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A phase-informed AGV dispatching model for semiconductor back-end
assembly, in which material flows are harmonized across process phases
rather than optimizing moves individually.

Bucketing heuristics and a speeded-up insertion procedure for con-
structing effective AGV tours with low runtime, which facilitates large-
scale scenario testing.

A major simulation study with dozens of configurations and capacities
and multiple iterations, demonstrating steady improvement in through-
put, especially when the aisle configuration and AGV capacity are op-
timized.

A deployable-in-practice advice: when it is beneficial to bucket, when
it is not, and how to select rules based on phase bottlenecks and facet
attributes.

Decision support prototype (web/demo) along with clear parameteri-
zation to facilitate replication and portability to other discrete-parts
factories.
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Automated Guided Vehicles (AGVs) are integral to indoor logistics, espe-
cially in uncertain manufacturing settings, such as semiconductor fabrica-
tion and automated warehouses. Traditional AGV dispatching strategies aim
at transportation efficiency, but they overlook problem structure stemming
from production process characteristics. This paper introduces a new fam-
ily of logistical task scheduling algorithms that considers production phases.
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logistical tasks based on their association with a production phase and facil-
ity layout. Through detailed simulations, we demonstrate that phase-aware
scheduling significantly increases throughput, while no single strategy is ideal
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dictive models in fitting environments. Our findings present a comprehensive
scheduling framework for shopfloor logistics that captures real-time require-
ments of production and provides an optimization approach with reasonable
computational effort.
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1. Introduction

In the grand scheme of modern manufacturing and warehouse logistics,
Automated Guided Vehicles (AGVs) are the unseen actors — gliding through
corridors and hauling materials to perform the dance of just-in-time shopfloor
logistics. AGVs have evolved from unassuming containers for carrying prod-
ucts to important players within an smart manufacturing system. However,
as manufacturing velocity increases and choreography becomes more and
more sophisticated, a question arises: How can we define optimality when
directing AGVs, and also how can it be achieved?

This work rethinks AGV dispatching and scheduling as time-based or-
chestration, not just routing. By incorporating insight of production phases
into dispatching logic, a connection between the logic of production and in-
ternal logistics is established. Consequently, scheduling becomes a real-time,
dynamic negotiation between space, layout, time, demand, and capacities.
To that end, we introduce a family of phase-aware and grouping heuristics
and study their effect across a wide range of manufacturing scenarios, fo-
cusing on simple dispatching rules, with the main contribution lying in the
resulting conceptual and computational simplicity. Our experiments reveal
that the interaction between transport structure and production timing is
fundamental, not peripheral. We demonstrate that optimality originates in
strategies that adjust to spatial layout and the intangible cadence of produc-
tion demand. Above all, though, this work provides more than algorithmic
breakthroughs; it provides a new approach to indoor logistics. In this ap-
proach, intelligence is not measured by complexity, but by a system’s ability
to pay attention to timing, context, and the soft pulse of the factory floor.

1.1. Main findings

This study examines several aspects of AGV dispatching and task schedul-
ing within indoor logistics, specifically in cases where transportation must be
coordinated with multi-stage manufacturing phases. The main findings at
the end of this research are the followings:

o Production-phase awareness supports dispatching.
Dispatching strategies that consider both where materials are needed
and when they are needed lead to better coordination and higher sys-
tem throughput. Also, combined strategies outperform solely distance-
based ones in environments with oversubscribed resource levels, or un-
even or changing demand.



o Context matters — strategy performance depends on system character-
1stics.
Universally optimal dispatching policy is not found yet. The optimality
of a policy depends on the structural characteristics of the production
system.

o Simple grouping heuristics can improve performance.
Pre-grouping logistical tasks based on machine types or production
phases improves decision-making efficiency, reduces computational over-
head, and expands the horizon of task scheduler without requiring pre-
cise prediction of future demand.

o Matching AGV capacity with facility layout improves overall facility
productivity.
When AGV capacity matches system layout, specific strategies can
perform much better, highlighting the value of "hardware-software”
coordination.

1.2. Paper structure

The remainder of the paper is organized as follows: after the literature re-
view (Section , Section |3| introduces the manufacturing setup and outlines
the key assumptions that define the logistics system under investigation. Sec-
tion 4| describes the proposed dispatching strategies, including phase-aware
and load-based heuristics and the mechanism of logistical task grouping. Sec-
tion [5| explains the simulation framework used for performance evaluation.
Then, it presents and analyzes the experimental results, focusing on how
each strategy performs under different system scenarios. Section [6] addresses
practical implementation considerations offering the prototype of a decision
support tool. Finally, Section [7|concludes the paper by reflecting on the main
findings in relation to the initial hypotheses and suggesting ways for future
research.

2. Literature review

The appropriate scheduling and dispatching of AGVs plays a critical role
in the operational efficiency in semiconductor manufacturing and warehouse
logistics. Effective AGV management can dramatically reduce costs, shorten
cycle times, and boost productivity [T}, 2, B]. Another review, [4] highlights
that scheduling in semiconductor manufacturing remains computationally



challenging due to reentrant flows, batch processing, and complex resource
constraints, with surveys systematically reviewing rule-based and advanced
optimization methods across single-machine to job-shop settings.

AGYV scheduling optimization is closely related to classical combinatorial
problems, particularly the Traveling Salesman Problem (TSP) and the Vehi-
cle Routing Problem (VRP). These problems are used as mathematical tools
to model task scheduling.In the case of a single vehicle, AGV scheduling can
be modeled as a variant of the TSP, where the delivery and pick up points
are visited in an optimal sequence. For example, substitute delivery and
pick up node formulations have helped AGV task allocation using mixed-
integer programming approaches [5]. VRP models generalize these concepts
for multi-AGYV systems by considering task allocation among several vehicles,
capacity, and service precedence. Recently, there has been an increase in sur-
vey articles demonstrating how VRP variants have been applied to industrial
use cases, including AGV fleets, using constraint-based and multi-agent op-
timization approaches [6]. Additionally, hybrid methods combining dynamic
programming and learning-based heuristics have been shown to effectively
solve large TSP and VRP instances and yield scalable, real-time AGV con-
trol strategies [7]. Subsequent research aimed to enhance the control and
schedulability of AGVs in dynamic production and logistics environments.
[8] introduced a centralized, conflict-free control approach for AGV fleets
servicing online transportation requests. This approach ensures verifiable
deadlock- and livelock-freedom while minimizing request tardiness to a neg-
ligible level, and balances global optimality and computational efficiency,
improving upon existing centralized schemes in difficult layout scenarios. In
a more recent research, a common modeling and simulation methodology for
dynamic vehicle routing problems (DVRPs) was developed on a large scale
to provide a flexible medium to evaluate and compare routing policies in an
uncertain environment [9]. This methodology can accommodate a wide range
of problem features, such as stochastic travel times, service time windows,
and decision deferral, and it serves as open-source software that can analyze
decision-making in real time. Other recent work highlights that discrepancies
between digital twin models and real systems can significantly impact deci-
sion quality, making calibration essential for reliable deployment in AMHS
environments [10].

Basic dispatching rules for the wafer fab of semiconductor manufacturing
are introduced in [I1], and the paper emphasizes the necessity of adaptive
dispatching in the face of complex, dynamic production demands. [12] stud-
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ied AGV performance and attributes specifically in the semiconductor fab
setting, identifying accurate operational profiling as a critical requirement
for effective dispatching. Building on these findings, [13] developed dynamic
control strategies for multimodal AGVs, addressing the integration of various
transportation modes and the advantages of adaptive, multimodal dispatch
strategies. Such multimodal integration enables more robust and flexible
operations. Furthermore, [I4] made a step further by describing look-ahead
dispatching algorithms for overhead hoist transportation systems and demon-
strating the potential of predictive dispatching to optimize semiconductor fab
efficiency. Recent studies also explore reinforcement learning—based schedul-
ing methods that leverage historical operational data to improve adaptability
in highly dynamic semiconductor production environments [15].

In the field of warehouse logistics, [16] conducted an in-depth survey
of AGV control strategies, emphasizing the importance of effective routing
and dispatching in warehouse operations. [I7] proposed an approach that
integrates task assignment and path planning for multi-type AGVs, greatly
improving efficiency in complex, multi-vehicle interactions. In a dynamic
environment, [I8] proposed an adaptive large neighborhood search combined
with the Kuhn—-Munkres algorithm to address dynamic and non-uniform task
assignments. This approach ensures timely responses to unexpected events,
significantly enhancing real-time operational performance. Additionally, [19]
developed a model to predict scheduling for various tasks, making dynamic
warehouse task management a crucial feature. Predictive scheduling may
enable warehouses to respond flexibly to evolving demands while maintaining
high productivity levels.

Recent algorithmic advancements have increased the efficiency of AGV
dispatching. [20] used reinforcement learning-based hyper-heuristics to op-
timize real-time task allocation, improving adaptability and robustness in
dynamic warehouse environments. Reinforcement learning facilitates contin-
uous improvement through experience-based adjustments. [21] examined de-
centralized task allocation, demonstrating its potential to reduce congestion
and increase AGV responsiveness through decentralized dispatch strategies.
Decentralized dispatching promotes scalability and reduces dependency on
central control, thereby enhancing the resilience of logistics systems.

Summing up, recent research has emphasized the importance of predictive
dispatching, decentralized scheduling, and advanced optimization techniques
to improve the productivity of AGVs in semiconductor material flow and
warehousing. However, there is a gap in the literature regarding the con-



nection between transportation logistics and production-phase timing, par-
ticularly in situations where task urgency changes in real time. This paper
bridges that gap by offering logistical task scheduling strategies that consider
both the location of the materials and the time by which they are needed by
the production system. The solution optimizes end-to-end flow coordination
and looks beyond upcoming bottlenecks when connecting transport decisions
to production-phase timing. Scalable heuristics are also used, including so-
called bucketing, to enable low-latency, responsive scheduling without rely-
ing on computationally heavy predictive models or detailed system forecasts.
Previous research works ([22, 23]) not only motivated the current paper,
but also established a solid background knowledge on the semiconductor use
case.

3. Problem statement

This section outlines the problem of scheduling AGV-based indoor logis-
tics in a semiconductor back-end manufacturing environment. The produc-
tion context, system assumptions, and operational constraints are described
that influence real-time logistical decisions. Together, these elements define
the optimization problem addressed in the rest of the paper.

3.1. Semiconductor wafer fabrication

The context of the work reported here is defined by semiconductor manu-
facturing which is a complex, multi-stage process. The flowchart in Figure
shows the two stages of semiconductor wafer manufacturing process, from a
bare wafer to a finished, tested, and packaged chip. For the detailed phases
of front-end stage refer to [24].

Manufacturing stage produces the processed wafer out of the bare silicon
wafer via many phases repeated until the required quality is achieved. The
phases of this stage are carried out in clean rooms where the internal logis-
tics is supported by an overhead hoist transport (OHT) [25]. A survey of
dispatching rules for operational control in this stage of wafer fabrication is
presented in [I1], and a rigorous digital twin calibration approach for such
automated material handling system is proposed in [I0]. Long rest periods
are required between the phases, often extending the whole process to over
100 days, making the transport time negligible compared to the total lead
time. Therefore, the focus of this study is on the subsequent assembly and
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Figure 1: Semiconductor wafer production phases

test stage of the wafer manufacturing phases, where the optimization of in-
ternal logistical jobs plays a critical role in achieving efficient throughput
levels.

In the assembly and testing stage, the fully processed wafer is first pre-
cisely cut into individual dies, or semiconductor chips. All dies are accurately
attached to a substrate or packaging material in the die attach operation.
Next, the die’s electrical contacts are made by wire bonding, which involves
attaching fine wires between the die contact and the package. Next, encap-
sulation encloses the chips in protective packages to ensure reliability and
protect them from environmental conditions. Finally, the packaged chips
undergo rigorous testing to confirm functionality, performance, and quality
standards to ensure that fully functional components reach customers.

Efficient scheduling during assembly and testing is essential to maximize
equipment utilization and reduce lead times. In these areas, processing and
transportation times are comparable, so machine utilization depends heavily
on the efficiency of indoor logistics. In this environment, AGVs are a key com-
ponent in moving materials from origins to destinations. Without efficient



scheduling of material handling, transport delays can undermine the opti-
mized flow, resulting in equipment idle time, lost throughput, and scrap rate.
These significant differences between OHT- and AGV-served transportation
systems and the lack of literature about back-end stage transportation mo-
tivate the current research, and the following sections all aim to describe
the behavior of such systems and propose novel methods for logistical task
scheduling.

3.2. Relentless production

The fabrication and test phases outlined above require a constant flow
of material to maintain maximum throughput, in contrast to the compara-
tively fixed nature of wafer fabrication. Back-end operations require high-
frequency, dynamic internal logistical decisions. This transition requires an
adaptive logistics system that fits to unforeseen events on an event-by-event
basis, as outlined in the following relentless production paradigm.

The relentless production system is a stochastic production system, where
operation is based on two main assumptions: (i) machines are almost always
able to function, and (ii) raw parts are always available to be distributed to
the machines. The stochastic property comes from real-world imperfections
such as sudden machine breakdowns, varying loading and unloading times,
or unexpected traffic jams. There is no fixed production schedule in this
system, but the machines are constantly generating new logistical jobs. When
a machine finishes a process, it immediately sends a request to the logistics
center to remove the finished part. Similarly, when a machine is ready to
start a new process (which is possible if a raw part is already at the machine’s
loading area), it immediately sends a job request to bring the next raw part to
the station. In this way, the list of open logistical jobs is constantly updated
by the events of the machines, and the scheduler’s duty is to make the most
effective assignment between these jobs and the AGVs.

A relentless production system is a stochastic, event-driven manufactur-
ing system with the following characteristics:

1. Although there might exist different product types in the system, their
process plans are identical. The difference between product types comes
from the variety of raw parts.

2. There is no predefined job schedule, time-indexed production plan, or
strict deadlines. Instead, jobs are generated dynamically in an event-
driven way.



3. The main objective of the entire system (including machines and inter-
nal logistics) is to maximize throughput.

4. Resource availability is almost continuous and only occasionally inter-
rupted by stochastic failure events.

5. Logistical jobs are generated exclusively by machine state-change events.

In summary, relentless production is a stochastic, event-driven manu-
facturing paradigm in which machines operate continuously without a fixed
schedule, constantly generating transport requests as soon as they become
ready, thereby requiring real-time, reactive logistics coordination to sustain
throughput. Based on recent literature, the back-end stage (assembly and
testing) of semiconductor manufacturing fits to the above list of criteria and
the definition of relentless production [26].

3.3. Assumptions of production system

The layout is assumed to be given, i.e., the number of machines is fixed,
along with information about station locations, processing times, process
phases (e.g. dice, die attach, etc.), path locations, and their directions (one-
way or two-way). The stations are distinguished by their function into three
main modes: sources, drains and machines. All stations are equipped with
two connection areas: input port (IP) at the entrance, and output port (OP)
at the exit. The port capacity is equal to the number of parts the machine
needs to start its process; in the current case it is 1. Any machine can start
the process if and only IP is full and the machine is empty, and can fin-
ish and complete its process if and only if OP is empty. AGVs place parts
on IP (loading) and pick up parts from OP (unloading). Both loading and
unloading times are stochastic values due to the imprecision of the AGV’s
placement process. Sources and drains act as the entrance to the warehouse,
raw parts come from and go to these stations, and together they are called
IO (in-and-out) stations. All sources are assumed to have infinite capacity,
i.e., raw parts are always available; they act as buffers of unlimited capacity
between wafer processing and the assembly area of semiconductor manufac-
turing. All drains are also assumed to have infinite capacity, representing
the input of a warehouse. Machine stations have one processing unit, and
the type of machine is determined by the process phase it performs. The
one-machine-one-phase rule applies, i.e., a machine cannot switch between
process phases over time, its type remains unchanged. Machine availability
is assumed to be represented by the percentage of working time compared
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to the total time. Machine failures occur stochastically, the repair time de-
pends on the given MTTR (Mean Time To Repair) value. As usual, MTBF
(Mean Time Between Failures) follows negative exponential distribution, and
MTTR follows Erlang distribution [27].

In the back-end stage of semiconductor manufacturing, factories are pri-
marily organized around a series of dedicated, single-function process steps,
such as die attach, bonding, molding, and testing. Academic and industrial
models typically reflect this setup, focusing on linear assembly lines rather
than highly flexible, multifunctional stations. While some multifunctional
integration exists, it is usually limited and tailored to specific processes. A
prominent example is test handlers, which integrate device handling, tem-
perature control, sorting, and electrical testing but do not switch between
fundamentally different types of assembly tasks. Even when assembly and
testing are integrated for certain package types, these are rare exceptions.
Overall, modular specialization remains the most dominant and practical
approach for modeling back-end manufacturing logistics.[28], 29, [30])

Although the assumption of the sources’ infinite capacity may seem too
idealistic, in this scenario, it reflects the functional scope of the manufactur-
ing (front-end) stage being modeled rather than suggesting that the entire
factory operates without limits. The assembly and testing (back-end) stage
in question runs continuously and is not driven by individual orders. There-
fore, it relies on a steady supply of raw parts from upstream processes. If
those materials are not available, then the prior stage stops operating. This is
beyond the scope and control of the system being analyzed. Similarly, drains
refer to the transfer of materials to a downstream warehouse or logistics
system whose capacity constraints are not examined in this study. From a
control standpoint, periods when input material is missing can be managed
with IO-machine jobs that remain open but inactive. These jobs are sus-
pended until materials arrive, at which point AGVs can resume transporting
them. Thus, assuming infinite capacity does not ignore material availability;
it merely shifts the concern to the edges of the system. This allows the focus
to remain on internal flows, machine usage, and AGV dispatching without
distractions from upstream or downstream planning complexities.

The size of the AGV fleet and the speed of the AGVs are also fixed for
a scenario. AGVs can transport more than one part at a time, up to their
capacity. AGVs follow the collect-all-distribute-all rule: after the assignment,
the AGV completes all the pick up tasks, and starts the delivery tasks after
all of the previous ones have been accomplished. A general assumption is
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that all AGVs try to carry out as many logistical jobs as possible, meaning
that if there are enough open jobs then they are assigned to an AGV up to
its capacity.

The shopfloor layout consists of straight track segments arranged in a
grid-like pattern with crossings and aisles. Parallel or diagonal aisle orienta-
tion is assumed, and each aisle has sufficient room for two parallel tracks to
enable bidirectional AGV traffic. AGVs travel along discrete track segments,
and overtaking is not possible. When an AGV stops to load or unload at a
station on the side of an aisle, it occupies the corresponding track segment,
which stops all following AGVs traveling in the same direction until the op-
eration is finished. Stations can be placed on one or both sides of an aisle.
Crossings are locations where AGVs can turn and perform U-turns. Cross-
ings are considered exclusive-access areas: when an AGV enters a crossing,
it occupies the intersection until it leaves, having completed transit. AGVs
arriving while a crossing is occupied must queue in first-in, first-out order.
AGVs queue along the track when obstructed by another vehicle or a con-
gested crossing. A minimum safety distance exists between AGVs, and col-
lision avoidance can be enforced using external control systems or onboard
Sensors.

A snapshot of the five-phased layout used in the simulation model as a
use-case is presented in Figure [2l The ”"S”- and "D”-labeled stations at the
top and bottom rows are the IO stations, the middle ones are the machines
colored by their production phase.

3.4. Model of indoor logistics

In a relentless production system, where the layout is more complex than
usual and the logistical tasks are continuously generated, AGVs can be the
best servers to carry out the jobs. Each job consists of a sequence of two
tasks: the first is to pick up a part from the origin station, and the second is
to place it at the destination station. Naturally, jobs can be separated based
on the type of their origin and destination. A job is called an I0-Machine or
a bringing job, if its origin is an IO station, and its destination is a machine
station. Machine-10 or taking jobs are defined exactly the other way around:
their origin is a machine, and their destination is an 10. Machine-Machine
logistical jobs are not included in this work due to the characteristics of
the use-case which is the assembly and testing phase of semiconductor wafer
manufacturing where in-between-phase storage locations are commonly used.
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Figure 2: Layout snapshot of the simulation model of the use-case. The track width is 1.5

m and the total width of the aisles is 3 m. The machines and IO stations have uniform
dimensions: 2.5 m x 5 m. The entire shop floor is rectangular with an area of over 6,000
m? (85.5 m x 78 m). IO stations are located in the top and bottom rows. There is an AGV
area in the bottom right corner that can be used as a parking and/or charging station for

the fleet.
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As stated earlier, the logistical jobs are generated by the machines. Ma-
chines have four states: (1) processing when the machine actively works on
a part, (2) waiting when IP is empty and the machine waits for a new raw
part, (3) blocked when OP is full and the machine cannot place its finished
part onto OP, and (4) failed when some unexpected failure event has stopped
its process. Jobs are generated during certain state-change events. Figure
summarizes all feasible transitions from one machine state to another. Each
change event is characterized by three properties: the trigger, the condition,
and the generated job type.

trigger Pick-up

condition |P empty

/ Waiting «— — Blocked
job Take 4\

5 . 5 Process 5 Process 5 Process 9 "
trigger Delivery trigger & ished trigger £ ished trigger £iched trigger Pick-up
- .. IP empty .. IPfull - -
condition - condition OP empty condition OP empty condition OP full condition 1P full
5 . " . Take s . Take
job Bring job Take job Bring job - job Bring

Processing

T

trigger Failure event trigger Maintenance
condition - condition -
job - job -

Figure 3: Machine state-change events. Each feasible change is described by its trigger,
the environmental conditions, and the generated job’s type.

Although this framework describes single-part logistical jobs, in real life,
machines may require multiple parts. Fortunately, the definition can be ex-
tended easily: if n parts are required by a single machine then n different lo-
gistical jobs are generated and assigned. In this case, machines that already
access some delivered parts should have priority. However, if the required
multiple parts can be transported in sets, then the presented methodology is
applicable as it is. There is a natural upper limit for the number of the open
jobs at a time, which is twice the sum of required parts of all machines. It is
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reached only if all AGVs stop working, and all the machines have requested
both bringing and taking jobs. Of course, this extreme and undesired event is
not realistic to happen in a well-balanced production environment. The def-
initions above entail that there is an injection (many-to-one correspondence)
between jobs and machines, which property is used later for job grouping

(Section 4.6]).

Process called by job
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Figure 4: Model of internal logistics flow
The internal logistics flow shown in Figure [4] presents real-time logistical

job scheduling in a closed-loop material handling system. The flow presents
the scheduling process as a whole consisting of two separate process loops.
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The first loop is activated by logistical jobs, which are continuously gener-
ated and trigger the central scheduler, who evaluates order factors such as
origin and destination stations. After each and every job generation (when
a machine requires a new part or need finished part to be taken away), the
scheduler tries to find the AVG that is available (has free capacity and enti-
tled to perform the job) and minimizes the cost of assignment. If there are no
available AGVs in system, then the job is put in the list of open jobs and the
system waits for the next trigger event. In parallel, the scheduler observes
all AGV statuses, such as location, availability, load, and activity. The sec-
ond process is activated by the AGVs. When any AGV becomes available
(meaning that it has just executed all previously assigned jobs), the scheduler
browses among the open jobs and selects the set that minimizes the assign-
ment cost. The aim is to fully load the AGV and when it happens, the AGV
becomes unavailable. However, if there are less open jobs than the capacity,
the AGV starts to execute them while staying available until it reaches its
full capacity. When the AGV has finished the last assigned pick up task it
becomes unavailable (regardless of whether it reached its full capacity), and
immediately starts to execute its delivery tasks. If there are no open jobs in
the system at all, then the AGV remains available without any task to do.
In such cases it can either wander around the shopfloor randomly, or go to a
charging station. As assignments are issued, AGVs start moving the materi-
als and live operational data is fed back to the scheduler. The two essential
algorithms of the flow, AGV-to-JOB and JOB-to-AGV, are formulated and
detailed in the next section.

Technically, this flow represents an already running system, but the ab-
solute start can also be interpreted. At the very beginning, it is assumed
that all AGVs are available, and when the factory starts operating, the ma-
chines immediately start generating bring-type jobs, then AGVs are assigned
to them.

In such a system setup, where the serving AGVs have the capacity to
transport more than one part at a time, the dispatcher’s rule is not only to
find feasible AGV-job pairs, but also to determine the order of task com-
pletion. In other words, the scheduler solves the scheduling problem: the
allocation between AGVs and logistical jobs, and the sequencing of the tasks
of the jobs to be executed. Traditional scheduling strategies include the
well-known first-in-first-out, shortest or longest processing time, and earliest
due date prioritization rules. Planning is not reasonable due to the system’s
continuous, event-driven job generation and the lack of a fixed production
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schedule. This requires real-time responsiveness: reactive dispatching re-
places static planning, as the latter would quickly become obsolete because
of equipment failures or transport delays. Look-ahead is not used because
future jobs in this stochastic, event-driven environment are unpredictable,
where stochasticity is caused by machine breakdowns, varying placement
times, and traffic situations. This leaves only current state data as the basis
of decision-making. Prioritizing real-time dispatching prevents the unneces-
sary computational cost of ineffective anticipatory planning.

3.5. Key performance indicators

The key performance indicator (KPI) used throughout this work is throughput,
defined as the minimum amount of finished goods produced per produc-
tion phase in a given time interval. This criteria maximizes the number of
completed products in a given time period. This measure defines the crit-
ical throughput bottleneck of a system and quantitatively reflects the rate-
limiting phase of the overall production flow. By maximizing the throughput,
the scheduling strategy prevents the slowest phase from affecting the perfor-
mance of the entire system, thereby increasing overall production efficiency.

Secondary metrics are always useful in such investigations to support and
test the found outcomes. After analyzing the main KPI, two other point of
views are considered: the total traveled distance by AGVs, and the non-value-
added-time (NVAT) of the machines. The fist one is measured in meters and
proportional to the energy consumed by the AGVs. NVAT of a machine
is defined as the portion of time when the machine is either waiting for a
new part to arrive or blocked by a finished part because the previous has
not been taken yet. In such cases, the machine could theoretically work, but
stops due to the deficiency of the transportation system. Machine failures are
not included in the NVAT value. These metrics supplement the examination
in order to reach better understanding of the system’s behavior.

4. Methodology

In this section, a general scheduling framework is proposed, which can
be applied with any kind of job prioritization rule, and applies the flow
model in Figure [d Later, dedicated dispatching strategies, such as distance
minimization and balancing of machine utilization and production phases,
are proposed and described. An acceleration technique is also presented to
tackle the increasing computational complexity of logistical task sequencing.

16



Then, the combination of such strategies is defined with a discussion on the
weights of their combination. Lastly, the concept of bucketing is introduced,
which is a type of disjoint grouping of logistical jobs. Table [1| presents all
notations used in this section.

Symbol ‘ Type ‘ Meaning
S set set of stations
5 object single station
ds, s, | matrix distance between stations

) float mean distance between machines and 10 stations
M set set of machines

m object single machine

P set set of process phases

D object single phase
DPm string process phase of machine (A, ..., E)

tp time cycle time of process phase p

k, integer count of machines serving process phase p
K, integer count of finished parts from process phase p
A set set of AGVs

a object single AGV

C integer | AGV capacity (uniform)

v float AGV speed (uniform)

L, integer | current load of an AGV (always < ()

01 list order of picking up assigned jobs

ol list order of delivering assigned jobs

P (n) | group the set of all permutations of {1,2,...,n}

J set set of jobs

J object single job (includes pick up and delivery tasks)
m; object machine of job

T; datetime | deadline of job

b, string state of job (new, ongoing, or done)

f function | cost of assignment

Table 1: Table of notations
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4.1. General dispatching framework

The overall model of scheduling mechanism consists of two main algo-
rithms: the job selection is called JOB-to-AGV in Algorithm [I} and the
AGYV selection is called AGV-to-JOB in Algorithm [2] The objective of these
algorithms is to optimally allocate logistical jobs to available AGVs in order
to achieve maximum efficiency while minimizing transport costs. Both of
them return not only the optimal assignment but also the best sequencing of
the tasks of jobs that belong to a specific AGV.

Algorithm 1 JOB-to-AGV
input a AGV
output J7 list of assigned jobs
output of pick up order
output o] delivery order

JE=0)

while L, < C (a has free capacity) do
Jo = {j € J|é; = "new”
if |J,| > 0 then

n=|J+1
j*7 0?7 Oi = argmin f(CL, ‘]; U {j}v 01, Ol,)
j€Ja
0+ €P(n)
0, €P(n)

Jo =JsU{i"}
¢; = "ongoing”
else
if |J¥| > 0 then
a executes already assigned jobs
else
a becomes idle and available
end if
end if
end while
return J;, o}, 0]

Algorithm [I] assigns jobs to an individual AGV by sequentially selecting
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and ordering jobs based on the AGV’s available capacity and current opera-
tional constraints. The algorithm iteratively selects jobs from the list of new
jobs (J,) and assigns them according to an associated cost function f that
weights possible task sequences based on logistical efficiency. Whenever the
job j* that minimizes f is found, it is added to the optimal set J* which is
the return value of the algorithm along with the optimal pick up and delivery
orders.

Algorithm 2 AGV-to-JOB
input j job
output a* assigned AGV
output of pick up order
output o] delivery order

A; ={a € A|L, < C (a has free capacity)}
if |A;| > 0 then
J, = {j € J|j is already assigned to a}
Na = |Ja| + 1
get AGV with minimal f cost:

a*,o0%,0] = argmin f(a, J, U{j},or,0))

acAj
04 E€P(na)
a¢€7>(na)
» : 9
¢; = "ongoing
else
¢j i 7’neW7’
end if

return a*, o}, 0]

Algorithm 2] complements the first one by assigning a specific job to the
most suitable AGV among the eligible candidates. It compares the available
AGVs (A4;), calculates the costs associated with assigning the job to each
AGV in A;, and selects the AGV with the minimum operating cost, thus
optimizing the use of resources.

Note that due to task sequencing, the computational demand of both
algorithms may be too high for AGVs with higher capacities, so an accelerated
version is presented later.

19



4.2. Dispatching strategies

Dispatching strategies are described by logistical job prioritization rules,
which effect not only the assignment between jobs and AGVs but also the
sequencing of individual job tasks. Different strategies have been developed,
each with a unique objective, to be optimized according to an appropriate
cost function. In the followings, after the description of the baseline dis-
patching strategy come the novel strategies. Their main advantage comes
from the recognition of not only the traveling distance but also the time and
phase component that is constantly changing during operation. They bring a
clean and smart solution on how to prioritize jobs that may have large trans-
portation cost but are important and urgent from the production system’s
point of view.

The cost function of the baseline Distance Minimization (DM) approach,
fou, as given by Equation , represents the total travel distance of an
AGV a assigned to a given subset of logistic jobs J,. The function considers
both pick up and delivery tasks of the assignment, where o4 and o, are
permutations of tasks in their respective execution sequences. The domain
of this function covers the AGV a, the set J" of jobs, where n = L, is the
load of a, and all permutations of pick up and delivery sequences, expressed
by the power set P(n). The cost is defined as the sum of the travel distances
from one task to the next consecutive task during pick up, from the last
pick up station to the first delivery station, and from consecutive delivery
stations to the next one. The objective function captures the total route cost
of completing a multi-job order and serves as the sequencing optimization
objective within the model for the dispatcher’s decision making.

fDMi
Ax J"xP(n)xPn)—

(CL Ja?OT7O‘L HZ < OT i— 1)}%],1[%( )]>+

+dJa[

(1)

or(m)]—Ja[o, ()] T

+Z< Ja[oy(i-1) —>Ja[0l(z)]>

The cost function of the Equalize Phase (EPh) approach fgpp, as intro-
duced in Equation , measures the imbalance in throughput across phases

20



of a given AGV assignment. The function acts on an AGV a, a subset of
jobs assigned to that AGV, i.e., set of jobs J,, along with their pick up oy
and delivery oy sequences. Each job j has a manufacturing phase p,,,. For
each phase p € P, K, refers to the number of parts completed in that phase.
The formula calculates the variance across all phases, i.e., across all p € P,
in the estimated total finished parts by phase, i.e., in K, + 3 jes, 1. This
Pm; =P
variance captures how a given current assignment would affect "the phase-
level throughput balance if it were implemented. The expression is scaled
by a factor 0, where ¢ refers specifically to the mean machine-to-IO station
distance, effectively anchoring load balancing optimization to the physical
organization of the system. The inclusion of § is a technicality for later com-
bined models. This cost function is useful for solving production equity by
evenly distributing completed tasks across production phases. This approach
reduces the variance between phases and distributes the production workload
evenly.

fEpn
Ax J"x P(n) x P(n) =R

(a, Jq,01,0)) 08 - Var,ep | K, + Z 1
Jj€Ja
Pm; =P
Although Equation is invariant to pick up and delivery orders (oy and
0}), the formulation is recommended due to its general form in Algorithms
[ and 21
The cost function of Equalize Machine (EM) approach, fgy, given by
Equation , estimates the time-based execution cost of an AGV a perform-
ing a set of logistic jobs J,. It takes as input the AGV, the subset of jobs of
size n, and ordered pick up and delivery sequences oy and o). It estimates
the cumulative job execution time by aggregating time slices T} — Tf across
jobs j € J,, where T} refers to each individual job’s deadline and T refers
to a reference start time (e.g., the time of the decision or the start of pro-
duction). The deadline of a job is set by its machine’s cycle time at the time
when the job is generated. The whole expression is scaled by AGV speed
v, This is again a technical convenience, just as the inclusion of § in fgpy.
It accounts for the latency or delay penalty of performing multiple jobs at
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once and proves useful in applications where job lead time minimization is
important. In multi-objective optimization contexts, fgj; serves as a com-
plement to distance-based cost functions (e.g., fpy) by focusing exclusively
on temporal efficiency over spatial aspects, and is also an indirect way of
balancing machine utilization in the factory.

fenm
Ax J"xP(n) xP(n)—R (3)
(a’ JavOTvo\U = Z (TJ - TO)

j€Ja

Equation is, similarly to EPh cost function, invariant of pick up and
delivery orders (o and ol).

4.8. Acceleration of DM sequencing

As discussed in Section [3.4] every logistical job contains one pick up and
one delivery task, and the complete operating cycle of the AGV consists of
two distinct phases: first, it performs all pick up tasks, then, all delivery
tasks.

Algorithms JOB-to-AGV and AGV-to-JOB plan a complete operating
cycle iteratively, inserting the two tasks of a new job into the earlier planned
route at a time, while keeping the task sequence for the earlier jobs un-
changed. During this, the DM cost function determines the optimal locations
for insertion and calculates the cost of the extended route.

However, explicit enumeration is computationally prohibitive at this case
of practical relevance with several hundreds of machines. The naive im-
plementation of DM considers every possible combination of the pick up
insertion position and the delivery insertion position, corresponding to n?
candidate sequences when inserting the nth task into the earlier route of
length (n — 1).

An accelerated implementation stems from the observation that the two
optimal insertion positions are independent of each other, unless the new
pick up task is inserted last or the new delivery task is inserted first into the
route. Hence, it is sufficient to consider the following candidate routes:

e The (n — 1) candidate not-last-pick up and (n — 1) candidate not-first-
delivery sequences can be built independently, and the two optimal
sub-sequences can be merged;
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o All the n candidate pick up sequences can be coupled with a delivery
sequence starting with the new delivery task;

o Finally, all the n candidate delivery sequences can be coupled with a
pick up sequence ending with the new pick up task.

Since the cost of a new sequence after insertion can be calculated in constant
time, the above method leads to an O(n) implementation of the DM function
instead of the naive O(n?) implementation.

4.4. Combined cost function

To achieve multiple strategic objectives, combined cost functions are for-
mulated that merge distance minimization with equity-based approaches.
EPh* (Equation 4] integrates distance minimization with equalized phase
servicing, attempting to find an optimum between efficient AGV movements
and stabilized production. The value of parameter w controls the trade-off
between these conflicting objectives. EM* (Equation [5)) balances minimizing
AGYV travel distances with evenly distributed machine load.

JEPn
Ax J"xP(n) x P(n) =R
(a, Ju, 01, 0)) —w - fpa(a, Jo, 01, 0))+
+ (1 —w) - fepn(a, Jo,0r,0y)

JEM-
Ax J"xP(n)xPn)—R
(a, Ju, 01,0)) —w - fpa(a, Jo, 08, 0))+
+ (1 —w)- fem(a, Jo, 01,0))

(5)

The choice and adjustment of the parameter w is discussed in more detail
in the following experimental analysis.

4.5. Best weights of combined cost functions

In Equations and , the weight of the DM component w is assumed
to be a given parameter, but it should be refined for each fab scenario. The
return value of both cost functions is highly dependent on this parameter, as
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it weighs the importance of DM over EM or EPh prioritization rules. Tradi-
tionally, the optimal value of w can be estimated by a grid search, where the
cost function is evaluated for a set of w values and the one that minimizes the
cost is selected. To find the optimal w value of the combined cost functions,
simulation experiments can be evaluated, but performing a full grid search
for each possible scenario is computationally expensive. Therefore, to reduce
the evaluation cost, golden section search [3I] is used, as it is an efficient
optimization algorithm for unimodal functions over bounded intervals. This
method uses the golden ratio to identify two interior points within the cur-
rent interval. At each step, the cost function is evaluated at these points,
and the interval is updated in a way that retains the subinterval likely to
contain the optimum. One of the previously evaluated points is reused in the
next iteration, minimizing the number of function evaluations. This process
continues until the interval length falls below a defined threshold, and the w
value that minimizes the cost function in the last iteration is selected as the
optimal combined cost function weight.

Figure [5[shows the result of a series of experiments to compare grid search
and golden section search. The grid is defined as fifteen equally spaced values
between 0 and 1, and the bounds. Examining the results, it seems like that
there is only one global peak at w &~ 0.95, as the metric has a single peak.
Continuity and smoothness are guaranteed by the shape of the boxes in the
plot as the parameter varies. By definition, the weight is bounded between
0 and 1, and the boxes show only a little noise in the experiments. Meeting
these criteria ensures that the golden section search approach will reliably
guide the system to an optimal parameter value. The horizontal lines (I;)
on the plot mark the selected region (where the maximum lies) after the
nth iteration of the golden section search. The numbers around the boxes
indicate the iteration, where only in the first iteration must be two values
evaluated (f{* and fB), in other iterations evaluation is at only one place
(fj)- The effectiveness of the golden search method is evident: after only five
iterations, or evaluations at six different weights, the suspected optimum is
found. The interval in which the optimum is known to exist is less than 6%
of the original interval defined by the bounds. In comparison, a grid search
requires seventeen evaluation points, and the length of the same interval is
12.5% of the entire region.
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Figure 5: Grid search (blue) and golden section search (red) for optimal weight estimation.
Numbering of the boxes indicates the golden search iteration, and the horizontal double-
sided arrows show the selected region after the iteration.
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4.6. Bucketing

The last proposed strategy, called bucketing, clusters physically close ma-
chines of the same production phase into buckets of size matching the AGV
capacity, with one vehicle completing all jobs in a bucket in one operation.
Although this grouping is effective on machines, it also acts as a bucketing
of logistical jobs with a minor modification. Each machine bucket creates
two job buckets, the first one being the IO-Machine jobs, and the second one
being the Machine-1O jobs. During operation, whole job buckets are assigned
to AGVs (and the other way around) instead of individual logistical jobs.

The goal of bucketing is to define groups of machines that are close to
each other and operate synchronously. This strategy focuses on reducing
travel time, streamlining scheduling, and minimizing AGV idle time. Buck-
ets, involving groupings of jobs, can make the scheduling process simpler
and potentially reduce computational complexity. AGVs tend to operate
continuously because they can perform multiple tasks per trip, minimizing
downtime between jobs. However, implementing such a bucketing scheme
requires careful attention to potential problems, which can include reduced
flexibility, complications in prioritizing jobs, and complexity in determining
the ideal machine buckets.

The shopfloor (of a single machine type) is represented as a grid-like two-
dimensional structure in which the placement of the machines is discrete,
and there are tracks that restrict movement between them. In order to build
contiguous buckets of machines, a snake-like bucketing order is proposed to
ensure that each group consists of exactly C' machines in spatial continuity,
with C representing the capacity of a single AGV in the fleet. The bucketing
starts in the top-left corner, then extends in a selected primary direction —
either to the right along rows or downwards along columns — until there is
a full bucket of C' machines. When a barrier, e.g., a track or grid bound-
ary, blocks further movement in the direction of travel, the bucketing order
adjusts by turning to the next viable direction, in a zigzag pattern. This is
repeated for all production phases separately ensuring that the machines of
each bucket are of one type. Figure[f|shows a small example for the execution
of the proposed method.

This strategy ensures that the machines are allocated in a continuous,
orderly fashion, maximizing the adjacency of each bucket and responding to
traffic constraints. The algorithm repeatedly processes all the machines in
turn until the entire factory floor is divided into approximately equal-sized
buckets. The resulting structure has logical order and spatial consistency,
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Figure 6: Snake-like bucketing order. Machines are processed in the predefined row-wise
zigzag shape (left-to-right, then right-to-left) in all phase groups, and consecutive machines
are grouped into buckets of size equal to the AGV capacity which is set to 4 in this example.
Dashed lines indicate bucket borders.
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making it well suited to support applications that require localized machine
allocation.

5. Experiments and results

The following section presents a comprehensive simulation study to eval-
uate the performance of the proposed AGV dispatching strategies in various
production scenarios. The experiments will evaluate the effects of system pa-
rameters such as capacity, the number of AGVs, and production structures.

5.1. Experiment setup

A simulation framework was developed to analyze and measure the per-
formance of the proposed dispatching strategies. The plans of experiments
were designed to replicate a wide range of realistic production scenarios in
a semiconductor back-end plant] Some of the most significant factors were
randomized across situations to observe how the logistics configurations in-
fluenced the system’s behavior.

One of the primary variables was the number of the production phases.
The simulated scenarios included a setup with a single type of machine,
reflecting a homogeneous setup, as well as setups with three or five different
phases, reflecting various phases in the assembly process, including dicing,
die attach, wire bonding, encapsulation, and testing. This enabled the study
to test how production phases’ complexity affects scheduling performance.

Additionally, the transport system was diversified by scaling the AGV
capacity. Vehicles with various capacities, from small to large (5, 7, 10, 11,
13, 15), were tested to observe the interaction between transport batching
and total throughput. At the same time, the size of the AGV fleet was tested
under optimal conditions and with plus-or-minus twenty percent deviations
to mimic over- and under-provisioned logistics systems. A simulation-based
method was used to determine the most appropriate AGV fleet size by incre-
mentally increasing the number of AGVs and measuring throughput until it
plateaued, indicating system constraints. In these simulation runs the base
dispatching strategy, DM without bucketing was applied. The smallest fleet

'The short presentation of the underlying industrial project which mo-
tivated the research can be found at |https://epicinnolabs.com/cases/
digital-twining-examples-1/.  The simulation model used in this paper is an
abstracted version of the developed digital twin of the real production.
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size that achieved maximum throughput was marked to avoid resource over-
provisioning, ensuring cost efficiency and optimal performance. However,
from the perspective of current research, the interesting case is when the
AGYV fleet becomes a bottleneck. This occurs when the maximum through-
put is not reached using the base strategy, but better performance can be
achieved by applying smarter dispatching. Therefore, the final AGV fleet
sizes have been fixed at 5, 7, and 10.

Another significant factor was the availability of the machines. The ma-
chines experienced stochastic breakdowns and had 80%, 80%, and 100% avail-
ability rates in various scenarios. The purpose of this part of the experiment
was to assess the resilience of the dispatching strategies in realistic operat-
ing scenarios involving interruptions. Several factors remained unchanged
throughout all the simulations. The factory floor layout was predetermined
to consist of 300 machines arranged in a spatially consistent manner as shown
in Figure 2l The machines were allocated across phases in inverse order of
their respective average processing times to balance the workload and avoid
phase-dependent bottlenecks. 10 station allocations were based on a rule
derived from the fab size to ensure proper connectivity for transport oper-
ations. The speed at which the AGV moved was preset to 0.5 meters per
second to eliminate the impact of variations in transport speed on the dis-
patching logic. Although the AGV fleet could theoretically consist of various
types and models of AGVs, common practice shows that single logistical
systems are served by a fleet of uniform vehicles [32].

In the used simulation environment, the default AGV transporter follows
a fixed path consisting of nodes and connectors. It begins at a designated
home or parking spot and automatically departs when a set of logistical
jobs and the orders of execution is assigned. The AGV moves at a constant
speed, which is set as a parameter, and it stops automatically when arriving
at loading or unloading areas. The AGV only changes direction at network
nodes, aligning itself with the next path segment. Each AGV carries loads
up to its capacity at a time by default and won’t accept a new task until
the current one is finished. Loading and unloading use typical station logic,
which may include a stochastic processing time. When multiple AGVs use the
same track, the system reserves track segments to prevent collisions; vehicles
will wait if a segment is already in use. Unless extra control logic is added,
the AGV doesn’t change its route on the fly. Once its jobs are complete,
the AGV waits for the next job or returns to its parking spot. This built-in
behavior is rule-driven, and it is designed to simulate a straightforward yet
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realistic internal transport setup.
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Figure 7: Network of experiment setups. The set of experimental scenarios is defined as
the Cartesian product of all scenario variables (AGV capacity, number of phases, machine
availability, and fleet size values) and strategy combinations.

The test setup offered a total of 162 scenarios, each characterized by a
unique combination of fleet size, transport capacity, and machine setup (types
and availability), summarized in Fig. [7} The series of experiments consisted
of 10 repetitions for all scenarios and all dispatching strategies, and each run
simulated 10 days of production. That resulted in a total of 9,720 runs. This
systematic design enabled fair comparisons of the performance of different
strategies under various adverse production conditions.

5.2. Overall results

Different experiment scenarios — even with the same algorithms — have
different throughput values due to varying system capabilities. Therefore,
relative throughput difference (RTD) has been introduced to make dispatch-
ing strategies comparable. In all scenarios, the baseline strategy is plain DM
(without bucketing), and the throughput difference of the other strategies is
normalized by the baseline strategy’s throughput. Formally, the throughput
is K = min, K, and if DM’s throughput is Kpys, then the RTD of strategy
f is defined as Kr—Kpwm 100, RTD shows the effect of different strategies as

Kpwm
a percentage rather than an absolute value.
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All the plots below show the results of simulation experiments and consist
of two subplots. The first subplot always shows results when the AGV capac-
ity is set as an integer multiple of the aisle size (C' € {5,10,15}). Meanwhile,
the second subplot includes scenarios when the capacity is a non-multiple
number (C' € {7,11,13}). The plots have a similar structure, separated
into boxes based on dispatching strategies (DM, EPh*, and EM*), and each
strategy is split into non-bucketed and bucketed (4+B) versions.

Figure [§] illustrates the RTD for all experiments and dispatching strate-
gies. Even at first glance, the difference between scenarios in which the AGV
capacity is an integer multiple of the aisle size is clear. In the first case,
bucketing has a positive effect for all three strategies. Summarizing all RTDs
results in an overall average increase of throughput by 14.28% compared to
the same strategy’s non-bucketed version. Meanwhile, in the other set of
scenarios, bucketing seemingly deteriorates the results. The EM* strategy
has unpredictable effects in Figure |8b| (throughput is below the baseline DM
strategy in half of the cases), but the EPh* strategy improves throughput in
nearly all experiment runs.

5.3. Throughput in different scenarios

The figures of this section present the effect of different dispatching strate-
gies in system setups with different characteristics. The groups of the follow-
ing charts are labeled as low, middle, and high, corresponding to the values
that are discussed in Section [5.1. For better visibility and more intuitive
understanding, the boxes of the previous chart are changed to bars, which
always denote the mean of the RTDs.

As stated before, based on the heterogeneity of production, three different
setups are evaluated: fabs operating one, three, or five phases. Analyzing
the RTD values of Figure [J a conclusion about the dispatching strategies
and bucketing is noticeable: in case of single-phase fabs, bucketing improves
throughput slightly when AGV capacity is an integer multiple of the aisle
size. However, in other cases, the baseline DM strategy outperforms every
other candidate apart from noise. When multiple phases are present at the
fab, both of the alternative strategies, EPh* and EM* increase the through-
put significantly. Again, in case of integer multiple capacities, bucketing
tends to outperform its non-bucketed pair consistently, as visible from the
uniformly positive bars across most configurations in Figure In contrast,
Figure [Ob] highlights the challenges of non-multiple AGV capacities, where
bucketing’s benefits become inconsistent. In these cases, even the advanced
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Figure 8: RTD of all experiment runs.
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Figure 9: RTD colored by number of process phases.
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strategies struggle to maintain performance, as the mismatch between ca-
pacity and aisle structure introduces inefficiencies. The data suggest that
as the number of production phases increases, the potential for bucketing to
mitigate imbalances grows, but only under well-aligned physical layouts.
Figure explores the impact of AGV capacity on RTD more directly.
In multiple-aisle-size capacity scenarios with low AGV capacity, bucketing
enhances performance for all strategies. This occurs because systems can
operate at capacity with no residual jobs, which decreases travel time and
increases efficiency. The bar heights in Figure clearly demonstrate this
effect, with even the more complex EM* strategy showing consistent gains.
Conversely, in non-multiple-aisle-size capacity scenarios, bucketing almost
always leads to degraded performance (Figure . Here, the rigidity of
pre-defined buckets prevents flexible job assignment, resulting in underuti-
lized AGVs and increased travel distances. When AGV capacity does not
correspond to aisle size, the inflexibility of bucketing blocks clever job as-
signments, generating idle AGVs and increased travel. This trend is most
pronounced in the EM* strategy, where throughput is usually lower than the
DM baseline, as evidenced by negative RTD values in some bars. These re-
sults demonstrate the importance of tuning AGV capacity to match physical
layout constraints for the application of advanced scheduling strategies.
Apart from capacity, which already appears to affect results, the other
AGV-related system variable is fleet size. While a small AGV fleet may
seem like an easy bottleneck to address through fleet expansion, intsalling
more AGVs entails substantial capital and operational costs, both initially
and during production, as they require frequent charging and regular main-
tenance. Also, the more AGVs there are, the greater the chance of traffic
blockages. Thus, optimizing dispatching strategies becomes essential, and
the goal of this section is to show that choosing the right dispatching strat-
egy is crucial with small AGV fleets. The results in Figure [11] clearly show
that small AGV fleets can operate much more efficiently if the right dispatch-
ing strategy is used. This can be explained by the nature of systems with
low resources: if one (or more) bottleneck is present in the system — the size
of AGV fleet in this case — then the effect of different decisions are more
visible and the impact is higher. The results in Figure [I1aj show that with
integer-multiple capacities, bucketing provides substantial gains even with
constrained fleet sizes, improving system efficiency despite limited transport
resources. However, Figure shows that in non-multiple capacity scenar-
ios, bucketing’s effectiveness diminishes with small fleets, underscoring the
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Figure 10: RTD colored by AGV capacity.
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importance of flexible job assignment under tight resource constraints.

Regarding machine availability, the last varying component of the exper-
iment runs, Figure [12| shows only subtle differences across availability levels
and different dispatching strategies. The pattern of these charts are some-
what similar to the previous figures, namely that in case of AGVs with inte-
ger multiple capacities bucketing improves throughput, but other statements
cannot be made with high certainty.

Together, these plots offer a detailed view of how main system variables
— such as AGV capacity, fleet size, and machine availability — respond to
dispatching strategies and bucketing. The results demonstrate the key con-
clusion that physical parameters (e.g., capacity and layout) and algorithmic
decisions (e.g., bucketing) must be properly tuned to achieve significant per-
formance improvements.

5.4. Superior dispatching strategies

Figure[13|shows the cases in which the maximum throughput was reached
by the dispatching strategy, as well as the relative performance in the dif-
ferent configurations. The two pie charts categorize cases in which the AGV
capacity is an integer multiple of the aisle size and cases in which the
AGYV capacity is not an integer multiple of the aisle size .

For the initial case of integer multiples, the EPh*+B combination method
is the clear winner, succeeding in 43% of all cases. This demonstrates that
the phase-balancing method with bucketing exploits the system’s inherent
regularity to maximize material flow. The pure EPh* method is also impres-
sive (16%), lending further support to the importance of phase balancing
in this structured environment. Other strategies, such as DM and EM*+B,
have vastly lower frequencies, suggesting they are not competitive in these
environments.

In the second case, where AGVs cannot synchronize the full potential
of the warehouse capacity with aisle size for the non-integer multiple, the
EPh* method stands out distinctly more, winning 68.4% of the cases. This
reflects the efficacy of dynamic phase balancing in the face of irregularities
in loading and transportation patterns. The DM method also performs well
(winning 30.4% of the cases), indicating that, in more unstructured environ-
ments, travel distances partially compensate for inefficiencies arising from
the absence of the right capacity match. The EM* method performed poorly
(1.23%), reflecting its lack of effective adaptability. These findings also em-
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Figure 13: Frequency of superior dispatching strategies.

phasize that phase-aware dispatching strategies (EPh* and EPh*+B) are
superior, especially when the system layout allows for synchronization.

Overall, the findings demonstrate that selecting the appropriate dispatch-
ing approach is critically dependent on the interaction between AGV capacity
and aisle structure. In practice, adaptive strategies like EPh* are more ef-
fective when the capacity ratio is uneven, while EPh*+B is more effective
when the capacity matches the system geometry well.

5.5. Influence of bucketing

The results discussed in the previous subsection hint that there is a strong
connection between aisle size, AGV capacity, and bucketing. Several views
suggest that bucketing improves the corresponding strategy’s non-bucketed
version in cases when capacity is an integer multiple of the aisle size. The
frequency of such bucketing improvement cases is presented in Figure
in which every experiment run with bucketing is compared to the same run
without bucketing. The intuition seems to be proven: there is a significant
difference between the two type of capacity scenarios (73% vs 19.9%).

In integer-multiple capacity scenarios (Figure, bucketing consistently
enhances performance across different strategies and system settings. AGVs
are able to operate at their full capacity without leaving residual jobs unas-
signed, which reduces travel time and increases system efficiency. This effect
is particularly pronounced in setups where the layout and transport capacity
are well aligned, enabling smoother operation and more predictable schedul-
ing outcomes.
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Figure 14: Frequency of throughput improvement via bucketing.

Conversely, in non-multiple capacity scenarios (Figure , bucketing
often degrades performance. Here, the lack of alignment between AGV ca-
pacity and aisle size creates inefficiencies: the rigid structure of buckets pre-
vents flexible job assignments, leading to underutilized AGVs and increased
travel distances. These results underscore how critical it is to synchronize
transport capacity with physical layout constraints before applying advanced
scheduling techniques like bucketing.

Finally, Figure provides a more detailed breakdown of system vari-
ables in scenarios where bucketing outperforms the plain strategy (left) and
where the plain strategy outperforms bucketing (right). Figurerepresents
integer-multiple capacity configurations and shows that bucketing tends to
outperform for a wide range of configurations. High rates of success are
associated with small AGV capacities (43.9%), demonstrating bucketing’s
proficiency under capacity-constrained transport resources that align well
with aisles. Machine availability, fleet size, and phases per plan are roughly
equal, suggesting that these variables have a smaller effect on bucketing per-
formance in planned capacity scenarios. However, Figure shows the
results for non-multiple capacity configurations. Bucketing remains a good
performer in some cases, specifically for low-capacity AGVs (54.5%), but it
increasingly loses its advantage. The right-hand plots of both subfigures show
cases in which plain strategies dominate. Plain strategies outperform bucket-
ing in integer multiple capacity configurations involving high-capacity AGVs
(63.1%) and configurations requiring increased flexibility in job assignment
to prevent transport inefficiencies. The results show that, while bucketing
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provides considerable advantages in well-matched systems, its rigid logic be-
comes a bottleneck when AGV capacity does not proportionately match the
physical structure of the production system.

Overall, these results reaffirm that bucketing can be a useful tool for
improving throughput, though its effectiveness depends heavily on system
variables. Bucketing is most effective when capacity and aisle size are well-
matched. In mismatched setups, however, bucketing can become a limitation
rather than a merit. Thus, careful production system analysis is necessary
before anticipating performance gains from bucketing.

5.6. Secondary metrics

In addition to throughput as the primary performance indicator, sec-
ondary metrics were evaluated to gain further insight into the operational
behavior of the dispatching strategies. These metrics capture aspects of sys-
tem efficiency not reflected in throughput: the total distance traveled by
AGVs, non-value-added machine time, and scheduling logic runtime. Un-
like earlier analyses, the results in this subsection are aggregated across all
scenarios and are therefore not separated by system scenario.
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Figure 16: Average of AGV total traveled distances (m) per simulation runs grouped by
AGV capacity being and integer multiple of aisle size or not.
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Figure [16] shows the average total distance traveled by AGVs under the
different dispatching strategies. As expected, the baseline DM strategy yields
the shortest distances traveled, since minimizing route length is its explicit
optimization objective. Introducing bucketing consistently increases traveled
distance, a natural consequence of restricting job allocation to predefined
groups and reducing routing flexibility.

Notably, the EPh* strategy achieves travel distances comparable to DM
while delivering significantly higher throughput. This suggests that phase-
aware balancing can enhance production performance without requiring ex-
tra transportation, a desirable feature from operational and energy efficiency
standpoints. In contrast, the EM* strategy tends to generate longer routes
on average. This behavior can be attributed to its prioritization of machine-
level balancing over distance minimization. This prioritization may require
AGVs to accept less efficient routes to serve less employed machines tem-
porarily. Across all strategies, no extreme outliers are observed, suggesting
stable routing behavior and the absence of pathological cases in the simula-
tion runs.
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Figure 17: Average of machine NVAT portions per simulation runs grouped by AGV
capacity being and integer multiple of aisle size or not.

Figure [I7 summarizes the average NVAT for the investigated strategies.
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Overall, the differences between the strategies are modest, suggesting that
NVAT alone is not an effective indicator of dispatching quality in this setting.
Although EPh* has slightly higher NVAT values than DM, EPh* achieves
higher throughput. This suggests that, under DM, machines may appear
to be utilized more continuously but not necessarily in a manner that ad-
vances bottleneck production phases. In other words, lower NVAT does not
automatically translate into higher effective throughput.

This observation underscores a significant limitation of using NVAT as the
sole optimization target: minimizing idle or blocked machine time does not
ensure that the appropriate jobs are processed at the optimal time. There-
fore, NVAT should be interpreted as a supportive diagnostic metric rather
than an objective to be maximized when the primary goal is to improve
throughput in multi-phase production systems.

Finally, the impact of bucketing on computational performance was as-
sessed. Across all experiments, bucketing reduced scheduling runtimes by an
average of 51.18% — the mean computation time for simulation over a one-
week horizon was 1643.9 seconds without bucketing, and 748.2 seconds with
bucketing. This substantial improvement confirms that grouping jobs into
buckets effectively reduces the combinatorial complexity of assignment and
sequencing decisions. From a practical perspective, this reduction in runtime
strengthens the case for bucketing in scenarios where real-time responsive-
ness or limited computational resources are critical, provided the physical
layout and AGV capacity align.

5.7. General applicability

Computational experiments have shown that superior strategies involve
combinations of the EPh* technique and bucketing. EPh* is designed for
manufacturing systems involving multiple production phases, in which inter-
nal logistics are critical for balancing progress across phases. Bucketing, in
contrast, leverages groups of nearby machines performing similar tasks with
identical processing times by synchronizing their operating cycles, thereby
reducing the burden on internal logistics. These techniques can find appli-
cations in different manufacturing environments characterized by the above
features. However, due to the dependence of the throughput on scenario con-
figuration, it is not possible to provide a theoretical dominance proof for the
bucketing heuristic. As the experiments illustrate, the bucketing heuristic is
beneficial in some cases and not in others. Therefore, this study empirically
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investigates its performance over a wide range of environments and identifies
those settings where bucketing dominates and should be applied.

6. Decision support

The focus of previous result analytics was to find the effect of different
strategies within a wide spectrum of environmental circumstances. However,
real life usability of this research comes to light when fab managers wish to
improve their their throughput with minimal investment in new machinery
or drastic reconfiguration of the layout. Typically, major system parameters
are preset: the layout is fixed, the types of machines (therefore production
phases) are already known, an AGV fleet of some size is already operating.
Therefore, from the decision makers’ point of view, the interesting part of
such modeling and analytics solution is to see the effect of the dispatching
strategies on their system, without dedicating much effort to other system
parameters.

To support this goal, a web-based demonstrator was set up that allows
users to intuitively see how competing strategies behave. The interactive
pag(ﬂ is a simple interface through which users can modify system parame-
ters, such as machine availability, fleet size, AGV capacity, and production
phases, and immediately observe the corresponding throughput produced by
different dispatching strategies. This tool bridges the gap between the sim-
ulation results presented here and their application in real-world decision-
making. It allows factory operators and logistics engineers to change sce-
narios, identify bottlenecks, and explore the potential benefits of advanced
scheduling strategies without performing costly live experiments on produc-
tion shopfloors. This current version is a prototype aimed at demonstrating
concepts, but it shows how the research work developed here could establish
the base of a decision support system for production environments. Succes-
sive versions of the tool can incorporate real-time production facility data and
provide dynamic recommendations based on current production situations.
This type of system will enable decision-makers to proactively adjust their
dispatching logic based on changing equipment status, transport congestion,
or shifting production priorities. This interactive tool highlights the broader
impact of this work, shifting the focus from theoretical performance analysis

Zhttps://juliabergmann.github.io/scheduling-shopfloor-logistics/
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to practical tools that translate advanced scheduling models into actionable
outcomes for real manufacturing systems.

Industrial deployments increasingly rely on modular, software-defined
control architectures to coordinate heterogeneous material handling systems
(e.g., AGVs and OHTs) while reducing integration complexity [33]. Since
the scheduler is by design event-driven and considers important sources of
stochastic disruptions, such as machine breakdowns, processing variability,
and congestion issues, it aligns with the "relentless production” paradigm.
Specifically, the algorithm uses all the necessary dynamic variables (the sta-
tus of machines, jobs, and vehicles) provided by the Manufacturing Execution
System (MES) and only requires some initial master data definitions. Fur-
thermore, the solution has practically zero decision time compared to trans-
port durations, and it does not require special integration with lower-level
systems, such as traffic and charging management. In the referred indus-
trial application scenario [32], an earlier AGV scheduler is replaced with
dispatching rules — which were precursors of those discussed in current pa-
per — without changing other system components. Any potential integration
risks will be caused by noisy and delayed data.

7. Conclusion and future work

This research provides a detailed investigation of AGV scheduling meth-
ods in indoor logistics environments, particularly in applications where trans-
portation must be coordinated with dynamic, multi-phase manufacturing
processes. By designing and rigorously comparing several dispatching strate-
gies, including phase-aware heuristics and bucketing-enhanced strategies, we
proposed a unifying model that is effective, scalable, and grounded in oper-
ational insights.

The results validate the main findings outlined at the beginning of the
study. First, we demonstrated that considering production phase data in
dispatching logic significantly improves performance. This validates the idea
that manufacturing’s time structure is not a limitation, but rather an opti-
mization opportunity.

Second, we discovered that intelligence does not have to be based on ex-
plicit predictions. Though simple and plain, the bucketing heuristic — which
groups logistical jobs that are expected to appear simultaneously, therefore
acts as an approximation to real-time forecasting — proved its efficiency. It
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swiftly imparts system background knowledge to scheduling decisions, is in-
terpretable, and is surprisingly effective. Moreover, we found that bucketing
increases throughput by 14.28% in average in cases when aisle sizes and AGV
capacities are well aligned. This opens up new control points of view that are
lightweight yet intelligent, offering a tradeoff between rule-based scheduling
and full predictive modeling.

Third, our experiments illustrate the important fact that context mat-
ters greatly. The effectiveness of a dispatching strategy depends heavily on
the environment. When AGV capacity matched aisle width, bucketing-based
strategies improved both throughput and computational speed. In less uni-
form scenarios, flexible policies like EPh* prevailed, demonstrating resilience
to uncertainty and complexity. These results support our hypothesis that
there is no generic solution and that efficient logistics systems need to be
tailored to their operating environment.

Aside from these specific results, the broader contribution lies in combin-
ing transportation and production considerations within a single scheduling
framework. This integration, often handled separately in the literature, is
central to high-throughput, low-latency logistics. By modeling transporta-
tion not as a separate problem but as an integral part of the overall pro-
duction system, we showed a new approach for AGV scheduling: one that is
not only distance-based but also phase-aware, and exploits the coordination
between facility layout and AGV capacity.

This work establishes also a foundation for future research. Omne pos-
sible extension is to incorporate machine learning or hybrid predictive el-
ements into our phase-aware heuristics to enable more nuanced decision-
making under uncertainty. Another direction is to explore decentralized,
congestion-aware dispatching methods, particularly in multi-AGV scenar-
ios with shared infrastructure. Also, a fleet made of vehicles with different
configurations, and dynamically changing environments require a modified
methodology. From a computational perspective, future work could explore
using GPU acceleration and parallelization based on Message Passing Inter-
face to reduce scheduling latency further and enable large-scale, high-fidelity
simulations and real-time dispatching. Finally, transitioning from simulation
to deployment at a digital twin or live testbed will be critical to unlocking
the real-world potential of the methods described here.

Overall, our paper offers more than a set of algorithms; it provides a
new perspective on indoor logistics, offering a way to embrace complexity
without sacrificing simplicity and motivating rigorous analysis with practical
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applications. We view our work as a stepping stone to the next generation
of AGV systems that respond intelligently to context.
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