ing, fusion, and post-processing stages. Without consistent timing disclosure, practitioners
have limited quantitative guidance for selecting perception stacks that balance precision,
robustness, and real-time constraints.

Several persistent gaps are evident across the surveyed methods. No single approach
provides a unified solution that simultaneously delivers very high geometric accuracy,
low-latency real-time processing, robust operation across diverse warehouse conditions,
and marker-free deployment. RGB-D pipelines come close to meeting these goals, but
they often face practical deployment constraints related to lighting, reflections, and sensor
placement. Reporting on computational performance is also limited, which restricts control-
relevant evaluation and makes it difficult to assess end-to-end latency under realistic
workloads. Learning-based approaches show strong potential and improved robustness
in clutter, yet key elements are underdeveloped. In particular, systematic failure-mode
analysis is uncommon, uncertainty quantification is rarely provided in a form usable
for confidence-based control switching. Also, evidence of generalization across different
facilities and operating conditions remains limited. In addition, the vision—control interface
is not standardized. Implementations vary widely, with inconsistent treatment of temporal
synchronization, delay compensation, and uncertainty propagation.

Future research should therefore prioritize several directions. First, self-monitoring
perception stacks should estimate calibration drift, processing delay, and pose uncertainty
online so that control policies can adapt to changing conditions. Second, uncertainty-
aware learning models should provide actionable confidence measures, failure detection,
and mechanisms for domain adaptation. Third, standardized vision—control interfaces
are needed. These should define temporal metadata, uncertainty representations, and
geometric primitives to ensure consistent integration across systems. Fourth, manipula-
tion strategies should better address contact-rich interaction by integrating vision with
force/torque sensing to handle damaged pallets and recover from insertion failures. Fifth,
benchmarking suites should be developed to support objective comparison across meth-
ods, including both detection accuracy and control-relevant timing and reliability metrics.
Progress in these areas, integrated within established architectural patterns such as macro—
micro control, will be central to enabling the next generation of autonomous forklift systems
while preserving the precision requirements needed for safe industrial deployment.
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10.6. Selection Criteria for Vision-Based Detection and Control Architectures

e  For standard indoor warehouse operations, learning-based approaches combined with
monocular RGB cameras provide robust detection in cluttered environments with
low sensor costs. This is suitable for typical operations with adequate lighting and
moderate occlusion levels from stored inventory.

e  For handling high-value goods with maximum precision, RGB-D systems are preferred
as they achieve sub-centimeter position and 0.4° orientation accuracy through direct
3D geometric reconstruction. This is ideal for high-throughput distribution centers.
Terminal precision prevents product damage and minimizes cycle time.

¢ When dealing with shrink-wrapped and low-texture pallets, multi-modal LiDAR-
vision fusion is deployed since it combines complementary sensing strengths. It
maintains sub-centimeter performance despite featureless shrink-wrap surfaces, re-
flective floors, and partial occlusions. Monocular vision or RGB-D alone degrade
significantly under these conditions.

¢  Incontrolled manufacturing facilities with consistent operations, hybrid ArUco-YOLO
systems reduce distance errors through systematic calibration. This justifies marker
installation costs in structured factory settings. These have standardized pallet types
and predictable handling sequences.

¢ For multi-shift operations with varying lighting conditions, LIDAR-vision fusion pro-
vides lighting-adaptive operation across day/night shifts. It handles bright outdoor-to-
dark indoor transitions. This maintains consistent accuracy. Single-modality approaches
require environmental controls or sacrifice performance during suboptimal conditions.

¢ In case of confined space operations in narrow aisle, specialized camera configurations
with side-mounted RGB-D systems or angled sensor placement are required. This
maintains sub-centimeter accuracy in tight corridors. Pose fusion with aisle constraints
preserves observability. Standard front-facing configurations lack geometric spread in
these scenarios.

*  When operating with mixed pallet types and damaged inventory, YOLOv8-Pose
keypoint detection provides robust operation across Euro, block, and custom pallet
geometries. Learning-based adaptability handles broken boards and non-standard
configurations. Classical geometric methods fail under these conditions.

Vision-based pallet detection and visual servoing enable individual autonomous
forklifts to achieve the millimeter-precision manipulation required for successful cargo
handling. However, modern warehouse operations typically deploy multiple autonomous
forklifts operating simultaneously within shared workspaces. The subsystems discussed
until now—Ilocalization, path planning, trajectory tracking, and terminal manipulation—
provide the foundation for individual vehicle autonomy. The next section examines how
these individual capabilities scale to fleet operations through multi-forklift planning and
coordination. While this section focused on single-vehicle perception and control for
manipulation tasks, the multi-vehicle problem introduces additional challenges: collision-
free trajectory coordination, deadlock prevention in narrow aisles, task allocation across
heterogeneous fleets, and communication protocols that enable cooperative behavior while
maintaining the individual precision requirements established throughout Sections 4-10.

11. Multi-Forklift Planning and Coordination

Multi-forklift coordination represents one of the most challenging aspects of ware-
house automation. The benefits of autonomous operation must be balanced against the
complexity of coordinating multiple large, non-holonomic vehicles in confined spaces. The
literature reveals a clear evolution from simple reservation-based systems to sophisticated
multi-objective optimization frameworks. These consider vehicle health, fault tolerance,
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and dynamic task allocation. This section analyzes the major coordination paradigms,
examines their trade-offs, and identifies emerging trends in fleet-level intelligence.

11.1. Coordination Architectures and Scalability

The development of coordination architectures reflects a persistent trade-off between
computational tractability and system-level robustness. Centralized coordination can,
in principle, produce globally optimal fleet behavior because it reasons over all agents
and conflicts simultaneously. In practice, however, centralized schemes are vulnerable
to single-point failures and can become computationally prohibitive as fleet size grows,
with additional burden imposed by communication bandwidth and synchronization re-
quirements. As a result, early centralized formulations, while theoretically appealing, have
generally been difficult to scale to large warehouse fleets.

Decentralized coordination strategies emerged to address these scalability constraints
by distributing decision making across vehicles. A notable advance within this paradigm
is the private-zone mechanism, which allocates local regions around each vehicle for
conflict resolution and embeds kinematic feasibility within the coordination logic [12]. This
achieves O(KN) computational complexity (where K represents the number of nodes on
the path and N the number of vehicles), in contrast to the exponential scaling that often
arises in centralized formulations. The structure supports real-time operation and deadlock
avoidance, but it typically does so through conservative space allocation, which can reduce
space utilization and throughput in dense traffic.

Orchestrated architectures aim to combine the benefits of centralized and decentralized
approaches by introducing a hierarchical coordination layer. In this design, higher-level
routing and global conflict reasoning are handled at an orchestration level, while individual
vehicles retain autonomy for local motion generation and reactive avoidance [99]. Such
two-layer structures often pair a globally informed planner with a local collision-avoidance
module, thereby improving scalability relative to fully centralized schemes while preserving
stronger coordination than purely decentralized methods. Reported implementations
indicate that these architectures can maintain positioning performance consistent with
industrial requirements.

Within discrete multi-agent pathfinding, enhanced WHCA* variants mitigate limi-
tations of time-discretized reservation schemes. They do so by using continuous-time
reservations and turn-aware cost shaping [100]. These extensions reduce unnecessary
turning. They also improve planning efficiency, especially in structured warehouse layouts.
However, windowed planning still introduces trade-offs. Short planning windows improve
responsiveness, but they can reduce global optimality. In highly dynamic settings, this can
trigger frequent re-planning. It can also cause premature commitment to suboptimal routes.
These issues indicate a need for coordination methods that better balance scalability and
robustness under rapid environmental change.

11.2. Conflict Resolution and Path Planning

Conlflict resolution strategies in multi-robot warehousing have progressed from basic
spatial reservation toward more structured priority-driven and geometry-aware mecha-
nisms. Early reservation-based approaches typically rely on tabular occupancy schemes in
which robots reserve discrete spatial cells to prevent collisions [101]. Although conceptually
simple, these methods can be overly conservative in their use of space and are prone to
deadlock under dense traffic. As fleet interactions increase, waiting time and congestion
effects tend to compound, and head-to-head encounters often require ad hoc movement
rules to break persistent stalemates.
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To address these limitations, priority-based conflict resolution has become a prominent
alternative. A representative paradigm assigns precedence according to vehicle capability,
such as load capacity, so that higher-capacity units are favored during conflicts [102].
Reported studies indicate that this can improve throughput and preserve task completion
under fault conditions. However, such prioritization can introduce secondary inefficiencies,
including reduced utilization of smaller vehicles and localized bottlenecks around high-
priority agents.

More structured variants extend these ideas within search-based multi-agent plan-
ning. Conflict Priority-Based Search (CPBS), for example, augments conventional CBS by
incorporating explicit priority rules to prune the constraint tree and reduce computational
effort [103]. Priorities can be assigned using task-mode hierarchies and path-cost consid-
erations, which supports collision-free coordination while improving solution efficiency
relative to non-prioritized CBS formulations.

A further line of work focuses on conflict modeling that reflects the physical foot-
print of forklifts. In dense environments, point-robot abstractions can be inadequate, and
realistic coordination requires reasoning over contour overlap and time-dependent seg-
ment conflicts [104]. Discrete-edge time-window schemes, combined with precomputed
conflict representations, enable more accurate collision detection for large platforms and
have been demonstrated in operational deployments. Nonetheless, the added geometric
fidelity increases computational load, which can constrain scalability as fleet size and task
throughput grow.

11.3. Deadlock Scenarios and Resolution Policies

Deadlock situations constitute a critical failure mode in multi-forklift coordination.
They arise when circular dependencies among vehicles prevent any agent from making
forward progress. Figure 7 summarizes three common deadlock patterns discussed in the
surveyed literature, together with representative resolution policies.

A head-to-head conflict (Figure 7a) occurs when two forklifts enter a narrow aisle
from opposite directions and passing is not feasible. Priority-based coordination resolves
this case deterministically by assigning right-of-way according to a predefined priority
rule, such as load capacity or task urgency. The higher-priority vehicle proceeds, while the
lower-priority vehicle reverses to clear the aisle [102]. In contrast, basic reservation-based
systems often rely on heuristic retreat behaviors once a deadlock condition is detected.
While this can restore motion, it introduces inefficiencies and requires explicit deadlock
detection logic [101].

Priority-based waiting strategies, as implemented in CPBS (Figure 7b), address con-
flicts through a different mechanism. Rather than forcing detours, CPBS assigns priori-
ties and permits lower-priority vehicles to wait while higher-priority vehicles continue
along their preferred routes. Priority assignment can reflect task-mode hierarchies and
path-cost considerations, which reduces unnecessary rerouting and supports collision-free
execution [103]. The associated constraint-tree pruning, further improves computational
efficiency while maintaining deterministic conflict resolution.

The private-zone mechanism (Figure 7c) prevents deadlock through spatial pre-
allocation governed by priority. A higher-priority forklift reserves a sequence of exclusive
regions along its intended trajectory, thereby ensuring sufficient clearance for feasible
motion. When a lower-priority forklift’s planned route intersects these reserved regions,
it is redirected to an alternative path that avoids the reserved corridor [12]. This strategy
embeds kinematic feasibility within the reserved zones and resolves conflicts through
explicit priority rules. While it provides deadlock-free operation, it can reduce throughput
in dense traffic because the reserved regions are inherently conservative.
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Figure 7. Common deadlock scenarios in multi-forklift coordination and their resolution policies:
(a) head-to-head conflicts in narrow aisles where two forklifts face each other in the same lane,the cross
denotes the potential collision point, and the conflict is resolved through a priority-based decision [101,102];
(b) circular wait conditions at intersections addressed through constraint tree pruning [103]; (c) private
zone conflict resolution where high-priority FL1 reserves zones (); through );, 3 along its path, causing
lower-priority FL2 to deflect from its original blocked path to an alternative route going behind FL1,
preventing deadlocks through priority-based spatial pre-allocation [12].

11.4. Task Allocation and Fleet Optimization

Task allocation strategies in warehouse automation have progressed from rule-based
heuristics toward optimization-driven formulations that explicitly trade off multiple ob-
jectives. Within this evolution, the Hungarian algorithm has been widely adopted for
task-to-vehicle assignment because it provides a polynomial-time solution that minimizes
aggregate assignment cost while enforcing one-to-one matching between vehicles and
tasks [103]. When integrated with downstream conflict-resolution mechanisms, such
assignment-based formulations have been reported to outperform market- or auction-
based approaches in both computational efficiency and route quality.

More recent work has moved beyond sequential pipelines and instead considers joint
dispatching and trajectory planning. In this paradigm, task selection and motion gener-
ation are optimized together, rather than treating allocation as a separate pre-processing
step [105]. Representative implementations combine learned goal-scoring models with
velocity-aware Hybrid A* planning to select dispatch targets that better reflect execution dif-
ficulty and expected travel cost. Although reported improvements can be measurable, the
gains are sometimes modest relative to the added algorithmic and integration complexity,
which motivates continued exploration of more scalable architectural designs [105].

Robotic Mobile Fulfillment Systems introduce further complexity because tasks are
coupled across orders and inventory pods. Order-to-robot conversion methods therefore
often aim to maximize “pile-on” value by batching and sequencing tasks so that a single
robot can satisfy multiple order requirements during one pod interaction [106]. Adaptive
selection policies balance spatial considerations (e.g., robot-to-pod distance), temporal
urgency (e.g., task age), and completion potential across totes. While such centralized coor-
dination can improve throughput and order completion efficiency, it may face scalability
limitations as facility size, robot count, and order volume increase.
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Distribution-warehouse settings pose additional requirements because vehicles in-
teract repeatedly in shared aisles and congestion becomes a first-order constraint. Task
allocation frameworks for these environments often use staged decompositions—such
as allocation, assignment, and sequencing— to maintain computational tractability [107].
Congestion effects can be incorporated through corrective terms that approximate interac-
tion delays and aisle contention. These approaches have been reported to be practical for
operational use, but performance can degrade as fleet size grows and task coupling intensi-
fies, reinforcing the need for allocation methods that explicitly account for multi-vehicle
interference at scale.

11.5. Fault Tolerance and Operational Robustness

Modern coordination systems increasingly incorporate fault-tolerant mechanisms
to reflect operational realities and to sustain performance under degraded conditions.
Health-aware coordination is an emerging paradigm in this direction. As discussed in [108],
fleet management decisions can incorporate vehicle degradation indicators rather than
assuming uniform availability. In particular, integrating battery Remaining Useful Life
(RUL) predictions into task allocation supports a balance between near-term throughput
and long-term asset preservation by preferentially assigning more demanding tasks to
healthier vehicles while maintaining overall production efficiency.

Fault tolerance is also relevant in mixed autonomous—-manual settings, where human
operator variability introduces additional uncertainty. As presented in [109], fuzzy-logic-based
coordination can model this variability explicitly. Takagi-Sugeno fuzzy models combined
with Max-Plus Algebra capture uncertainty associated with operator experience and fatigue
effects, while real-time monitoring supports responsive rescheduling. This structure enables
coordination policies to remain effective under stochastic human-induced delays, where
conventional MPC-based scheduling formulations can exhibit pronounced sensitivity.

Beyond explicit fault modeling, adaptive task management offers a practical way to
respond to changing system conditions. It typically relies on priority-driven heuristics. As
described in [106], these policies balance objectives such as battery state, resource utilization,
and workstation capacity. They operate within a centralized Warehouse Execution System
that provides global visibility. Continuous monitoring supports online updates to task
priorities and assignments. This helps preserve workload balance. It also supports stable
performance under changing demand and resource availability.

Orchestrated architectures provide a complementary route to fault tolerance at the
coordination level. As discussed in [99], these systems use hierarchical coordination layers.
When a robot fails, tasks can be reassigned to other vehicles. This helps maintain system
operation even under partial fleet degradation. The same architecture also supports struc-
tured conflict resolution. It often relies on priority-based waiting to manage interactions. In
addition, it can fuse sensor information to improve navigation reliability. Overall, these
developments reflect a shift toward coordination designs that treat uncertainty, failures,
and recovery as core deployment requirements.

11.6. Fair-Throughput vs. Priority-Throughput Trade-Offs

The coordination literature highlights a persistent tension between egalitarian fair-
sharing policies and hierarchical priority-based strategies. This choice has direct implica-
tions for both throughput and system stability. Fair-throughput schemes treat all vehicles
symmetrically. They offer an intuitive notion of fairness and can simplify coordination logic.
However, as discussed in [101], symmetric conflict handling can lead to disproportionate
growth in waiting time as fleet interactions increase. Performance degradation can therefore
become non-linear as the number of vehicles and encounters rises.
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Priority-throughput schemes address this limitation by introducing explicit hierarchy.
Priorities may be assigned based on load capacity, cargo value, task urgency, or operational
mode. As shown in [102], capability-based prioritization can improve overall working
efficiency and maintain higher task completion under fault conditions compared with fair-
sharing approaches. Similarly, CPBS extends CBS by incorporating priority rules derived
from task-mode hierarchy and path-cost considerations. As reported in [103], this structure
can reduce overall path cost while preserving collision-free coordination.

The performance benefits of priority-based coordination can be explained through
several mechanisms. High-priority vehicles experience less waiting and can follow more
direct routes. This accelerates time-critical tasks and improves service levels for important
cargo. Deterministic priority rules can also reduce deadlock susceptibility. They resolve
conflicts without arbitrary tie-breaking. Finally, preferential treatment of high-capacity
vehicles can improve fleet-level throughput. Delays on these vehicles often impose larger
productivity penalties than delays on lower-capability units.

These advantages come with important trade-offs. Lower-priority vehicles may be-
come underutilized, especially in shared aisles and high-congestion zones [102]. Repeated
yielding can concentrate traffic around high-priority units and create localized bottle-
necks. Priority schemes therefore require careful design. They must align with operational
objectives and fleet composition.

In practice, priority-based coordination is most effective in settings with heterogeneous
fleets, strong capability differences, or time-sensitive tasks. It is also attractive when deadlock
risk is high and deterministic resolution is valued. Fair-sharing remains appropriate in other
contexts. It fits homogeneous fleets performing comparable work. It can also be preferred
when predictable utilization and perceived fairness are important for operational acceptance.

Health-aware coordination provides a promising hybrid direction. As discussed
in [108], priorities can be adjusted dynamically based on vehicle condition and degradation
indicators. This supports a balance between throughput and asset preservation. It also
suggests that adaptive prioritization may mitigate the limitations of both purely egalitarian
and static hierarchical schemes.

11.7. Scalability, Robustness, and Future Directions in Multi-Forklift Coordination

Table 7 provides a comprehensive comparison of multi-forklift planning and coordina-
tion approaches across key dimensions. It reveals distinct trade-offs between coordination
architecture, scalability, computational complexity, and operational robustness.

The surveyed methods show clear stratification in validated fleet size and reported
performance. Enhanced WHCA* is evaluated at one of the largest reported scales and
demonstrates fewer unnecessary turns along planned routes. It also reports improved
planning efficiency. Path segment conflict modeling provides the strongest evidence of
sustained operation over extended periods and under high task throughput. Priority-
based coordination consistently outperforms fair-sharing baselines in the reported studies.
Capability-aware prioritization reduces overall working time and maintains higher task
completion under failure conditions. CPBS similarly reports lower aggregate path costs
than standard CBS by using priority rules during conflict resolution. Task allocation meth-
ods exhibit more variable benefits. Robotic mobile fulfillment strategies report substantial
reductions in completion time through multi-order batching. In contrast, joint dispatching
approaches tend to yield smaller incremental gains, which suggests diminishing returns as
algorithmic complexity increases. Despite these advances, most empirical validation re-
mains limited to small-to-moderate fleets. This leaves an evidence gap for large distribution
centers that may operate substantially larger numbers of autonomous vehicles.
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Table 7. Comparative analysis of multi-forklift planning and coordination approaches.

Method [Ref]

Algorithm Class

Scale Tested

Deadlock Handling

Performance Metrics

Key Characteristics

Coordination Architectures

Private Zone

Decentralized with

Deadlock-free

Real-time operation;

Pre-allocates regions for
conflict resolution;
encodes kinematic

Mechanism [12] pre-allocated regions Up to 10 vehicles coordination COO(II;I\II)Q)C(?tmputatlonal constraints; conservative
pleaty space utilization
trade-off
5% performance TWO; ayer struf:turle
. . . IR improvement; 25% combining Qphma
Orchestrated Hierarchical (D* Lite + o Task redistribution on . ’ planning with local
. S Not specified . consistency L . .
Architecture [99] Extended Navigation) failures X . . collision avoidance;
improvement; industrial
R fault-tolerant through
positioning accuracy task redistribution
Continuous time Windowed approach 50% reduction in path ﬁiﬁ;ﬁ?;issif;;?g&l?e
Enhanced WHCA* [100]  reservation with turning ~ Up to 50 robots A PP turns; planning time ’
L limitations between path reuse
factor optimization 0.030 s to 0.003 s

speed and optimality

Conflict Resolution Strategies

Basic Reservation

Susceptible to deadlocks;

Non-linear performance

Table mechanisms for
cell reservation;

Systems [101] Spatial cell reservation 6-13 robots arbitrary movement for degradation with conservative space
th head-to-head conflicts increased encounters usage; requires deadlock
breaking strategies
14% reduction in total ngl:\er-capac:lty ve%ucles
working time; 100% task recetve precedence;
Priority-Based (Load Priority-based with load  Tested with 4 robot Priority-driven conflict A 4 o maintains throughput
: A . . completion vs. 33.3% . . -
Capacity) [102] capacity hierarchy failures resolution . . under failures; potential
with conventional derutilizati f
Janning underuti 1za}t10n o
P smaller vehicles
Priority considers task
mode hierarchy (loading
Contflict Priority Based Modified CBS with Not specified Constraint tree prunin 14.44% lower total path > packing) and path
Search (CPBS) [103] priority rules P p & costs vs. standard CBS costs; reduces
computation through
pruning
. . . Pre-computed conflict
Path Segment Conflict D{screte—ec!ge tlme_ 28 AGFs; 150+ Contot}r overlap 0.2-1 5 s_cor.nputatlon matrices; realistic
: ) window with conflict analysis for large per mission; 5-day . .
Modeling [104] R tasks/hour . X collision detection for
matrices vehicles continuous deployment 1 . . .
arge vehicle dimensions
Task Allocation and Fleet Optimization
Polynomial-time Minimizes total path
Hungarian Hungarian algorithm for Not specified Integrated with conflict solution; superior to costs; ensures one task
Algorithm [103] optimal assignment P resolution market-auction per vehicle; optimal
approaches assignment
ANN goal score
Joint Dispatching and ANN + velocity-aware . Simultaneous planning 2% improvement in evaluétlon; three speed
Trajectory Hvbrid A* Not specified approach mission completion time levels; modest gains
Planning [105] y PP P suggest diminishing
returns
Processes multiple
. . orders simultaneously;
ROmeC Mobile Order Batch tf) Robot e Centralized 40-45% reduction in balances spatial,
Fulfillment Task Conversion + Not specified S L
coordination completion times temporal, and tote

Systems [106]

Adaptive Task Selection

priorities; centralized
approach

Distribution Warehouse
Operations [107]

Three-phase
decomposition
(allocation, assignment,
sequencing)

Variable fleet sizes

Congestion-aware
through corrective
functions

Solution time <30 s for
79% of instances

Addresses multi-vehicle
interactions in shared
aisles; performance
degrades with increased
fleet sizes

Fault Tolerance and Operational Robustness

Health-Aware
Coordination [108]

Battery RUL-based task
allocation

Not specified

Preferential assignment
to healthier vehicles

Balances production
efficiency with asset
preservation

Considers vehicle
degradation; maintains
throughput while
extending vehicle life
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Table 7. Cont.
Method [Ref] Algorithm Class Scale Tested Deadlock Handling Performance Metrics Key Characteristics
Handles human
y . . operator uncertainty;
Fuzzy Logic Takagi-Sugeno fuzzy Mixed Dynamic rescheduling Accommodates 5-min considers experience

Fault-Tolerant [109]

modeling with Max-Plus
Algebra

autonomous-manual
systems

for operator variability

operator delays
successfully

levels and fatigue
factors; IoT real-time

monitoring

Adaptive Task
Management [106]

Priority-based heuristics
with multiple objectives

Balances battery levels,
tote utilization,
workstation capacity;
centralized WES
integration

Real-time tracking and
redistribution

Energy consumption

Robot fleets variance <1%

Key Metrics: Computational complexity = algorithmic scaling (Big-O notation); Planning/solution time = computation
time for path/task generation; Working/completion time = duration for task execution; Task completion rate = % tasks
completed successfully; Path costs = cumulative fleet travel cost; Throughput = tasks/hour completed.

Coordination architectures reflect a persistent trade-off between optimality and ro-
bustness. Decentralized methods, such as private-zone mechanisms, provide deadlock-free
coordination with O(KN) computational complexity. They also reduce reliance on a single
centralized decision maker. Orchestrated hierarchical designs attempt to balance global
coordination with local autonomy. They can improve consistency and maintain fault toler-
ance, but evidence of scalability to larger fleets remains limited. Centralized approaches
can achieve near-optimal coordination and can be effective in structured settings, such as
distribution-warehouse dispatching. Nevertheless, they introduce single point-of-failure
risk and can become computationally expensive as fleet sizes grow. Conflict resolution
methods show a similar progression. Early reservation-based schemes rely on discrete
spatial occupancy to prevent collisions. These approaches can degrade rapidly as fleet
density increases because interactions and waiting times compound. More recent meth-
ods incorporate vehicle geometry explicitly and use structured conflict representations,
such as pre-computed conflict matrices, to enable more realistic collision reasoning for
large vehicles.

Modern coordination systems increasingly incorporate mechanisms that reflect practi-
cal operational realities. Health-aware coordination integrates battery Remaining Useful
Life (RUL) predictions to balance short-term production efficiency with long-term asset
preservation. Fuzzy-logic coordination can accommodate human-induced variability in
mixed autonomous-manual operations. Adaptive task management further supports stable
fleet operation by using centralized Warehouse Execution Systems with real-time tracking
to balance workload and manage energy use. Despite these advances, fault-tolerant coordi-
nation remains under-validated at scale, particularly for heterogeneous fleets operating
in highly dynamic environments. Most reported demonstrations are conducted under
controlled conditions rather than in continuously changing operational settings.

Several gaps are evident from Table 7. Validation at scale remains limited. The largest
reported fleet evaluations are still well below the scale implied by modern distribution
centers. As a result, scalability is often argued theoretically rather than demonstrated
empirically. Computational burden also remains a persistent constraint. In addition, the
performance improvements reported for more sophisticated methods are often incremental,
which raises practical cost-benefit concerns when added implementation complexity is
considered. Another limitation is the frequent assumption of homogeneous fleets. Real
facilities often operate mixed vehicle types, which requires coordination policies that ex-
plicitly handle heterogeneity. Validation is also commonly performed in static layouts,
whereas operational warehouses undergo continual change due to temporary obstacles,
reconfigured zones, and fluctuating traffic patterns. Finally, integration with warehouse
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management systems is rarely treated as a first-class design requirement, despite its impor-
tance for deployment.

Future research should therefore emphasize hybrid coordination architectures that
combine the robustness of decentralized mechanisms with the global efficiency of cen-
tralized reasoning. Learning-based components can contribute by adapting coordination
policies from operational data and by improving decision making under uncertainty. Co-
ordination frameworks should also be extended to heterogeneous fleets, including mixed
autonomy and diverse vehicle capabilities. Standardized benchmarking methodologies are
needed to support objective comparison across fleet sizes, layout complexity, and opera-
tional variability. More explicit characterization of computational complexity under realistic
constraints would further clarify deployability limits and design trade-offs. Finally, tighter
integration with warehouse management systems is essential for industrial-scale adop-
tion. The modest gains from incremental algorithmic refinements suggest that progress
may require more fundamental architectural innovations rather than additional tuning of
existing approaches.

11.8. Practical Guidance for Selecting Multi-Forklift Planning Methods

* In small warehouse operations with limited fleet sizes, private zone mechanism
provides decentralized coordination with deadlock-free guarantees. This is suitable
for initial autonomous deployments in facilities with 5-15 forklifts. Distributed control
avoids central infrastructure costs and single-point failures.

¢ For high-density distribution centers with narrow aisles, path segment conflict model-
ing is employed as it enables realistic collision detection for large vehicles in confined
spaces through pre-computed conflict matrices. This is essential for facilities where
tight corridors and frequent encounters require sophisticated contour overlap analysis.

*  When dealing with time-sensitive operations with mixed cargo priorities, priority-
based load capacity coordination is used as it achieves 100% task completion under
failures. This is ideal for pharmaceutical distribution, perishable goods handling, or
automotive just-in-time manufacturing. Cargo value and delivery deadlines justify
hierarchical coordination despite potential smaller-vehicle underutilization.

e In E-commerce fulfillment centers with high order volumes, the Robotic Mobile Ful-
fillment System is suitable for processing hundreds of diverse orders simultaneously.
Spatial /temporal priority optimization outweighs centralized coordination complexity.

e  For transitional facilities with both manual and autonomous operations, fuzzy logic
fault-tolerant coordination is suitable as it accommodates human operator delays
through dynamic rescheduling. This is critical for warehouses gradually adopting
automation or maintaining human operators for specialized material handling tasks.

*  For large facilities with shared traffic zones, three-phase decomposition frameworks
work best. It can achieve practical solution times while explicitly accounting for
congestion effects in shared aisles. This capability is well aligned with the needs of re-
gional distribution centers, where multiple vehicles must coordinate through common
pathways and loading zones while minimizing queuing and excessive waiting.

* In case of operations prioritizing fleet longevity and maintenance costs, health-aware
coordination is chosen as it integrates battery RUL predictions balancing production
efficiency with asset preservation through preferential healthier vehicle assignment.
This is justified for facilities with expensive specialized forklifts. Extended vehicle life
and reduced unplanned downtime outweigh minor throughput impacts.

*  To cater the needs of peak season and variable demand operations, adaptive task man-
agement paradigm is deployed. It maintains energy consumption variance <1% while
balancing battery levels, workstation capacity, and dynamic priorities. This is essential
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for facilities experiencing seasonal surges (holiday shipping, harvest seasons). Flexible
coordination adapts to changing workload patterns without manual reconfiguration.
e  For 24/7 multi-shift manufacturing facilities, orchestrated hierarchical architecture
achieves 5% performance and 25% consistency improvements with fault tolerance
through task redistribution. This is suitable for continuous operations. Shift transitions,
vehicle maintenance windows, and gradual performance degradation require adaptive
coordination maintaining throughput across varying operational conditions.

Multi-forklift coordination enables multiple autonomous vehicles to operate efficiently
within shared warehouse environments through sophisticated conflict resolution, task allo-
cation, and fault tolerance mechanisms. However, coordination alone cannot guarantee safe
operation in human-shared workspaces. The safety constraints referenced throughout pre-
vious sections, from lateral acceleration bounds in Equation (13) to speed-and-separation
monitoring in Equation (14), must be actively enforced to prevent collisions with hu-
mans, prevent vehicle rollover under dynamic loading, and maintain safe operations. The
next section examines safety-constrained control and human-robot interaction, which are
the mechanisms that ensure autonomous forklifts can operate safely alongside human
workers while maintaining the productivity. While this section focused on vehicle-to-
vehicle coordination, the safety section addresses the equally critical challenge of ensuring
that individual vehicles and coordinated fleets maintain safety guarantees in dynamic,
human-populated environments.

12. Safety-Constrained Control and Human-Robot Interaction

The integration of autonomous forklifts into human-occupied workspaces presents
fundamental safety challenges. These extend beyond traditional industrial automation.
Unlike manufacturing robots operating in caged environments, autonomous forklifts
must navigate dynamic warehouse spaces. Human workers, manually-operated vehicles,
and autonomous systems coexist. This shared operational paradigm demands safety
approaches that can provide formal guarantees while maintaining operational efficiency.
They must adapt to unpredictable human behavior. They must handle the unique stability
characteristics of forklift vehicles.

12.1. Formal Safety Guarantees and Mathematical Frameworks

Control barrier functions (CBFs) provide a unified framework for enforcing safety
in control design. They embed safety constraints directly within the online control op-
timization. This addresses a common limitation of classical pipelines, where safety is
treated as a post-hoc constraint that can conflict with performance objectives. In the CBF
formulation, unsafe states are rendered unreachable from any safe initial condition. This is
achieved by continuously enforcing barrier constraints (Equation (18)), which guarantee
forward invariance in the safe set. CBF-based intersection management has been shown to
maintain collision-free operation at high traffic rates [9]. CBFs have also been extended to
heavy-vehicle rollover prevention by encoding refined Load Transfer Ratio constraints as
barrier conditions, which improves computational efficiency relative to optimization-heavy
baselines [110].

Standard MPC can face limitations in safety-critical scenarios. Safety constraints
may become active only when predicted trajectories approach obstacles. This can make
safety enforcement appear reactive under tight margins. MPC-CBF formulations ad-
dress this issue by encoding safety requirements across the entire prediction horizon.
They enforce safety proactively rather than only at imminent constraint activation. Re-
ported implementations reduce computational burden while preserving strong safety
performance [111]. For multi-vehicle coordination, High-Order CBFs (HOCBFs) extend this
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concept to higher-relative-degree constraints. They are commonly implemented through
quadratic programming. They can handle both static obstacle avoidance and inter-vehicle
collision avoidance within a unified constraint structure [112].

Black-box controllers introduce additional challenges for safety verification. This is
particularly relevant for Al and learning-based policies, where outputs can be difficult to
certify. Safe Control Architectures address this gap by placing a supervisory safety layer
around the nominal controller. The supervisor distinguishes routine operating conditions
from safety-critical events. When the online optimization becomes infeasible, the system
switches to pre-computed backup control actions. Robust variants further incorporate tube
MPC concepts and disturbance-invariant sets. This improves tolerance to modeling errors
and bounded disturbances while retaining formal safety guarantees [113].

Figure 8 illustrates the hierarchical safety architecture pattern that has emerged across
multiple implementations. The nominal controller at the top generates performance-
optimizing commands u#nom. These are based on trajectory tracking, energy efficiency,
and productivity objectives. These commands pass through a safety supervisor that acts
as a filter. It continuously monitors vehicle state and evaluates barrier functions h(x) to
ensure safety constraints are maintained. The supervisory layer modifies the nominal
control to produce safe commands ug,¢.. This occurs through graduated responses based
on operational mode. Normal operation ((x) > €) passes nominal commands unmodified.
Intervention mode (0 < h(x) < €) applies minimal safety-preserving corrections. Safe-stop
mode (h(x) < 0) overrides nominal commands with emergency braking or degraded oper-
ation. This prevents constraint violations. This architectural separation enables deployment
of sophisticated performance-optimizing controllers. The safety supervisor is positioned
as an explicit filter between nominal control and vehicle actuation. This maintains formal
safety assurances through CBF-based quadratic programming. This guarantees unsafe
states remain mathematically unreachable.

Reference Trajectory

l

—{ Nominal Controller } Operational Modes
w ( Normal )
nom
L h(z) > e
Safety Supervisor ([ Intervention
(CBF-QP Filter) L 0 < h<ce
e
Usafe Safe-Stop
h(z) < 0

State © X
Forklift }

Figure 8. Hierarchical safety architecture for autonomous forklifts. The nominal controller generates
performance-optimizing commands #nom, which are filtered by the safety supervisor based on current
operational mode and vehicle state. The CBF-based QP filter ensures safety constraints /1(x) > 0 are
maintained while allowing for maximum performance within safe regions.

12.2. Dynamic Human Detection and Adaptive Safety Zones

Human workers are among the most challenging dynamic obstacles in warehouse
environments. Their motion can be difficult to predict, and the consequences of a col-
lision are severe. Conventional static safety zones create an inherent trade-off between
safety and productivity. Conservative zones trigger frequent unnecessary slowdowns.
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Aggressive zones may not provide sufficient reaction time. A three-layer adaptive warning-
field strategy addresses this limitation by generating convex-hull safety regions along the
planned trajectory rather than using fixed shapes [114]. The warning field is adjusted
based on estimated collision risk and current vehicle motion. The approach also distin-
guishes common pedestrian behaviors, such as lane takeover, step-in, and step-out events.
Field dimensions are modified online to reduce false positives while preserving safety
margins. Reported evaluations indicate improved efficiency with fewer unnecessary speed
reductions, especially on curved path segments [114].

Multi-modal sensing is often proposed to mitigate the weaknesses of any single sen-
sor. These systems fuse complementary modalities to improve detection reliability. One
example combines ultrasonic sensing with LoRa RSSI-based ranging to infer separation
distance [115]. The reported results show improved collision detection performance rel-
ative to either modality alone, but residual miss rates remain a concern in safety-critical
operation. Vision-based approaches provide richer semantic context and can support clas-
sification and intent inference. However, they must also meet strict latency and robustness
requirements. Lightweight detection models have been proposed for edge deployment,
with reported accuracy and inference times that approach real-time operation [116]. Even
s0, high-speed scenarios may require tighter timing margins than those achieved by many
current implementations.

Dynamic safety-zone methods replace static corridors with pedestrian-centered ex-
clusion regions that move with detected humans. This formulation allows the vehicle to
maintain higher speed when humans are absent or distant, and to slow down only when
approaching personal boundaries [117]. The approach is therefore efficient in low-density
settings. Its effectiveness can deteriorate as human density rises, because overlapping zones
constrain available free space and increase conservative behavior. Probabilistic variants
further extend this concept by enlarging zones when sensing is uncertain or positioning
data are missing.

12.3. Virtual Boundaries and Access Control

Software-based safety mechanisms offer several advantages over physical barriers.
They can adapt to changing layouts and can be reconfigured remotely. Virtual wall systems
provide a representative example. They use point cloud data to define restricted regions
within the navigation stack [118]. User-defined boundary coordinates are mapped into
high-cost cells in the planning representation. The path planner then treats these regions as
effectively non-traversable and generates avoidance trajectories. However, their effective-
ness depends entirely on correct robot behavior and compliance. Humans can still enter
the restricted area because no physical barrier exists.

12.4. Vehicle Stability and Rollover Prevention

Forklift rollovers are relatively rare events, but they can have severe or fatal conse-
quences. This risk is driven by characteristic stability properties of forklift platforms, includ-
ing a high center of gravity, strong dependence on load configuration, and, in some designs,
articulation effects. A hierarchical rollover control framework has been proposed to capture
the multi-stage dynamics observed in counterbalance forklifts [6]. The method uses rollover
indices that incorporate lateral acceleration bounds (Equation (13)) and are designed to re-
main informative during wheel lift-off, where standard Load Transfer Ratio (LTR) measures
can become less reliable. The controller then applies region-dependent actions within an
adaptive MPC structure, with control behavior scheduled by the rollover-index magnitude.
Reported experiments indicate improved roll stabilization and computational feasibility
for real-time execution relative to conventional baselines [6].
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Other rollover prevention methods use different control paradigms. Sliding-mode
control has been applied by adjusting rear-wheel steering. The simulation results show a
trade-off. Stronger stabilization can reduce the available margin for collision avoidance
in tight spaces [119]. Optimal-control approaches have also been studied using LOR
and MPC. These designs explicitly account for load-dependent changes in the center of
gravity [120]. The reported results indicate that MPC can respond more quickly than LQR
in the tested scenarios. However, most evidence is still limited to simulation. Experimental
validation is scarce.

Emergency maneuvers create a difficult multi-objective problem. The controller must
avoid collisions and preserve stability at the same time. These goals can conflict. ZMP
prediction has been used as a fast check for whether a lane-change maneuver may cause
wheel lift and increase rollover risk [18]. This supports the use of precomputed evasive
maneuvers with low online computation. The reported results also show an important
implication. Stability-aware avoidance often needs earlier and more conservative interven-
tion than collision-only planning. Steering actions that avoid an obstacle can also increase
rollover risk.

12.5. Human—Robot Collaboration and Shared Control

Collaborative operation requires safety systems that fit within existing warehouse
workflows. They must also preserve formal safety guarantees. One approach uses Ultra-
Wide-Band (UWB) localization for real-time worker tracking and achieves high positional
accuracy [121]. Continuous tracking allows forklifts to maintain a safe behavior around
nearby workers by monitoring their locations online. However, this capability depends
on consistent tag usage by personnel. Missed tags, forgotten devices, or hardware failures
therefore introduce practical failure modes.

Shared-control systems offer a different paradigm. Control authority is distributed
between the human operator and the autonomous controller. This can combine human
judgment with automated safety enforcement. The key requirement is to prevent un-
safe commands while preserving meaningful operator agency in complex situations. A
representative formulation uses control barrier functions with convex blending laws. Con-
trol authority is adjusted continuously based on inferred human intent [122]. Reported
experiments show safe navigation in constrained spaces while maintaining separation
distances. At the same time, these methods often rely on assumptions about the passivity
or boundedness of the human—joystick interface.

Velocity planning for operation near humans introduces additional requirements. The
controller must guarantee collision avoidance while maintaining acceptable productivity
under unpredictable pedestrian motion. Online velocity planners have been proposed
that implement speed an separationmonitoring constraints (Equation (14)) and incorporate
limits such as lateral acceleration and minimum separation distance [63]. The optimization
computes a maximum safe speed that ensures full stopping within the allowed distance.
The reported results show improved travel efficiency while maintaining collision avoidance.
Performance, however, remains sensitive to the accuracy of human-state estimation and
motion prediction.

12.6. Implementation and Standard Compliance

Practical deployment requires safety assurance that connects theoretical guarantees
to regulatory compliance. One systematic framework is developed around the European
Machinery Directive 2006/42/EC [123]. It follows a structured seven-step procedure. The
steps cover risk assessment, safety-function specification, implementation, and verification.
The framework identifies multiple safety requirements and implements them through a
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small set of safety functions. These include emergency stopping, personnel detection with
a 250 mm minimum separation distance, progressive reduction in protective fields, secure
mode transitions, and prevention of human transport. Reported testing shows that the
procedure reduces assessed risk levels and supports a Performance Level D classification
for industrial deployment.

12.7. Autonomous Forklift Safety Challenges and Future Directions

Table 8 provides a comprehensive comparison of safety approaches for autonomous
forklifts across key dimensions. It reveals distinct trade-offs between theoretical guarantees,
practical implementation, sensor requirements, and validation maturity.

Mathematical frameworks (CBF, MPC-CBF) provide the strongest theoretical safety
assurances. They employ formal barrier function monitoring. They maintain collision-free
operation up to 2004 vehicles/hour with real-time computation (0.028 & 0.010 s). These
methods guarantee that unsafe states are mathematically unreachable from safe initial
conditions. This addresses the fundamental limitation that traditional approaches treat
safety as post-hoc constraints. However, critical validation gaps emerge. All CBF-based
approaches remain simulation-validated without real-world safety verification. The core
assumptions—perfect state information, exact model knowledge, and negligible com-
putational delays— are rarely satisfied in industrial environments. Sensor noise, model
uncertainties, and processing latencies are inevitable. This gap between theoretical elegance
and practical deployment represents a fundamental challenge for formal methods.

Table 8. Comparative analysis of safety approaches for autonomous forklifts.

Method [Ref] Safety Paradigm Primary Mechanism Safety Performance Metrics Key Characteristics
Formal Safety Guarantees (Mathematical Frameworks)
Forward invariance through - . Mathematical unreachability
. . . . B Collision-free operation up to . .
CBF Intersection [9] Control Barrier Functions barrier monitoring . of unsafe states; continuous
. 2004 vehicles/hour . O

(Equation (18)) constraint monitoring [SIM]

CBF Rollover Refined Load Transfer Ratio Forward invariance guarantee Heavy vehicle rollover

Prevention [110]

Control Barrier Functions

with barrier functions

for safe sets

prevention; computational
efficiency vs. MPC [SIM]

MPC-CBF
Framework [111]

Hybrid MPC-CBF

Proactive safety encoding
across prediction horizon

Real-time capable; superior
safety vs. reactive approaches

Addresses reactive MPC
limitations; maintains safety
guarantees with reduced
computation [SIM]

High-Order CBF [112]

Control Barrier Functions

Quadratic programming with
static + inter-vehicle
constraints

Maintains minimum
separation distances in
multi-vehicle scenarios

Static obstacle + inter-vehicle
collision prevention
guaranteed [SIM]

Safe Control
Architecture [113]

Supervisory MPC

Detection vs. safety event
distinction; backup controls

Safety guarantees maintained
under bounded disturbances

Addresses black-box
controller verification; tube
MPC with disturbance
invariant sets [SIM]

Dynamic Human Detection and Adaptive Zones

Adaptive Warning Fields [114]

Adaptive safety zones

Three-layer convex hull
generation along trajectories

Reduces false positives while
maintaining safety margins

Speed-based collision risk
adjustment; distinguishes lane
takeover /step-in/step-out
behaviors [SIM]

Multi-Modal
Sensing [115]

Sensor fusion

Ultrasonic + LoRa RSSI fusion

96.0% collision detection
accuracy (vs. 84.4% ultrasonic,
87.9% LoRa)

Sensor fusion improves
detection but 4% failure rate
concerning for safety-critical
applications [RW]

Lightweight
Detection [116]

Computer vision

CNN-based human detection

92.7% mAP detection
accuracy; 108.2 ms inference
time

Edge deployment feasible;
inference time may be
insufficient for <100 ms safety
requirements [RW]

Dynamic Probabilistic
Zones [117]

Individual mobile exclusion
zones

Personal boundaries around
detected humans

Safety degrades exponentially
with >25 concurrent
pedestrians

Asymmetrical zone expansion
for missing data; critical
density threshold at ~25
humans [SIM]
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Table 8. Cont.

Method [Ref] Safety Paradigm Primary Mechanism Safety Performance Metrics Key Characteristics
Virtual Boundaries and Access Control
) Point cloud integration into Boundary compliance No physmal barrlem; .
Virtual Wall . A O effectiveness relies entirely on
S Software-based boundaries navigation stack; high-cost depends on path planner . .
ystems [118] cells behavior robot compliance without

enforcement [RW]

Vehicle Stability and Rollover Prevention

Hierarchical AMPC
Rollover [6]

Comprehensive rollover index
with lateral acceleration
bounds (Equation (13))

Model Predictive Control

53-59% roll angle reduction;
5.7 ms computation (real-time
feasible)

Three-region control strategies
based on rollover severity;
three-stage rolling dynamics
model [SIM]

Sliding Mode Rollover [119]

Rear wheel steering

Sliding mode control adjustments

Trade-offs between rollover
prevention and collision
avoidance identified

Competing safety objectives
require careful tuning;
simulation-only validation
[SIM]

LQR/MPC Rollover [120]

Comprehensive CoG
calculations with LQR and
MPC

Optimal control

MPC provides faster safety
response vs. LOR

Simulation-only; lacks
experimental verification of
safety guarantees [SIM]

ZMP Rollover Prediction [18]

Open-loop ZMP predictions

Zero-Moment Point for wheel lift evaluation

Rollover prevention requires
significantly larger
intervention distances vs.
collision-only

Predetermined trajectories
enable rapid safety response;
lower speeds increase rollover
risk [SIM]

Human-Robot Collaboration and Shared Control

Enables safe proximity

}F_IWB_Worker Precise localization Ultra-Wide-Band positioning Sub-20 cm worker tracking operation; requires consistent
racking [121] accuracy tag carrying (failure mode if
forgotten) [RW]
Convex blending laws Seamless human-autonomous
Shared Control Control Barrier Function: rvine control authori Maintains safety distances in transition; passivity
CBF [122] ontro e ctons varymng contro ority constrained spaces assumptions may not hold

based on intent

under all conditions [RW]

Velocity Planning for
Proximity [63]

Speed-and-separation
monitoring (Equation (14))
with acceleration limits

Online velocity optimization

Guaranteed collision
avoidance through complete
stopping distance constraints

Maximum safe speeds
determined online;
effectiveness depends on
human motion prediction
accuracy [RW]

Standards Compliance and Implementation

EU Machinery
Directive [123]

Seven-step procedure: risk
assessment, safety function
design, verification

Standards-driven framework

Risk reduction from
extreme/high to
medium/low; Performance
Level D (ISO 13849-1 [124])

15 critical requirements; 5
safety functions including
emergency stop and 250 mm
minimum detection distance
[RW]

Validation Tags: [RW] = real-world validation; [SIM] = simulation validation. Metrics Definitions: Travel
time reduction = percentage decrease in navigation time with safety constraints vs. baseline ; Computation time
= processing time per control cycle for safety constraint evaluation; Collision detection accuracy = percentage
of successful human/obstacle detection events; mAP (mean Average Precision) = object detection metric for
human/obstacle recognition (0-1 scale); Inference time = end-to-end latency from sensor input to detection output;
Performance Level = ISO 13849-1 safety integrity classification.

Dynamic human detection systems demonstrate clear performance scaling through
sensor fusion. Multi-modal approaches achieve 96.0% detection accuracy. This compares
to 84.4% (ultrasonic alone) or 87.9% (LoRa alone). Yet the 4% failure rate for the best-
performing system remains concerning for safety-critical applications. Even rare failures
can result in catastrophic consequences. Vision-based methods achieve 92.7% mAP with
108.2 ms inference time. However, this performance may be insufficient for high-speed
collision scenarios. These require sub-100 ms response times. More critically, most perfor-
mance evaluations occur under controlled laboratory conditions. These may not represent
the full complexity of industrial environments. These include dust, vibration, electromag-
netic interference, extreme lighting variations, and occlusions from pallets and equipment.
Adaptive zone approaches improve efficiency by reducing false positives. However, safety
degrades exponentially beyond approximately 25 concurrent pedestrians. This threshold is
easily exceeded in busy distribution centers during shift changes or peak operations.
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Rollover prevention methods achieve substantial roll angle reductions with real-time
computation. However, nearly all stability approaches lack experimental validation on
real vehicles. Dynamic effects, payload variations, and ground surface irregularities may
significantly affect performance. Critically, sliding mode implementations reveal trade-offs
between rollover prevention and collision avoidance. Optimizing one safety objective may
degrade another. ZMP-based approaches demonstrate that rollover prevention requires
significantly larger intervention distances than collision avoidance alone. These findings
suggest that multi-objective safety optimization requires careful balancing of competing
constraints. Safety should not be treated as a singular objective.

Current approaches make strong assumptions about human behavior. These may not
hold in operational practice. Virtual boundary systems rely entirely on robot compliance.
They lack physical barriers. They assume humans will not enter restricted zones despite
invisibility of software-defined boundaries. UWB worker tracking achieves sub-20 cm
accuracy. However, it creates potential failure modes if workers forget to carry tracking
devices or if devices malfunction. Shared control architectures assume human-joystick
system passivity. This may not hold under all operating conditions. Real human behavior
exhibits risk compensation (reducing caution when safety systems are present), habituation
effects (ignoring warnings after repeated false alarms), and deliberate safety system circum-
vention for productivity or convenience. The psychological impact of safety automation
on worker situational awareness remains under-investigated. Reduced vigilance due to
over-reliance on automated systems could paradoxically increase accident risk.

The EU Machinery Directive framework demonstrates practical deployment achiev-
ing Performance Level D classification. Risk reduction occurs from extreme/high to
medium/low levels through systematic seven-step procedures. This standards-driven
approach addresses 15 critical requirements. These include emergency stops and 250 mm
minimum detection distances. It provides regulatory compliance essential for commercial
deployment. However, the conservative nature of standards-based approaches may limit
performance compared to advanced mathematical frameworks. This highlights tension
between regulatory compliance and optimal efficiency.

Several fundamental gaps emerge from the surveyed literature. First, the validation
maturity gap exists. Most advanced mathematical frameworks remain simulation-only
without real-world safety verification. Human detection systems lack long-term operational
validation. This shows how performance degrades with sensor aging, calibration drift,
and environmental fouling. Second, the uncertainty modeling gap exists. No framework
simultaneously handles sensor noise, model uncertainties, computational delays, and
environmental variability. Formal safety guarantees are not maintained. Third, the human
factors gap exists. Explicit models of human behavior, risk perception, and adaptation to
automation are absent. These are critically important for shared workspace safety. Fourth,
the failure mode analysis gap exists. Systematic characterization of degradation modes,
failure rates under realistic conditions, and graceful degradation strategies remains sparse.

Future research should prioritize several areas. First, robust safety frameworks should
maintain guarantees under realistic uncertainty models. These include sensor degradation,
environmental variability, and computational delays. Second, hierarchical safety archi-
tectures (Figure 8) should resolve conflicts between competing safety objectives (rollover
vs. collision, efficiency vs. conservatism). They should provide graceful degradation
when constraints cannot be simultaneously satisfied. Third, human-aware safety systems
should incorporate explicit models of human behavior, risk compensation, habituation
effects, and psychological factors affecting situational awareness. Fourth, comprehensive
validation methodologies should evaluate safety performance under realistic operational
conditions over extended time horizons. These include sensor degradation, environmental
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extremes, and edge cases. Fifth, standardized safety benchmarks should enable objective
cross-method comparison of detection accuracy, failure rates, and response times under
common test scenarios. Achieving this objective will require interdisciplinary approaches.
These should integrate control theory, human-factors psychology, and industrial safety
engineering. The goal is to design safety systems that reflect the real complexity of human-—
robot interaction in dynamic warehouse environments. At the same time, the systems must
preserve the formal assurances required for safety-critical deployment.

This section has addressed the final critical capability for autonomous forklift deploy-
ment: safe operation in human-shared workspaces. The discussion considered formal
safety guarantees, adaptive human detection, rollover prevention, and collaborative control
mechanisms. From the kinematic foundations in Section 4 through localization, planning,
control, manipulation, coordination, and now safety, we have traced the complete technical
stack required for autonomous forklift systems. These capabilities are tightly coupled.
Safety constraints draw on vehicle-dynamics limits such as lateral acceleration bounds.
Speed and separation monitoring depends on localization performance. Rollover pre-
vention must interface with trajectory tracking control. Human-aware planning requires
integrated perception and multi-vehicle coordination. The concluding section synthesizes
these dependencies, highlights research gaps that span multiple subsystems, and outlines
directions for advancing autonomous forklift technology from laboratory prototypes to
robust industrial deployment at scale.

13. Conclusions

This systematic review has analyzed autonomous forklift technology across eight
interdependent subsystems: vehicle kinematics and dynamics, localization, global and
local planning, control, vision-based manipulation, multi-forklift coordination, and safety.
The main message is that deployability depends on integration. In real warehouses, sub-
system interactions determine whether performance is maintained under load variability,
perception uncertainty, dense traffic, and human co-working. Accordingly, this review
provides technology selection guidance that links representative warehouse scenarios to
appropriate methodological choices while highlighting the implementation and validation
maturity of each class of approaches. A key finding is the persistence of a deployment
gap. Many methods show strong results in controlled studies, yet reported deployments
remain limited in scale (2-50 vehicles), while modern warehouses require safe operation at
much larger fleet sizes. The dominant barriers are system-level. Coordination complexity
increases rapidly with fleet density. Operational variability and human behavior further
stress assumptions that appear acceptable in short demonstrations.

A persistent barrier to progress in autonomous forklift research is the absence of
public datasets and standardized benchmarks, which limits reproducibility and prevents
fair cross-method comparison. Unlike autonomous driving and general mobile robotics,
the field has no forklift-specific open datasets that provide multi-sensor logs with ground
truth across localization, planning, and manipulation. Public data for pallet perception
is typically small and insufficiently diverse, and fleet-level coordination datasets remain
proprietary. Moreovet, papers rarely release trajectories, controller settings, or time-series
performance logs, further constraining replication. Most data are produced within pro-
prietary industrial systems, controlled laboratory testbeds, simulation-only studies, or
restricted industry—academia collaborations. Reproducibility is additionally hindered by
high hardware cost, the difficulty of recreating realistic warehouse infrastructure, safety
certification overhead, reliance on closed-source components, heterogeneous evaluation
metrics, and incomplete reporting of implementation details. To close this validation-to-
deployment gap, the community should prioritize open benchmark datasets, standardize
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subsystem metrics, share simulation environments and robot models, establish shared
testbeds or data-collection services, and develop competition-style challenges.

These observations motivate research directions that cut across subsystem boundaries.
Validation should move toward long-horizon operational studies. Integration should be
treated as a primary research objective. Coordination should explicitly support hetero-
geneous fleets and graceful degradation. Learning-based components should emphasize
adaptation and uncertainty handling within formally safe architectures. Human-aware
safety should move beyond static assumptions and adopt interaction-aware policies suited
to real operations. As this technology matures, autonomous forklifts have the potential
to transform warehouse operations and broader industrial material handling practices,
enabling more resilient supply chains essential for modern commerce.
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