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ABSTRACT This paper presents a systematic literature review on Automated Disruption Management
(ADM) in intralogistic systems, analyzing 1.406 papers between 2018 and 2024. The review examines
current approaches to managing disruptions in modern intralogistic environments, focusing on system
architectures, adaptation capabilities, decision-making methods, and implementation aspects. Through a
structured analysis following the Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) framework, we identify several critical gaps in current research, particularly in handling multiple
simultaneous disruptions, integrating predictive capabilities with real-time adaptation, and validating the-
oretical developments in real-world settings. Our findings reveal a significant trend toward Reinforcement
Learning (RL) approaches and an observable evolution from traditional Automated Guided Vehicles (AGV)
to more flexible Autonomous Mobile Robot (AMR) solutions. Also, our work revealed the need for
more integrated approaches that can handle multiple disruption types simultaneously while maintaining
system performance, particularly in complex industrial environments. Moreover, the analysis also shows
a considerable gap between theoretical development and practical implementation, with very few papers
reporting real-world testing results. This review contributes to the field by providing a comprehensive
taxonomy of current approaches, identifying critical research gaps, and proposing a specific research agenda
in the field for future research.

INDEX TERMS Intralogistic, automated disruption management, industry 4.0, systematic review,
reinforcement learning.

I. INTRODUCTION
The fourth industrial revolution has fundamentally

fulfillment, improved efficiency, and greater flexibility is
driving the development of more advanced automation solu-

transformed manufacturing and logistics operations through
the integration of cyber-physical systems, Internet of Things
(IoT), and artificial intelligence [1], [2]. This digital transfor-
mation, coupled with the exponential growth of e-commerce
and changing consumer expectations [3], has placed unprece-
dented demands on intralogistic systems to become more
efficient, flexible, and responsive [4], [5]. Traditional intralo-
gistics systems are increasingly unable to meet these evolving
demands [6], [7]. Consequently, the need for faster order
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tions [7]. The introduction of Automated Guided Vehicles
(AGVs) [8] was an early step in this evolution, which has
since progressed toward more flexible and intelligent sys-
tems, culminating in Autonomous Mobile Robots (AMRs)
as a significant milestone [9]. AMRs offer greater flexibility,
improved navigation, and better adaptation to dynamic envi-
ronments than their AGV predecessors [9], [10]. Moreover,
advancements in artificial intelligence and control sys-
tems have enabled the emergence of highly sophisticated
intralogistics solutions [11], [12]. However, the increasing
complexity of these systems also makes them vulnerable
to disruptions that can degrade performance and reliability.
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Such disruptions range from robot failures and battery
issues [13], [14] to demand fluctuations and system conges-
tion [11], [15]. The dynamic nature of these issues poses seri-
ous challenges for system adaptation and recovery [13], [16],
especially when multiple disruptions occur simultaneously.
Modern intralogistic systems must balance high through-
put and efficiency with low energy consumption and stable
operation [16], [17], [18]. Furthermore, integrating human
operators adds another layer of complexity, requiring care-
ful attention to human-robot collaboration and safety [19].
Current research largely focuses on optimizing individual
aspects of these systems, such as task allocation [18], [20],
path planning [10], or resource management [21]. Yet the
growing complexity demands simultaneous optimization of
multiple objectives. Few studies address the challenge of
multiple simultaneous disruptions in this new intralogistics
paradigm. Notably, most proposed solutions have only been
validated in simulation, with very limited real-world imple-
mentation [21], [22]. Although some works have explored
energy management [18] or real-time adaptation [23], inte-
grated approaches that combine task reallocation, path
replanning, and resource optimization in response to disrup-
tions are largely lacking. In particular, the scarcity of research
on dynamic resource reallocation [15], [16] and predictive
maintenance underscores the need for more comprehensive
disruption management frameworks.

This systematic review contributes to both theory and prac-
tice by:

1. Providing a comprehensive analysis of current disrup-
tion management approaches in the new intralogistic
paradigm.

2. Identifying key research gaps and future research
directions.

3. Analyzing real-time adaptation strategies and their
effectiveness.

4. Proposing a research agenda for advancing the field.

For each article, the extracted data fields included the
intralogistic system components addressed, the modeling
and solution approaches employed, the technologies uti-
lized, the disruption types considered, and the paper’s unique
contribution to the field. This approach ensured a comprehen-
sive analysis of the diverse methodologies and technologies
employed in automated disruption management (ADM) for
the new intralogistic paradigm. The included articles were
investigated according to six main themes, as outlined
in our taxonomy: system components and architecture,
dynamic adaptation capabilities, decision-making methods,
system disruptions, performance metrics, and implemen-
tation aspects. This structured analysis helps synthesize
existing works and identify areas requiring further research.
While substantial research exists exploring various aspects
of this new intralogistic paradigm, our review will show that
a comprehensive discussion addressing ADM and real-time
adaptation capabilities is still lacking. Despite extensive work
on individual aspects, our review reveals a lack of integrated
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discussion on ADM and real-time adaptation. This review dif-
ferentiates itself from existing literature reviews by focusing
specifically on the intersection of ADM, real-time adaptation,
and the new intralogistic paradigm. While previous reviews
have examined these aspects individually, our work provides
a more integrated analysis of how different approaches and
technologies are being combined to create more resilient
and adaptive intralogistic systems. Furthermore, our analysis
particularly emphasizes the practical implementation aspects
and validation methods, addressing a critical gap between
theoretical developments and real-world applications.

The remainder of this paper is organized as follows:
Section II presents the research methodology, Section III
presents the results and analysis of the systematic review,
Section IV discusses the findings and the existing research
gaps, and Section V summarizes the key findings and presents
the conclusions.

Il. METHODOLOGY
This section outlines the methodology adopted for conduct-
ing this systematic literature review, focusing on ADM in the
new intralogistic paradigm from January 2018 to December
2024. Following the Preferred Reporting Items for System-
atic Reviews and Meta-Analyses (PRISMA) framework [26],
aresearch methodology that facilitates a thorough exploration
of the current state of the art, details the process of search-
ing, collecting, and screening relevant studies, alongside
presenting initial statistics related to the surveyed literature.
The PRISMA framework was selected for this study due to
its broad applicability and structured approach to conducting
systematic literature reviews across diverse research domains.
While frameworks such as ROSES (Reporting Standards for
Systematic Evidence Syntheses) are tailored specifically for
environmental research, and SPIDER (Sample, Phenomenon
of Interest, Design, Evaluation, Research type) is more appro-
priate for qualitative and mixed-methods studies, PRISMA
offers a well-established and widely adopted methodology
that aligns with the quantitative and engineering-focused
nature of this review. Given that the objective of this study
was to synthesize empirical findings from peer-reviewed
journal articles in the fields of intralogistics, automation,
and artificial intelligence—primarily through quantitative
analysis—PRISMA provided the most suitable structure for
ensuring transparency, reproducibility, and methodological
rigor.

A. PRISMA FRAMEWORK

This paper analyzes the state of the art in ADM for the
new intralogistic systems paradigm, focusing on real-time
adaptation strategies, decision-making methods, and imple-
mentation approaches suggested in the collected papers.
Noticeably, despite the demonstrated benefits of ADM in
improving system resilience, optimizing performance, and
reducing operational costs, many organizations still rely on
reactive approaches to handle disruptions in their intralogistic
operations [15], [24]. This indicates a notable opportunity
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FIGURE 1. PRISMA search framework.

for advancing the practical implementation of automated
solutions in this new intralogistic system paradigm [25].
With a systematic literature review approach, this research
consolidates and analyzes present literature on the strate-
gies employed for ADM in new intralogistic environments.
The search encompassed Web of Science and Scopus
databases using specific keywords to find English-language
publications from the target time period. Following the
process shown in Fig. 1, the systematic review identified,
screened, evaluated, and selected the most relevant articles for
analysis.

B. DOCUMENT SEARCH PROCESS

As part of the identification process, keywords were cho-
sen and designed their relationship to create the following
query: (intralogist* OR logist* OR smart production logist*
OR ‘“‘autonomous mobile”) AND (((((((synchronisation) OR
real-time) OR adaptative) OR smart) OR intelligent) OR
dynamic) OR prescriptive). The selection of keywords was
guided by the objective of capturing a broad yet relevant
spectrum of literature related to automation and adapt-
ability in intralogistic systems. The terms ““intralogist*”,
“logist*”, and ‘‘smart production logist*”” were chosen
to encompass both general and domain-specific terminol-
ogy used in the field of internal logistics. The inclusion
of ‘““autonomous mobile” was intended to capture litera-
ture focused on mobile robotic systems, particularly AMRs,
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which are central to current ADM developments. The second
part of the query—comprising terms such as ‘“‘synchroni-
sation”, “‘real-time”, ‘“‘adaptative”, “smart”, “intelligent”,
“dynamic”, and “prescriptive”’—was selected to reflect the
core attributes of modern ADM systems, including respon-
siveness, intelligence, and adaptability. These keywords were
refined through preliminary scoping searches and were found
to be consistently present in high-impact publications within
the target research areas.

Regarding time period, some preliminary research without
any time constraints showed an increasing trend beginning
to emerge after 2019, leading to becoming a starting point for
our research. Also reviews, conference papers and book chap-
ters were filtered, solely acquiring journal articles. Regarding
research areas, Computer Science and Engineering were cho-
sen as the prior ones. Hence, this search strategy, spanning
from 2018 to 2024, originally identified 1,540 articles pub-
lished in English. After detecting the duplicates, the number
of relevant articles was reduced to 1,413.

To ensure methodological rigor and minimize potential
bias, a structured evaluation framework was developed. The
framework was established through the following steps.
First, a comprehensive codebook was developed based on
intralogistics and real-time adaptation literature, defining
explicit evaluation criteria for article selection. The code-
book included classification parameters covering general
metadata, research characteristics, content focus, and appli-
cation context. To validate the evaluation framework and
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assess inter-rater reliability, two independent researchers
were engaged in a validation process. Each researcher inde-
pendently evaluated a sample of 10 articles from the dataset
using the established codebook. The results were then com-
pared to assess consistency in classification and identify
potential discrepancies. The reliability achieved was 94.3%,
calculated as the number of fields coded in the same way
by both researchers over the total number of fields in
the codebook. Any disagreements were discussed openly,
leading to refinements in the codebook definitions and eval-
uation criteria. Regular self-audit protocols were established,
with previously evaluated articles randomly selected for
re-evaluation to ensure consistency. Screening decisions were
recorded in a standardized matrix, including reasons for
inclusion/exclusion, classifications, and relevance.

Initial filtering based on titles and abstracts removed arti-
cles unrelated to intralogistics, such as those focused on
transport outside the warehouse or across the supply chain.
Studies on real-time adaptation in unrelated sectors (e.g.,
construction, health, civil engineering) were also excluded.
Likewise, papers centered on technologies like Blockchain,
or UAVs were discarded for lacking alignment with the
review’s scope. Articles focused on production or mainte-
nance rather than internal warehouse tasks (e.g., unloading,
picking) were also excluded. This process narrowed the
pool to 34 relevant articles. Many exclusions stemmed from
the broadness of the keywords; filtering terms like health,
COVID, disaster, last mile, urban, and maritime could have
prevented noise and reduced initial records. Final eligibility
was confirmed through a quick full-text review. Three articles
were excluded due to unsuitable methodologies, and six more
were discarded due to lack of access, resulting in 25 included
articles.

Physical Components
Control Architectures
Information Systems

System Components

Optimization Approaches
Machine Learning
Traditional Algorithms

Decision-Making Methods

Efficiency
Quality and Adaptability
Long-term

Performance Metrics

FIGURE 2. Taxonomy graphical representation.
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Automated disruption
management in
intralogistic systems.
Gap in the literature

Additional papers were identified via citation searching
and database alerts. Of 19 extra articles screened, only 3 met
the eligibility criteria, applying the same filters as before.
Ultimately, 26 articles were selected as suitable for this
review. A comprehensive analysis was conducted to address
the key research questions.

C. YEARLY PUBLICATION TRENDS
Fig. 3 shows the publication trend in ADM research within
the new intralogistic paradigm by year. Research activity has
grown notably since 2020, peaking in 2023 with 9 publica-
tions, highlighting increasing interest in automated disruption
management. The progression goes from O papers in 2018,
1in 2019, 2 in 2020, 3 in 2021, and 4 in 2022, culminating in
the 2023 surge. The slight drop to 8 papers in 2024 and 1 in
2025 reflects the review’s time frame, not reduced interest.
The 2025 paper by Ma et al. [58] was included via early
access. Overall, the trend confirms growing attention to ADM
as industries face complex, multi-disruption challenges.

D. CITATION IMPACT

Fig. 4 presents a citation analysis reflecting the influence
of ADM research in the new intralogistic paradigm. Several
papers stand out for shaping the field. Hu et al. [36] leads with
152 citations for their work on Deep Reinforcement Learning
(DRL) in AGV scheduling. Zhang et al. [17] follows with
65 citations for dynamic prioritization in robotic warehouses.
Bolu and Korcak [20] received 56 citations for adaptive task
planning, and Zhao et al. [21] gained 50 for integrating digital
twins and knowledge graphs. Other notable works include Li
and Huang [24] with 47 citations (production-intralogistics
synchronization), Fernandes et al. [12] with 41 (trajectory

Task Management
Resource Management
Path Planning

Dynamic Adaptation Mechanisms

Resource Disruptions
Task Disruptions
Environmental Disruptions

System Disruptions

Validation Methods
Industrial Applications
Tools and Technologies

Implementation Aspects
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FIGURE 3. Publication trend from 2018 to 2025.
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FIGURE 4. Top influencing authors.

planning), and De Ryck et al. [34] with 36 (decentralized task
allocation). These citation figures underscore the growing
relevance and technical maturity of ADM research in modern
intralogistics.

Ill. LITERATURE ANALYSIS AND RESULTS

The taxonomy in this review emerged from an iterative anal-
ysis of the literature, identifying six core categories: System
Components, Dynamic Adaptation Mechanisms, Decision-
Making Methods, System Disruptions, Performance Metrics,
and Implementation Aspects. As shown in Fig. 3, this struc-
ture aligns with the layered architecture of cyber-physical
systems [33], where physical/logical elements (e.g., AGVs,
sensors, control software) form the base, followed by adap-
tive decision layers. Dynamic Adaptation Mechanisms were
included as a distinct category based on studies highlighting
the need for real-time reconfiguration in automated ware-
houses [9], [27]. Decision-Making Methods were classified
into optimization, machine learning, and heuristics, following
established operations research and Al frameworks [28], [29].
System Disruptions were prioritized due to findings in sup-
ply chain risk literature emphasizing obstacle dynamics and
demand volatility [30], [31]. Performance Metrics include
KPIs like throughput time and collision frequency [31],
(Thrun et al. [59]), while Implementation Aspects address
challenges in operationalizing theoretical models [32]. Sub-
categories were defined to reflect methodological and tech-
nological granularity, offering a comprehensive view of
current research. This framework helps visualize research
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concentrations and gaps and provides a foundation for future
classification efforts.

A. DISTRIBUTION AND TRENDS ANALYSIS

This review covers 26 papers published between 2018 and
2024. As shown in Fig. 2, research activity has increased,
especially from 2022 onward, reflecting growing interest
in ADM amid rising demands for efficient, resilient intral-
ogistics. Fig. 5 shows sectoral distribution, aligned with
automation needs driven by e-commerce and Industry 4.0.
Fig. 6 highlights methodological trends, indicating a shift
toward intelligent, adaptive solutions alongside continued use
of traditional optimization techniques.

E-commerce (33%)

General Warehousing (37%) —
| Other (7%)

M E-commerce M General Warehousing m m Other

FIGURE 5. Distribution of research focus areas.

Reinforcement
Learning

Mathematical
Programming
Metaheuristics

Queuing
Theory

A
Variants

Other
ML

m Number of Papers

FIGURE 6. Most used methodological approaches.

B. EVOLUTION OF SYSTEM COMPONENTS
The analysis of system components and architecture high-
lights key changes in modern intralogistics design [34]. Three
main elements define these systems: physical components,
control architecture, and information systems [32], [33].
Physical setups have shifted from static conveyors to
modular, robot-driven infrastructures, with AMRs and
IoT-enabled devices enabling reconfigurability [9]. Control
architectures now favor decentralized models for real-time
responsiveness [16]. Information systems leverage digital
twins and cloud computing to integrate sensor data with
predictive analytics [16]. This section reviews recent con-
tributions and evaluates their effectiveness in addressing
intralogistic challenges.
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1) PHYSICAL COMPONENTS

Research shows a shift from AGVs (7 papers) to AMRs
(9 papers), reflecting a preference for more flexible,
autonomous solutions. Zhang et al. [17] and Low et al. [10]
highlight AMRs’ superior adaptability to dynamic disrup-
tions. However, infrastructure such as charging stations
(2 papers) remains underexplored, despite its importance for
ensuring system efficiency and autonomy [14].

2) CONTROL ARCHITECTURES

The literature contrasts centralized (2 papers) and decentral-
ized (3 papers) control. [34], [34] support decentralization for
resilience, while Li and Huang [24] show efficiency gains
from centralized models. Hybrid architecture is scarcely
addressed, marking a clear research gap.

3) INFORMATION SYSTEMS

Digital twins and IoT integration are equally represented
(4 papers each). Zhao et al. [21] show digital twins
improve disruption prediction. Li et al. [16] emphasize [oT’s
role in real-time monitoring. The mention of knowledge
graphs (1 paper) signals potential for advancing system
intelligence.

C. DYNAMIC ADAPTATION MECHANISMS

The analysis reveals varying levels of advancement in
adaptation capabilities across different aspects of the new
intralogistic systems paradigm. These mechanisms repre-
sent critical components in system resilience and efficiency,
particularly in responding to disruptions and maintaining
operational continuity.

1) TASK MANAGEMENT

Task management in intralogistics involves assigning and
scheduling operations efficiently, balancing objectives like
minimizing delays, completion time, and optimizing resource
use. Dynamic adaptation is key to handling disruptions such
as breakdowns, urgent orders, or delays [36]. Task allocation
is addressed in six papers, from auction-based methods [34]
to Al-driven approaches [20]. De Ryck et al. [34] improve
scalability and robustness in AGV systems via auctions, while
Bolu and Korcak [20] propose an adaptive heuristic sys-
tem using digital twins for real-time decision-making. Task
scheduling, covered in seven papers, includes real-time adap-
tation [14] and energy efficiency [36]. Zhang et al. introduced
a DRL method that enhances battery use while maintaining
service levels. Hu et al. develop a flexible scheduler that
improves makespan and reduces delays under shop floor vari-
ability. Real-time replanning, explored in three papers, shows
promise for dynamic environments. Maw et al. [23] propose
the iADA™* algorithm, achieving 2-3.7x faster computation
than existing methods—crucial for fast-changing contexts.
Cai et al. [13] extend this with a scheduling mechanism that
uses continuous data analytics to handle system deviations
and uncertainties.
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2) RESOURCE MANAGEMENT

Resource management deals with optimal use of system
assets—robots, operators, storage, and equipment—requiring
continuous adaptation to disruptions, workloads, and chang-
ing conditions [16]. Effective strategies support resilience and
performance [15], reflecting the complexity of intralogistics.
Five papers address resource allocation, showing a shift from
traditional optimization to Al-based methods. Zhao et al. [21]
propose an innovative approach combining digital twins with
spatial-temporal knowledge graphs, enhancing precision in
production logistics. Their real-world implementation offers
insights into the benefits and challenges of advanced systems.
Energy management, covered in six papers, reflects industry
focus on sustainability and efficiency. Yang et al. [18] present
a maximin-based multi-objective algorithm that balances
energy use and task allocation, improving utilization without
compromising performance. Zhang et al. [14] add battery
replacement to scheduling, tackling a key practical issue often
overlooked in theory. Capacity management, addressed in
three papers, shows growing interest in scalability. Li and
Huang [24] propose a framework for heterogeneous AGV
fleets that consider capacity constraints while optimiz-
ing tasks—highlighting real-world relevance in mixed-fleet
environments.

3) PATH PLANNING

Path planning focuses on determining optimal routes for
mobile resources in dynamic environments, avoiding obsta-
cles and conflicts [14]. Key innovations center on real-time
adaptation and obstacle avoidance [10], [36]. Real-time
algorithms, covered in eight papers, move beyond A*
toward reinforcement learning. Low et al. [10] propose
an improved Q-learning method using distortion concepts
and optimization modes, achieving better obstacle avoid-
ance with efficient computation. Obstacle avoidance appears
in six papers, emphasizing dynamic environment handling.
Zhang et al. [17] introduce the Bi-AM-RRT* algorithm,
outperforming standard RRT variants in complex settings—
crucial for dense warehouse scenarios. Fernandes et al. [12]
complement this with Enhanced Diversity Particle Swarm
Optimization, yielding smoother, more adaptive paths. Con-
gestion management, explored in three papers, shows
promise for system-level optimization. Kobayashi et al. [11]
present a Q-learning—enhanced Dynamic Window Approach
that adapts to congestion, improving path efficiency and
reducing collisions. Li and Huang [24] extend this by inte-
grating congestion and task planning into a unified traffic
optimization framework.

D. DECISION-MAKING METHODS

Decision-making in modern intralogistics requires advanced
methods to manage operational complexity and disrup-
tions [33]. The literature identifies three primary approaches:
optimization techniques for solving constrained prob-
lems, machine learning for managing uncertainty and
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dynamics [41], and traditional algorithms for routing and
allocation [42], consistent with recent classifications [32].
This section reviews these methods and their effectiveness
in intralogistic applications.

1) OPTIMIZATION APPROACHES

Decision-making often involves balancing multiple objec-
tives under complex constraints and evolving conditions [16].
Mathematical programming transforms operational prob-
lems into models with objective functions and constraints,
making it suitable for well-defined scenarios (Hillier &
Lieberman, 1968), though its computational cost can rise with
problem scale [49]. Metaheuristics, inspired by natural pro-
cesses, offer near-optimal solutions efficiently and adapt well
to dynamic environments [48]. Techniques such as genetic
algorithms [47] and ant colony optimization (Dorigo &
Stiitzle, 2004) are commonly applied. Queuing theory pro-
vides mathematical tools to analyze system behavior under
variable demand and service conditions, useful for resource
allocation and performance prediction [45], [46].

Four papers demonstrate the applicability of mathemat-
ical programming. Jiang and Huang [56] optimize robotic
warehouse synchronization using mixed-integer models,
achieving improved makespan and operational efficiency.
Boysen et al. [4] propose a two-step optimization for robo-
tized sorting, maintaining near-optimal performance even
with limited foresight. Khoei et al. [57] and Tutam and
De Koster [19] apply similar models to energy minimiza-
tion and order picking, respectively. Metaheuristics appear
in five papers, addressing problems where exact solutions
are infeasible. Zhu et al. [37] combine genetic algorithms
and ant colony optimization to reduce shelf movements
and processing time in robotic mobile fulfillment sys-
tems. Fernandes et al. [12] apply enhanced particle swarm
optimization to improve trajectory planning in dynamic envi-
ronments. Further contributions by Jiang and Huang [56] and
Khoei et al. [57] explore metaheuristic variants tailored to
specific challenges.

Queuing models are used in four papers to predict system
behavior and optimize configuration. Lamballais et al. [15]
apply semi-open networks for resource reallocation in robotic
systems under varying demand. Kumar et al. [5] extend this
to parts-to-picker systems, incorporating human factors and
workload. Ma et al. [58] propose closed queuing networks for
cellular warehouses, improving throughput prediction accu-
racy.

2) MACHINE LEARNING TECHNIQUES

Machine learning techniques have become essential for solv-
ing complex decision-making problems in intralogistics,
offering strong capabilities for managing dynamic environ-
ments and uncertainty. Current research highlights three
main categories: supervised learning for predictive modeling,
reinforcement learning (RL) for adaptive decision-making,
and unsupervised learning for pattern recognition [39], [40].
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RL, in particular, is well suited for tasks such as AGV
control and resource allocation, where systems must learn
from interaction and adapt to evolving conditions [29], [35].
Deep Q-learning (DQN) extends traditional RL by integrating
deep neural networks (DNN), enabling decision-making in
complex environments [38]. DNNs, inspired by the human
brain, are composed of multiple interconnected layers capa-
ble of learning complex spatial-temporal patterns, making
them valuable for prediction and optimization tasks in intral-
ogistics. Additional machine learning methods—such as time
series clustering, self-organizing maps, and dynamic time
warping—provide tailored solutions for pattern recognition
and temporal analysis in specific logistics problems. RL dom-
inates machine learning applications in this field, appearing
in eight papers for tasks in dynamic, uncertain environments.
Zhang et al. [14] apply DQN for AGV scheduling, achieving
a 9.8% reduction in makespan and a 10.9% improvement
in delay ratio over traditional approaches. Low et al. [10]
contribute an enhanced Q-learning algorithm for path plan-
ning that improves obstacle avoidance and computational
efficiency. Further implementations by Kobayashi et al. [11]
and Lamballais et al. [15] confirm RL’s adaptability across
use cases. Although DNNs appear in only one paper,
Zhao et al. [21] successfully use them for spatial-temporal
analysis in a knowledge graph-based resource allocation
system, improving efficiency through better pattern recog-
nition. Another specialized approach by Kalkha et al. [54]
combines time series clustering, self-organizing maps, and
dynamic time warping for storage location optimization,
achieving 61-69% efficiency gains across various picking
strategies. These results highlight the potential of machine
learning—particularly RL—for advancing decision-making
in intralogistics.

3) TRADITIONAL ALGORITHMS

Path planning and resource allocation in intralogistics rely
on specialized algorithms. Three main approaches stand
out: A* and its variants, Dijkstra’s algorithm, and heuristic
methods. A* combines completeness and heuristic guidance,
making it effective for warehouse navigation. Its variants
adapt to dynamic obstacles and time constraints. Dijkstra’s
algorithm, while more computationally demanding, guaran-
tees shortest-path solutions without relying on heuristics,
useful when optimal paths are not evident. Heuristic meth-
ods, based on domain knowledge and simplified rules [44],
offer fast, practical solutions, often used alongside formal
algorithms for tasks like multi-robot coordination [43]. A*
and its variants appear in four papers. Bolu and Korcak [20]
and De Ryck et al. [34] validate their use in real-time
scenarios, while Li and Huang [24] adapt A* for hetero-
geneous AGV fleets, improving performance in complex
layouts. Dijkstra’s algorithm is applied in one paper—
Zhao et al. [21]—as part of a broader resource allocation
framework. Auction-based methods are also explored once,
with De Ryck et al. [34] applying them to decentralized task
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allocation. Heuristic methods appear in four papers. Bolu
and Korcak [20] combine heuristics with A* for improved
planning, and Khoei et al. [57] develop heuristics for energy-
efficient routing. These methods prove valuable for quick,
effective solutions in complex environments.

E. DISRUPTION MANAGEMENT APPROACHES

Our literature review addresses three main categories of dis-
ruptions, each presenting unique challenges and solutions.
Our analysis reveals an increasing trend toward integrated
approaches that can handle multiple disruption types simul-
taneously, though such comprehensive solutions remain
relatively rare.

1) RESOURCE DISRUPTIONS

Resource-related disruptions receive balanced attention, par-
ticularly in predictive management and recovery. Battery and
energy issues are covered in three papers. Zhang et al. [14]
propose a DRL-based framework integrating battery replace-
ment, achieving 9.8% makespan and 10.9% delay reductions
while managing energy constraints. Equipment failures, also
addressed in three papers, focus on detection and recovery.
Li et al. [16] introduce the Operation Twins framework,
combining real-time monitoring and predictive maintenance
to improve system stability. Cai et al. [13] complement this
with a scheduling mechanism that incorporates equipment
status and failure prediction into decision-making. Capacity
constraints, examined in four papers, reflect growing inter-
est in system limitation management. De Ryck et al. [34]
contribute a decentralized control architecture that adapts
to resource constraints while maintaining efficiency, show-
ing strong performance under fluctuating availability.
Lamballais et al. [15] extend this by developing dynamic
reallocation policies, achieving up to 52% cost reduction in
variable capacity conditions.

2) TASK DISRUPTIONS

Task-related disruptions have attracted considerable atten-
tion, especially regarding workload management and demand
adaptation in automated systems [52], [53]. Six papers
focus on dynamic handling of order and task arrivals.
Zhang et al. [14] propose a DRL-based system that adapts
to real-time fluctuations while maintaining energy effi-
ciency, showing strong performance under variable condi-
tions. Demand fluctuations, addressed in three papers, are
notably explored by Lamballais et al. [15], who use a
Markov Decision Process for dynamic resource reallocation,
achieving up to 52% cost reduction during peak demand.
Kalkha et al. [54] complement this with a storage location
strategy that adapts to demand changes, yielding 61-69%
efficiency improvements across picking strategies. Priority
changes and task rescheduling are also critical in dynamic
environments. Zhang et al. [17] introduce a dynamic priority
queuing network that improves fairness and throughput over
static systems, particularly benefiting low-priority orders.
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Cai et al. [13] support this with a real-time priority calcu-
lation mechanism that adapts to system conditions, helping
balance competing demands while maintaining stability and
performance.

3) ENVIRONMENTAL DISRUPTIONS

Environmental disruptions have gained attention, especially
in dynamic obstacle management [4]. These disruptions—
such as moving personnel, misplaced goods, or equipment
failures—can degrade system performance by increasing
latency or collision risk (Thrun et al. [59]). Dynamic obstacles
are the most studied factor, with seven papers developing
detection and avoidance strategies. Zhang et al. [17] con-
tribute a multi-agent policy learning approach that performs
well in complex environments, reducing navigation failures
by 52% and energy use by 12%. Congestion management,
addressed in three papers, focuses on traffic optimization.
Kobayashi et al. [11] propose a Q-learning-based Dynamic
Weight Coefficient method (DQDWA), achieving the shortest
completion times and lowest path deviation by adapting to
congestion. Li and Huang [24] enhance this by integrat-
ing congestion control with task allocation for system-wide
optimization. Multi-robot coordination, though less explored
in disruption management, shows promise. Low et al. [10]
offer a reinforcement learning-based path planning method
that improves collision avoidance and path efficiency in
high-density robot environments.

F. PERFORMANCE EVALUATION

Our literature review reveals diverse approaches to per-
formance measurement, reflecting the multifaceted nature
of intralogistic systems. Our analysis shows an evolution
from simple efficiency metrics toward more comprehensive
evaluation frameworks that consider multiple performance
dimensions.

1) EFFICIENCY METRICS

Operational efficiency metrics dominate evaluation methods
in literature, with strong emphasis on quantifiable indica-
tors (Gunasekaran et al., 2004; Kaplan & Norton, 1992;
Chopra & Meindl, 2016). Throughput is the most com-
mon metric, appearing in seven papers. Boysen et al. [4]
analyze throughput in robotized sorting systems, achiev-
ing near-optimal results comparable to systems with full
foresight. Zhu et al. [37] report processing rates of
about 110 tasks/hour in their RMFS implementation.
Kousi et al. [51] evaluate multiple indicators—machine
utilization, MAU utilization, and production volume—
achieving up to 89.17% operational machine utilization in an
automotive case. Response time is addressed in six papers,
reflecting interest in real-time performance. Maw et al. [23]
show 2-3.7x faster computation than existing methods in
dynamic settings, critical for fast adaptation. Graba et al. [22]
reduce execution time by 10% without compromising path
quality or safety. Energy efficiency, also covered in six

104375



IEEE Access

1. Olaizola-Arregui et al.: Proposal for Future Research Agenda on ADM in Intralogistic Systems

papers, highlights the push toward resource optimization.
Yang et al. [18] present a multi-objective evolutionary
algorithm that balances energy use and task allocation, reduc-
ing overall consumption while maintaining performance.
Zhang et al. [14] add battery management, improving energy
utilization without affecting throughput.

2) QUALITY AND ADAPTABILITY

Beyond traditional efficiency metrics, recent studies increas-
ingly consider system resilience and adaptability. System
stability is evaluated in two papers. Li et al. [16] offer
key insights with their Operation Twins framework, which
improves stability under uncertainty, particularly during
equipment failures and fluctuating conditions. Service level,
also addressed in two papers, focuses on customer satis-
faction and operational reliability. Cai et al. [13] propose a
framework that integrates customer satisfaction and system
performance, highlighting the need to balance objectives
under disruption. Lee et al. [50] contribute by assess-
ing system quality through conflict resolution metrics,
demonstrating effectiveness in handling stay-on, head-on,
and cross conflicts in Cyber-Physical Systems. Recovery
metrics appear in three papers, reflecting growing inter-
est in resilience and adaptation. Graba et al. [22] pro-
vide quantitative evaluation of recovery under disruptions,
showing notable improvements in recovery time and suc-
cess rates over traditional methods. Overall, the literature
shows a shift toward Al-driven disruption management,
though real-world validation and integrated solutions remain
limited.

G. IMPLEMENTATION ASPECTS

This section examines both the validation methods employed
and the specific industry applications addressed in the
literature.

1) VALIDATION METHODS

Simulation is the dominant validation method, used in 23 of
26 papers. Discrete-event simulation (DES) is the most
common, especially for testing performance and adapta-
tion strategies. This reliance reflects both the complexity of
intralogistic systems and the difficulty of real-world testing.
Zhang et al. [14], Li and Huang [24], and Cai et al. [13] use
DES via Tecnomatix to validate DRL scheduling, AGV man-
agement, and real-time scheduling, respectively. DES allows
researchers to model system interactions and assess control
strategies in controlled environments. Analytical validation
appears in one paper. Kumar et al. [5] use mathematical
models and proofs for their queuing-based parts-to-picker
system, showing the value of formal analysis. Real-world
testing, found in two papers, offers insights into implemen-
tation. Zhao et al. [21] report on deploying digital twins and
knowledge graphs in an industrial park. Graba et al. [22]
validate energy-efficient trajectory planning in real factory
settings.
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2) INDUSTRY APPLICATIONS

E-commerce applications appear in nine papers, reflecting
rising automation needs. Bolu and Korcak [20] propose an
adaptive task planning system for e-commerce fulfillment,
while Lamballais et al. [15] focus on resource reallocation
in robotic mobile fulfillment, addressing high-volume, vari-
able demand. Manufacturing is covered in seven papers,
emphasizing production-intralogistics synchronization and
material handling. De Ryck et al. [34] tackle AGV sys-
tems with resource constraints, and Zhang et al. [14] focus
on energy-efficient scheduling. Kousi et al. [51] present an
implementation in automotive assembly, optimizing material
supply for wheel and axle lines in a mixed-model setup.
General warehousing and logistics appear in ten papers,
showing the widest application range. Yang et al. [18] work
on intelligent warehouses, while Li and Huang [24] address
heterogeneous AGV management. These studies emphasize
flexibility and adaptability more than domain-specific ones.

3) IMPLEMENTATION TOOLS AND TECHNOLOGIES

The review highlights a broad range of tools and technologies
used to implement and validate new intralogistic systems.
In simulation, Tecnomatix Plant Simulation is prominent
for discrete-event modeling, as seen in Cai et al. [13] and
Zhang et al. [14]. ROS with Gazebo is common in robotics
studies, used by Kobayashi et al. [11] and Graba et al. [22]
for path planning. Development tools vary, with machine
learning frameworks gaining relevance. TensorFlow is widely
used in RL implementations [14], [36]. For optimization,
CPLEX and Python libraries are standard in studies on task
and resource allocation [4], Khoei et al. [57]). Validation uses
amix of custom and commercial tools. Performance monitor-
ing systems are key in real-world deployments, as shown by
Zhao et al. [21] and Graba et al. [22]. Python-based analytics
are common, while custom visualization platforms support
development and performance demonstration.

IV. RESEARCH GAPS AND FURTHER RESEARCH
RECOMMENDATIONS

Through our systematic review of ADM in the new intralogis-
tic systems paradigm, manifold significant research gaps and
opportunities for future research have been identified. Table 1
provides a comprehensive overview of these gaps along
with supporting evidence and suggested research directions.
Our analysis reveals both technological and methodological
limitations that need to be addressed to advance the field
further.

A fundamental gap emerges in the integration of physical
components and information systems within the new intral-
ogistic systems paradigm environments. While individual
components show considerable technological advancement,
their integration remains fragmented and often ad-hoc.
Digital twin technology, despite its potential for system
integration and optimization, has been explored in only
four papers [16], [20], [21], [24], with varying degrees of
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implementation depth. Furthermore, only Zhao et al. [21]
have investigated the potential of knowledge graphs for sys-
tem intelligence, indicating a possible unexplored opportu-
nity in advanced information integration approaches. Future
research could focus on developing comprehensive frame-
works that combine these technologies with real-time ana-
lytics capabilities. The management of heterogeneous robot
fleets presents another significant challenge. Current research
predominantly focuses on either AGVs or AMRs separately,
with limited exploration of hybrid environments. While some
studies, such as Li and Huang [24], have begun to address het-
erogeneous AGV management, comprehensive frameworks
for integrating different types of autonomous vehicles remain
scarce. This gap becomes particularly noticeable in the con-
text of charging infrastructure optimization, where only two
papers [14], [34] address the critical aspect of charging station
management in detail.

Future work should focus on developing standardized
architectures for managing mixed fleets with different capa-
bilities and requirements. A key limitation appears to exist
in the handling of multiple simultaneous disruptions. Our
analysis reveals that most studies (23 out of 26) focus on
addressing single disruption types in isolation, failing to cap-
ture the complexity of real-world scenarios where multiple
disruptions often occur concurrently. While some papers,
such as Li et al. [16] and Zhang et al. [14], acknowledge
the possibility of multiple disruptions, they typically handle
them sequentially rather than simultaneously. To address this,
future research should explore the development of integrated
control architectures that combine predictive analytics with
real-time adaptation. For example, hybrid frameworks that
fuse reinforcement learning with rule-based overrides could
enable systems to prioritize and resolve concurrent disrup-
tions more effectively. Additionally, simulation environments
should be extended to model multi-disruption scenarios,
enabling robust stress-testing of proposed solutions.

The integration of predictive capabilities with real-time
adaptation strategies represents another possible research
opportunity. Only three papers [13], [16], [24], address
equipment failures and maintenance considerations, and their
approaches primarily focus on reactive rather than predictive
strategies. The scarcity of integrated approaches that com-
bine predictive maintenance with dynamic task allocation and
resource management represents a noticeable limitation in
current research. Future studies could explore the develop-
ment of predictive frameworks that can anticipate potential
disruptions while maintaining system performance. In the
domain of decision-making methods, our analysis reveals
limited exploration of hybrid approaches combining multiple
methodologies. While RL has shown promise, appearing in
eight papers including significant works by Zhang et al. [14]
and Low et al. [10], there is insufficient integration with
other decision-making methods. Most papers focus on sin-
gle methodologies, missing opportunities for complementary
advantages. Furthermore, the scalability of current solu-
tions remains a concern, with most implementations tested
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only in limited scenarios. Future research should investigate
hybrid approaches that combine multiple decision-making
methods while ensuring scalability for large-scale appli-
cations. The evaluation of system performance represents
another area requiring significant attention. Current metrics
predominantly focus on efficiency measures, with limited
consideration of quality and adaptability aspects.

Only two papers address service level metrics, and just
three papers present recovery metrics [10], [11], [22].
The shortage of standardized metrics for evaluating system
resilience and adaptability represents a significant gap. Future
research could focus on developing comprehensive evalu-
ation frameworks that incorporate quality, reliability, and
long-term performance measures. A particularly interesting
gap exists in the validation and implementation of proposed
solutions. Our analysis reveals that 23 out of 26 papers
rely primarily on simulation-based validation, with only two
papers [21], [22] reporting real-world testing results. Future
research would be really benefited if it could be tested and
evaluated in real-world scenarios.

Future work should prioritize the development of compre-
hensive validation that combines simulation with real-world
testing, along with clear implementation guidelines for dif-
ferent industrial contexts. Human-system integration emerges
as another area requiring substantial research attention. While
papers such as Kumar et al. [5] and Tutam and De Koster [19]
address aspects of human-robot interaction, their focus
remains limited to specific operational scenarios. The insuffi-
ciency of comprehensive frameworks for managing dynamic
environments where both automated and manual operations
coexist, represents a possible research opportunity. Future
studies should focus on developing integrated approaches that
consider human factors, safety requirements, and effective
interfaces for human supervision and intervention.

Looking forward, a few key priorities emerge for advanc-
ing the field of ADM in the new intralogistic systems
paradigm. First, the development of integrated frameworks
that can handle multiple simultaneous disruptions while con-
sidering both predictive and reactive strategies. Second, the
creation of standardized architectures for managing heteroge-
neous robot fleets and their associated infrastructure. Third,
the advancement of hybrid decision-making approaches that
combine multiple methodologies while ensuring scalabil-
ity and real-time performance. Fourth, the establishment of
comprehensive validation frameworks that bridge the gap
between theoretical development and practical implementa-
tion. Finally, we emphasize the importance of addressing
these gaps through coordinated research efforts that com-
bine theoretical advancement with practical validation. The
future of the new intralogistic systems paradigm depends on
our ability to develop robust, adaptable, and implementable
solutions that can effectively manage the complex disruptions
characteristic of modern industrial environments. As shown
in Table 1, each identified gap presents specific opportunities
for meaningful contributions to the field, particularly in areas
where current research is limited or fragmented.
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TABLE 2. Comparative matrix of the reviewed papers.

Author(s) Year Dynamic Decision- Validation Key Contribution
Adaptation Making Type
Mechanisms Method
Huet al. 2020 Resource RL i Deep Learning for
Management AGV scheduling
Zhang et 2024 Path RL Simulation Multi-agent policy learning for AMRs
al. Planning
Bolu and 2021 Task Heuristics Simulation Adaptive task planning for multi-robot
Korcak Management systems
Zhao etal. 2022 Resource Optimization ~ Real-world  Digital twins and knowledge graphs
Management for resource allocation
Li and 2021 Task Opti i i Production-intral
Huang Management synchronization
Fernandes 2022 Path Heuristics Simulation Trajectory planning with particle
etal. Planning swarm optimization
De Ryck et 2021 Task Heuristics i tion-based imization for task
al. Management allocation and resource management.
Low etal. 2023 Path RL Simulation Q-learning for obstacle avoidance
Planning
Kobayashi 2023 Path RL Simulation ~ Dynamic window approach with Q-
etal. Planning learning for congestion management
Cai etal. 2022 Task Optimization Simulation Real-time scheduling in production-
Management logistics environments
Lamballais 2022 Resource RL Simulation Dynamic  policies for  resource
ctal. Management reallocation in RMFS.
Yang etal. 2021 Resource Heuristics Simulation Multi-objective evolutionary
Management algorithm for energy management
Graba etal. 2023 Path Optimization Real-world Energy-efficient trajectory planning
Planning
Maw et al. 2020 Path Heuristics Simulation Improved anytime path planning
Planning algorithm
Lietal 2023 Resource Optimization Simulation Operation twins for production-
Management intralogistics synchronization
Zhuetal. 2024 Task RL Simulation Handling large-scale orders in RMFS
Management while optimizing order allocation,
shelf selection, and robot scheduling
Khoeietal. 2023 Task Optimizati Energy mini in order picking
Management
Tutam and 2024 Task Optimization Simulation Multi-objective optimization model
De Koster Management considering economic (travel time)
and ergonomic (knee flexion) aspects
Kumar et 2023 Resource Optimization Analytical Planning and coordination in parts-to-
al. Management Modelling picker systems under perceived
workload
Kalkha et 2024 Resource Opti i S| i dds the Storage Location
al. Management Assignment Problem in e-commerce
warehouses under dynamic demand
Boysen et 2023 Task Opti tasks in robotized sorting
al. Management systems  with  limited  product
lookahead ~ and interdependent
decisions
Jiang and 2022 Task Heuristics Simulation  Mixed-integer models for robotic
Huang Management warehouse synchronization
Zhang et 2023 Resource RL Simulation Markov Decision Process for bi-
al. Management objective  optimization  (energy
consumption and tardiness)
Li and 2024 Task Heuristic Simulation A framework combining  cost
Huang Management computation and task assignment
algorithms for heterogeneous AGVs
(HATA)
Zhang et 2024 Task Optimization Simulation Fair and efficient order handling in
al. Management robotic warehouses with multiple
order classes
Maetal. 2025 Task Optimization Simulation Determining optimal picking and
Management robot-to-workstation assignment

strategies in  Robotic ~ Cellular

Warchousing Systems

V. CONCLUSION

This systematic review, summed up in Table 2, provides
a comprehensive analysis of ADM in the new intralogistic
systems paradigm, examining 26 papers published between
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2018 and 2024. While substantial research exists explor-
ing various aspects of this new intralogistic paradigm, also
defined by some authors as smart intralogistics [9], our
review shows that a comprehensive discussion addressing
ADM and real-time adaptation capabilities is still lacking.
The review reveals significant evolution in both technological
approaches and methodological frameworks, while also iden-
tifying critical gaps that require further research attention.
Our analysis demonstrates a perceptible trend towards more
sophisticated and integrated solutions, particularly evident in
the transition from traditional AGVs to more flexible AMR
systems. The growing adoption of artificial intelligence,
especially RL (7 papers), indicates increasing recognition
of the need for adaptive and intelligent solutions. However,
the predominance of simulation-based validation (24 papers)
over real-world implementation (2 papers) highlights a sig-
nificant gap between theoretical development and practical
application.

The systematic categorization of the literature through
our proposed taxonomy has revealed several key pat-
terns. First, while individual components and technologies
show considerable advancement, their integration remains
fragmented, particularly in handling multiple simultane-
ous disruptions. Second, despite the growing sophistication
of decision-making methods, there is limited exploration
of hybrid approaches that combine multiple methodolo-
gies. Third, while performance metrics predominantly focus
on efficiency, there is insufficient attention to quality and
adaptability measures.

Through this comprehensive analysis, many critical
research questions have emerged that need to be addressed
to advance the field:

1. How to automatically detect and handle multiple simul-
taneous disruptions in smart intralogistic environments?
This question arises from our finding that current
approaches often handle disruptions in isolation, lacking
integrated solutions for multiple concurrent disruptions.

2. How to dynamically reallocate tasks and resources when
disruptions occur? This emerges from our observation of
limited research in real-time adaptation strategies, partic-
ularly in complex operational scenarios.

3. How to implement predictive strategies to anticipate and
mitigate potential disruptions? This question reflects the
identified need for proactive approaches, moving beyond
reactive disruption management.

4. How to validate the developed frameworks in opera-
tional environments? This crucial question stems from
the significant gap between simulation-based studies and
real-world implementations identified in our review.

This review makes several important contributions to the
field. It provides a structured analysis of current approaches
to ADM, offering researchers and practitioners a com-
prehensive overview of the state of the art. It identifies
critical research gaps and provides specific recommenda-
tions for future research directions, as detailed in Table 1.
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It also highlights the need for more integrated approaches
that can handle the complexity of real-world disruptions
while maintaining system performance. For researchers, this
review offers a foundation for future studies by identifying
promising areas for investigation, particularly in develop-
ing integrated frameworks for handling multiple disruptions,
hybrid decision-making models, and standardized validation
methodologies. For practitioners, it offers insights into cur-
rent technological capabilities and limitations, helping inform
implementation decisions, investment strategies, and work-
force readiness planning. Moreover, the scarcity of empirical
studies conducted in real-world warehouse environments
represents a critical gap in literature. Unlike controlled sim-
ulations, real operational settings often involve complex
and overlapping disruptions, making them essential for val-
idating the robustness and adaptability of proposed ADM
frameworks under realistic conditions.

Looking forward, the field of ADM in smart intralogistic
systems presents numerous opportunities for meaningful con-
tribution. Future research should prioritize the development
of comprehensive frameworks that can handle multiple simul-
taneous disruptions, integrate predictive capabilities with
real-time adaptation, and bridge the gap between theoreti-
cal development and practical implementation. Additionally,
increased attention should be paid to human-system inte-
gration and the development of standardized performance
metrics that consider both efficiency and adaptability. Finally,
this review underscores the dynamic nature of the field and
the continuous need for research that addresses emerging
challenges. As smart intralogistic systems become increas-
ingly complex and integral to modern industry, the ability
to effectively manage disruptions while maintaining sys-
tem performance becomes ever more critical. The gaps and
opportunities identified in this review provide a roadmap
for advancing the field toward more robust, adaptable, and
practical solutions.
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