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Abstract — This paper presents an integrated system
for automating order processing and labeling in a food
manufacturing enterprise. The solution links the
Enterprise Resource Planning (ERP) system with a
custom Manufacturing Execution System (MES) and
enables real-time communication with industrial loT
devices such as labeling scales, mobile terminals, and
thermal transfer printers. Production orders include
attributes such as quantity, deadline, price, unit,
barcode, and identifiers, which are dynamically printed
on labels. A software agent retrieves orders, distributes
tasks, and monitors operator interaction. To increase
efficiency, an Ant Colony Optimization (ACO)
algorithm generates production plans that balance
workloads and reduce delays. The developed
architecture ensures traceability, flexible label
customization, and improved operator productivity.
Experimental evaluation shows that the ACO-based
optimization decreases processing time and supports
timely order fulfilment under dynamic conditions. The
study demonstrates that ERP-MES-IoT integration
combined with optimization methods enhances
responsiveness and efficiency in food manufacturing
processes.
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1. Introduction

Modern food manufacturing enterprises face
increasing demands for traceability, labeling
accuracy, and timely order fulfillment, especially
when dealing with large volumes of customer-specific
products. Manual coordination between ERP systems
and shop floor equipment often leads to delays,
operator errors, and inefficient resource allocation.

This study presents a conceptual and technical
solution implemented in a food production company
to address these challenges. The core of the system is
the integration between ERP and a modular MES
platform, which enables real-time communication
with industrial 10T devices such as labeling units,
mobile terminals, and thermal transfer printers. Orders
created in the ERP system are replicated through a
middleware agent and distributed to the shop floor
devices, which guide the operators in labeling and
registering processed items [1], [2].

Each order contains product-specific attributes,
such as quantity, deadline, barcode, unit price, and
measurement unit, which are dynamically injected
into customizable label templates. The labeling
process is fully interactive and can be managed via
scanning, touch input, or search-based selection on the
devices. Progress is logged in real time, and updates
are sent back to the ERP system.

To further improve production efficiency and
reduce delays, the study proposes the application of an
Ant Colony Optimization (ACO) algorithm to
generate optimal schedules for order execution [3],
[4]. The algorithm accounts for constraints such as
limited device availability, multiple processing shifts,
order priorities, and real-time interruptions.

The rest of the paper is structured as follows:
Section Il reviews related work in ERP-lI0T
integration and production planning optimization.
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Section Il presents the architecture of the
integrated system. Section IV defines the scheduling
problem and constraints. Section V describes the
design of the ACO algorithm. Section VI reports
experimental results and evaluation. Finally, Section
VII concludes the paper and outlines directions for
future work.

2. Related Work

Existing research related to ERP-MES integration,
loT-enabled labeling systems in food manufacturing,
and optimization algorithms for production planning
is reviewed in this work. The discussion highlights
current approaches, identified limitations, and
research gaps addressed by the proposed solution.

2.1. Enterprise Resource Planning (ERP) and
Manufacturing Execution Systems (MES)
Integration in Smart Manufacturing

Enterprise Resource Planning (ERP) systems are
widely adopted in manufacturing organizations to
manage core business functions such as inventory
control, procurement, sales, and order management
[5]. However, ERP systems typically operate at a
transactional level and lack the real-time
responsiveness required for shop-floor operations.
Manufacturing Execution Systems (MES) bridge this
gap by enabling real-time data exchange between
enterprise planning and production operations. The
integration of ERP and MES systems has been shown
to  improve  responsiveness, reduce  data
inconsistencies, and support agile decision-making in
smart manufacturing environments [6], [7]. Standards
such as ISA-95 provide a reference model for
integrating  these  layers, but  real-world
implementations face challenges due to heterogeneous
hardware, legacy infrastructure, and the need for
custom data synchronization mechanisms [8].

2.2. Internet of Things (10T) Devices and Labeling
Automation

The deployment of Internet of Things (lIoT)
technologies in industrial environments has enabled
seamless data collection, traceability, and control of
production processes [9]. Devices such as barcode
scanners, mobile terminals, and labeling scales are
increasingly used in food and beverage manufacturing
for labeling and verification tasks. Accurate and
compliant product labeling is critical in this domain,
as it must meet regulatory requirements, including
ingredient declarations, allergen warnings, expiry
dates, and traceability codes [10].
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Automated labeling systems have been shown to
significantly reduce manual errors and improve
throughput. Nonetheless, many commercial labeling
systems operate in isolation or are only loosely
coupled with ERP systems [11].

This work addresses this gap by presenting a
system that tightly integrates industrial 10T labeling
devices (BIZERBA Gx), mobile terminals (ZEBRA
MC3300), and thermal printers with ERP and MES
software layers via a RESTful interface [12].

2.3. Optimization Algorithms in Production Planning

Production planning in manufacturing is inherently
complex due to a multitude of constraints, including
limited resources, task dependencies, multiple shifts,
and delivery deadlines. Traditional optimization
techniques often fall short in dynamic environments
with real-time data and frequent disruptions.
Metaheuristic algorithms, particularly Ant Colony
Optimization (ACO), have demonstrated
effectiveness in solving scheduling and resource
allocation problems. Originally proposed, ACO
mimics the foraging behavior of ants and has been
successfully applied to variants of the job shop
scheduling problem [13]. Compared to other
techniques such as Genetic Algorithms (GA) or
Particle Swarm Optimization (PSO), ACO is
particularly suited for combinatorial problems
involving path construction, which makes it ideal for
modeling production tasks distributed over time and
resources [14]. However, few studies apply ACO in
real-time, loT-enabled production environments,
especially in domains requiring customized labeling
and operator interaction.

2.4. Contribution of the Work

While existing literature provides solutions for
ERP-MES integration and for offline production
optimization, very few combine these aspects into a
unified system with live 10T coordination [15]. This
paper contributes a novel architecture that
synchronizes ERP orders with MES execution and
industrial labeling systems. Moreover, it introduces a
customized ACO-based algorithm tailored for
production environments where operator
involvement, label generation, device coordination,
and real-time feedback are essential. The solution
supports multi-objective scheduling, incorporates
real-time constraints, and dynamically adapts to order
priorities and equipment availability - advancing the
state of the art in smart manufacturing systems.
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3. System Architecture

The proposed system is designed to automate order
execution and labeling in a food manufacturing
environment through the seamless integration of ERP,
MES, and industrial 10T devices [16], [17], [18].

The architecture is composed of four main layers:
the ERP system (Microsoft Dynamics NAV), the
MES subsystem (formula), the device control
interface - Gx Order Control (GxOC) and Mobile
Terminals Order Control (MTOC), and the loT
hardware components (labeling devices, scanners,
mobile terminals, and printers). Figure 1 illustrates the
overall system architecture.

formula GxOC
MicrosEol:Fl:,)yw ac Orders, | Replicator >
NAV formula MTOC
formula WEB Server
Real-Time
Communication MES
l Y v
=]
|

)

BIZERBA Gx ZEBRA MC3300 Label Printers

Figure 1. System architecture overview

3.1. ERP Layer: Microsoft Dynamics NAV

The ERP system serves as the core system for
managing customer orders, item master data, and
fulfillment processes. Sales and transfer orders are
created and maintained within the system, each
containing details such as order ID, product code,
quantity, customer, and deadline. A middleware
software agent periodically extracts active orders via
Representational ~ State ~ Transfer ~ (RESTful)
Application Programming Interface (API) and
replicates them to the MES subsystem for execution.

3.2. MES Layer Formula Platform

The MES layer is implemented using a modular
platform referred to as formula, which coordinates
order execution, labeling logic, and device interaction.
This layer acts as an intermediary between the ERP
system and the industrial 10T devices, enabling real-
time monitoring and control of labeling operations.
The formula platform consists of several
interconnected modules, each responsible for specific
execution tasks:
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e GxOC (Gx Order Control): Handles order
synchronization and controls BIZERBA Gx
devices. It retrieves orders from NAV, assigns
them to devices, and provides a user interface for
order selection and processing.

e MTOC (Mobile Terminals Order Control):
Coordinates interactions with mobile barcode
terminals (ZEBRA MC3300) for registering label
prints or performing pre-labeling operations in
remote zones.

o GxData: Manages order and article data, label
templates, and device configurations. It supports
dynamic parameterization of labels with fields
such as unit price, barcode, batch number, and
expiration date.

e Formula Web Server: Supports browser-based
terminal access for remote labeling or manual
registration in zones where fixed devices are
unavailable.

All MES modules exchange data through a
centralized formula database and synchronize
execution status with the ERP system either in real
time or upon partial or final completion of orders.

TEM Journal — Volume 15 / Number 2 / 2026.
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3.3. Device Control and Configuration

Device connectivity and control are achieved using
the _connect.BRAIN platform by BIZERBA. This
layer handles communication with Gx devices
(labeling scales), loading of label templates via
Label_Designer (App BLD), and management of
device licenses. Devices must be located within the
same LAN subnet to ensure low-latency
synchronization.

Each Gx unit is associated with a barcode scanner
and offers a graphical user interface. Operators
interact with the devices to scan order IDs, view active
order lines, print labels, and confirm task completion.

Dynamic label content is injected at runtime from
the formula database. The system supports both static
product attributes and dynamic values such as
production date, weight, and operator ID (Figure 2).

-~ ~ —— Statc Field

PRODUCT
Quantity: 100 _____

123456789012 -

Unit Price $2.50
Batch: ABC123
kExpiry Date: 2024-12-31 y

[

Figure 2. Structure of a label template showing static and
dynamic fields, with data sourced from the ERP system
and operator input

-=-- Dynamic Field
--1 Quantity

_____

Unit Price $2.50

Batch ABC123

Expiry Date

3.4. Hardware Layer: 10T Devices

The hardware layer comprises industrial loT
devices used for labeling, scanning, and mobile data
acquisition. The integrated system supports the
following equipment:

e BIZERBA Gx labeling scales — enable dynamic
labeling with scale integration.

e ZEBRA MC3300 Android terminals — provide
barcode scanning and mobile registration
capability.

e TSC thermal transfer printers — used for transport
and pallet labels.

e ZEBRA Symbol LI2208 barcode scanners -—
integrated with fixed stations or Gx units.

Each device is mapped in the system via
configuration profiles and licenses. Label printing is
triggered based on operator interaction or predefined
events (e.g., weight confirmation, scan validation).

3.5. Real-Time Order Execution

Once an order is scanned or selected, the MES
system validates it against the NAV database. If
multiple lines exist, the operator is prompted to select
which product line to process. The system displays the
remaining quantity, and progress is synchronized
across all devices working on the same order. Partial
completion is supported for large orders that span
multiple shifts.

Labeling can be performed in several modes,
including batch or count-based registration, pre-
weighted product handling, and offline pre-labeling
with or without NAV synchronization.

Data is logged centrally and sent back to NAV
either per label or at order completion. Operators can
switch orders mid-process based on priorities or
production constraints, and resume previous work
later. Figure 3 illustrates the sequence of interactions
between the operator, 10T devices (BIZERBA Gx and
ZEBRA MC3300), the ERP system (Microsoft
Dynamics NAV), and the MES (formula) components
during the labeling process.

O Scan Order ID N Microsoft
() g Dynamics NAV
Operator (ERF)
Scan crler ID Order Data
¥
S Ord
can Order BIZE.RBA Gx | Request formula
Labeling Scale | 15 MES (MES)
Generate
Label
Scan Order Y
MC3300 =
Barcode Terminal

Figure 3. Sequence of interactions between the operator, ERP (Microsoft Dynamics NAV), MES (formula), and loT
devices (BIZERBA Gx and ZEBRA MC3300) during order execution and labeling
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3.6. Communication Infrastructure

The system’s communication architecture supports
real-time data exchange between the ERP (Microsoft
Dynamics NAV), MES (formula), and loT devices.
RESTful API endpoints are used for transferring order
and product data from the ERP to the MES layer,
while the devices are connected via LAN to ensure

Figure 4 illustrates the flow of communication
among the system components.

The user interface plays a critical role in ensuring
efficient and error-free operation by guiding the
operator through order selection, label printing, and
item registration. Devices such as BIZERBA Gx and
ZEBRA MC3300 provide intuitive, touch-based and
scanner-supported interfaces for executing these

synchronized operation and low latency. Device tasks.
configuration and licensing are managed via the
_connect.BRAIN module.
loT Devices
--{ BIZERBA Gx
MES E
ERP . ZEBRA
System GxOC E MC3300
glicrosc_)ft REST E
yl;\li‘n\}lcs — APl LAN| ¢ Printers
mtocC | [f |
1
Li :
WEB '
Server - -| connect.BRAIN

.

_

Figure 4. Communication model between the ERP system, MES modules, and industrial 10T devices

Figure 5 shows a typical interface example on a
BIZERBA Gx labeling scale (left) and a ZEBRA
MC3300 handheld terminal (right), highlighting
functions such as order identification, label preview,
quantity tracking, and registration.

o )

BIZERBR

Scan Order ID

I

1008

Order 1008

LEFTOVER RAVIOLIS WITH SAUCE
LOT/EXP 123456789012 19/04/24 |

Register Item

10.1 kg remaining

10.1 kg remaining

Figure 5. User interface example for labeling scale (left)
and handheld device (right) during order execution

4. Problem Formulation

In the context of automated order execution and
labeling, production scheduling can be defined as a
constrained optimization problem. The main objective
is to construct a feasible and efficient schedule that
assigns labeling tasks to available devices while
minimizing delays, ensuring proper label generation,
and accounting for operator interaction.
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4.1. Inputs and Definitions

The scheduling problem is defined using the
following sets, parameters, and decision variables:

e 0= {04,0,,..,0,}; Set of orders, each with
attributes:
g;: quantity to produce
d;:due date
p;i: product with specific label attributes (e.g., unit
price, unit of measure, batch, barcode)
t; -estimated processing time per unit

e D= {d,d, .., dy}; Set of devices (labeling
scales, handheld terminals, printers). Each device
has:
¢; - capacity (units per hour)
a;(t):availability at time t (binary)
S;- set of supported label types or formats

e T:Time horizon, divided into discrete time slots
(e.g., hours or shifts)

e M: Matrix indicating device compatibility with

order types:
M. = {1, if device d; can process o;
Y7 lo,  otherwise

e x;;;:: Binary variable, 1 if order o; is processed on
device d;at time t

TEM Journal — Volume 15 / Number 2 / 2026.
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4.2. Constraints

The proposed scheduling problem is governed by a
set of operational and technological constraints that
reflect real-world conditions in automated labeling
and food manufacturing environments. These
constraints ensure the feasibility of the generated
schedules by accounting for limited device capacities,
heterogeneous  equipment  capabilities,  order
deadlines, and operator-dependent availability.

In particular, the constraints enforce that labelling
devices cannot exceed their processing capacities, that
each order is executed on compatible equipment, and
that tasks are not assigned to unavailable devices or
time slots. Additional conditions are introduced to
prevent excessive fragmentation of order execution
and to reflect operator shift schedules, which are
critical in practical production scenarios. Together,
these constraints define the feasible solution space of
the scheduling problem and guide the optimization
process toward realistic and implementable
production plans. Some of the constraints, such as
device capacity and compatibility, are treated as hard
constraints, while others, including execution
continuity, are incorporated as soft constraints through
the objective function.

e Device capacity:

Y1 Xije - 6 < ¢ La(t), V)t (1)

e Exclusive assignment:
Ty Y=t Xije -ty 2 gy, Vi 2)

e Device compatibility:
Xije < Myj, Vi jt (3)

e Deadline compliance:
Completion time of 0; < d; (4)

e Optional order continuity (optional): To prevent
excessive fragmentation of order execution, the
scheduling model incorporates a continuity
consideration that discourages frequent switching
of a single order across multiple devices or time
slots. In practical labeling environments, such
fragmentation may lead to increased setup times,
higher risk of operator errors, loss of contextual
information, and reduced overall efficiency. Rather
than enforcing strict continuity as a hard constraint,
this requirement is treated as a soft constraint by
penalizing schedules in which an order is divided
into an excessive number of execution segments.
The penalty increases proportionally with the
number of device changes or temporal
interruptions associated with the same order. This
approach preserves scheduling flexibility while
promoting more coherent execution patterns,
where orders are preferably processed in longer,
uninterrupted sequences on the same device
whenever possible.

TEM Journal —Volume 15 / Number 2 / 2026.

e Operator shift constraints: Each device is only
operable when a qualified operator is present.

4.3. Objective Function

The objective function defines the optimization
goal of the scheduling problem by quantifying the
quality of a given production plan. In the considered
labeling environment, the primary objective is to
ensure timely order fulfillment while maintaining
efficient utilization of available devices and
minimizing operational disruptions. The formulation
reflects the practical importance of meeting customer
deadlines in food manufacturing, where delayed
orders may result in contractual penalties, product
spoilage, or reduced customer satisfaction. At the
same time, the objective function provides sufficient
flexibility to incorporate additional performance
criteria, such as workload balancing and execution
continuity, through penalty terms or weighted
extensions. This design enables the scheduling model
to support both single-objective and multi-objective
optimization scenarios, depending on operational
priorities and production conditions.

¢ Single-objective: Minimize total tardiness:
min )i, max (0,C; — d;) (5)
where C;is the completion time of order o;

¢ Multi-objective (can be weighted or treated via
Pareto dominance):

— Minimize total delay, unfinished orders, imbalance
— Maximize throughput and resource efficiency

5. ACO Algorithm Design

Ant Colony Optimization (ACO) is a population-
based metaheuristic inspired by the foraging behavior
of real ants, where artificial agents iteratively
construct candidate solutions by probabilistically
exploring a construction graph, guided by pheromone
trails and problem-specific heuristic information [19].
Within the proposed scheduling framework, ACO is
utilized to generate optimized production plans that
assign orders to labeling devices over a finite planning
horizon while satisfying constraints on deadlines,
processing capacity, and device compatibility [20].

5.1. Problem Representation

The scheduling problem is modeled as a
construction graph G = (N, E), where:

e Each node n; €N represents a partial
assignment: an order—device-time slot triplet

(Oi' d], tk)-
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e Each path represents a complete schedule of all
orders across the available devices and shifts.

Each ant incrementally builds a schedule by
choosing the next assignment based on:

e Pheromone trail 7; ;. indicating the desirability
of assigning order o;to device d; at time ¢.
» Heuristic value 7,  : favoring assignments with

early deadlines, device suitability, and available
capacity.

5.2. Transition Rule

An ant k chooses the next assignment using the
probabilistic rule:

pl) _ [Ti),el. Mijel? ©)
BIE S B it eheatioweay [Tir j e 1% Myt jr 1P
Where:

— o and B control the influence of pheromone and
heuristic.

— Allowed is the set of feasible (non-violating)
assignments for ant k.

5.3. Heuristic Function

The heuristic n;;, reflects urgency, device
compatibility, and load:
—_ W . S
Mije = Tr(a+0) +wy. My +ws. 1+ load;(t) ()

Where:

— (d; — t): time until order deadline

— M; ;: device compatibility (1 or 0)

— load;(t): current estimated load on device j at
time t

— wy,w,,ws Weights for urgency, compatibility,
and load

5.4. Pheromone Update

After all ants build their solutions, pheromone
trails are updated:

k
T < (1 —p)ty; + Xpeq ATL'(,j,)k (8)
Where:
— p€(0,1) is the pheromone evaporation rate
w Q, if ant k used (i, ], k)
= At = {L )

0, otherwise
Q is a constant, and Ly is the objective value
(e.g., total delay) of ant k’s solution.
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5.5. Algorithm Parameters

Recommended settings:

a=1,p=2

p =0.1t0 0.5 (evaporation rate)

— m: number of ants= 10 to 50 ants

Max iterations = 100 to 500 (depending on
order volume).

5.6. Pseudocode

The pseudocode provides a high-level description
of the proposed Ant Colony Optimization (ACO)
scheduling algorithm, summarizing the main
computational steps and clarifying the interplay
between solution construction, evaluation, and
pheromone adaptation. At the beginning of the
algorithm, pheromone trails are initialized to enable
unbiased exploration of the solution space.

During each iteration, an ant colony progressively
constructs candidate schedules by selecting feasible
order—device-time assignments according to the
probabilistic transition rule in (6), where the influence
of pheromone trails and heuristic information is
controlled by the parameters o and B. The heuristic
value used for guiding the construction process is
computed as defined in (7), reflecting urgency, device
compatibility, and the estimated device workload.
Hard constraints, such as device capacity,
compatibility, and availability, are enforced during
solution construction to ensure feasibility.

Once an ant generates a complete schedule, its
quality is evaluated using the objective function
described in Section 4.3, including penalty terms
associated with soft constraints such as execution
continuity. After all ants complete their schedules,
pheromone evaporation is applied according to (8) to
reduce the influence of outdated information.
Subsequently, pheromone reinforcement is performed
based on solution quality using (9), so that
assignments belonging to better-performing schedules
receive higher pheromone values.

This iterative process continues until a termination
condition is met, such as reaching the maximum
number of iterations or observing no further
improvement in solution quality. The pseudocode in
Figure 6 illustrates the overall workflow of the
algorithm and highlights the feedback loop between
solution  evaluation and pheromone update
mechanisms. Constraints defined in (1) — (4) are
implicitly respected during solution construction
through feasibility checks.

TEM Journal — Volume 15 / Number 2 / 2026.
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° Initialize pheromone matrix t with small positive values
FOR each iteration:
FOR each ant:
Construct a complete schedule using transition rule
Evaluate objective (e.g., total delay)
Update pheromone trails using all ant solutions
Optionally apply local search or elite reinforcement
Return the best schedule found

Figure 6. Pseudocode

6. Experimental Results

The performance of the proposed ERP-MES-IoT
system and the ACO-based scheduling algorithm is
investigated through a series of experiments. The
evaluation considers deadline compliance, resource
utilization, and overall scheduling efficiency under
realistic production conditions.

6.1. Experimental Setup

To evaluate the effectiveness of the proposed
system and ACO-based scheduling algorithm, a set of
experiments was conducted in a simulated production
environment using realistic order data from a food
manufacturing company. The integrated system
includes:

o ERP system: Microsoft Dynamics NAV

e MES modules: formula GxOC, GxData, MTOC,
and formula Web Server

e 10T devices: BIZERBA Gx labeling scales,
ZEBRA MC3300 terminals, TSC printers

e ACO implementation: Custom Python-based
scheduler interfacing with the MES database

A total of 50 customer orders were used in the
simulation, each containing between 1 and 5 order
lines. Orders included attributes such as product ID,
guantity, deadline, label requirements (e.g., barcode,
unit price), and priority.

Table 1. Comparison of scheduling methods

The available resources included 4 labeling
devices, 2 handheld terminals, and 3 shifts over a 2-
day planning horizon.

6.2. Evaluation Metrics

The performance of the scheduling algorithm was
evaluated using the following metrics:

e Total tardiness (TT): Sum of delays beyond
order deadlines.

e Makespan (MS): Time to complete all scheduled
orders.

e Device utilization (DU): Average workload
distribution across devices.

e Order fulfillment rate (OFR): Percentage of
orders completed on time.

Baseline results were compared against:

¢ A First-Come First-Served (FCFS) strategy.
e A Greedy heuristic assigning orders to the first
available compatible device.

6.3. Result and Analysis

The  ACO-based  scheduler  significantly
outperformed the baseline strategies. It achieved a
74% reduction in total tardiness compared to FCFS
[21], [22] and a 16% improvement in device
utilization over the greedy heuristic. Moreover, 94%
of orders were completed within their deadlines. The
on-time fulfillment rate reached 94% under the ACO-
based approach, compared to 68% and 74% for the
FCFS and greedy strategies, respectively. These
results demonstrate the ability of the ACO algorithm
to prioritize urgent orders effectively while
maintaining high resource efficiency. Table 1
summarizes the comparative results obtained for the
evaluated scheduling strategies.

Total Tardiness . Avg. Device On-Time
Method (min) Makespan (min) Utilization (%) Fulfillment (%)
FCFS 460 1320 55 68%
Greedy 310 1180 61 74%
ACO (proposed) 120 990 79 94%
A Gantt chart of the resulting schedule (Figure 7) The pheromone-based learning mechanism

shows a well-balanced distribution of workload across
devices and minimal idle time.

TEM Journal —Volume 15 / Number 2 / 2026.

allowed the algorithm to avoid overloading certain
devices and anticipate bottlenecks.
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Figure 7. Gantt chart of optimized production schedule using ACO

6.4. Discussion

The results confirm that the proposed ACO
algorithm is effective for dynamic and constraint-rich
production environments, such as food manufacturing
with real-time labeling. Its adaptability allows it to
handle:

e Priority shifts

o Partial order completions

o Device-specific constraints (e.g., label type
compatibility)

e Multi-shift operations

While the current implementation operates in batch
scheduling mode, future integration with real-time
feedback loops will enable rolling re-optimization
during execution.

7. Conclusion

This paper presented an integrated system for
automating order processing and labeling in food
manufacturing, combining Microsoft Dynamics NAV
(ERP), a modular MES platform (formula), and
industrial 1oT devices including BIZERBA Gx
labeling scales and ZEBRA MC3300 handheld
terminals. The system ensures real-time interaction
between operators and devices, enabling dynamic
generation of customized labels based on product-
specific attributes such as barcodes, prices, and
expiration dates.

To optimize the execution of labeling tasks under
constraints such as deadlines, limited device capacity,
and shift schedules, an ant colony optimization (ACO)
algorithm tailored to the manufacturing environment
was implemented.

968

The algorithm efficiently scheduled orders across
multiple labeling stations, achieving a significant
reduction in overall delay and improved resource
utilization compared to traditional heuristic
approaches.

Experimental results demonstrated the practicality
and effectiveness of the proposed method, showing
that ACO can be successfully applied to discrete
manufacturing processes with real-time feedback and
device coordination requirements.

Future research directions include:

e Integrating real-time production data for
rolling  re-optimization and  dynamic
rescheduling.

e Extending the model to handle multi-objective
optimization, including energy usage and cost
minimization.

e Incorporating operator shift constraints,
training schedules, and device maintenance
periods.

e Evaluating the system with larger-scale
deployments and edge-device processing.

e Exploring hybrid Al approaches, combining
ACO with reinforcement learning or genetic
algorithms for adaptive control.

The integration of intelligent optimization with
real-time ERP-MES-I0T systems paves the way for
smart manufacturing solutions capable of adapting to
the growing complexity and variability in production
environments.
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