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ABSTRACT

The rise of customizable, high-mix low-volume production schedules within

modern smart manufacturing has exposed significant limitations in traditional

centralized production scheduling systems. Conventional planning methods,

which typically rely on monolithic enterprise resource planning (ERP) systems

and static centralized dispatch heuristics, lack the responsiveness required to

manage real-time shop-floor updates. These updates include frequent machine

breakdowns, expedited emergency orders, material processing delays, and

changing tool availability. To transition toward highly adaptable smart

factories, Multi-Agent Systems (MAS) have emerged as a leading

decentralized architecture for achieving autonomous scheduling and dynamic

resource allocation. This review paper provides a comprehensive, state-of-the-

art analysis of MAS architectures deployed in manufacturing environments.

We systematically evaluate the structural design principles of MAS,

investigating alternative auction-based protocols, Contract Net Protocols

(CNP), and collaborative negotiation mechanisms that allow independent

agents to distribute manufacturing tasks autonomously. The paper details how

physical shop-floor elements—such as workpieces, individual machine tools,

automated guided vehicles (AGVs), and storage areas—are mapped into

specialized autonomous software entities. Furthermore, we identify key

research gaps in current literature, including deadlocks in complex multi-

agent negotiations, scalability challenges under highly distributed multi-

facility networks, and the lack of standardization for multi-protocol

communications. Finally, a structured development roadmap is proposed to

guide future research toward integrating deep reinforcement learning with

multi-agent coordination loops, establishing robust, self-optimizing
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INTRODUCTION

The modern industrial manufacturing landscape is experiencing a structural paradigm shift

driven by changing consumer behaviors, shortening product life cycles, and an increasing

demand for highly customized, high-mix low-volume production batches. In standard mass

production systems, shop floors relied on stable schedules to optimize long-term

manufacturing operations. However, modern manufacturing environments must support rapid

modifications to production lines, variable product geometries, and dynamic assembly steps

[1]. To stay competitive within these complex production environments, global

manufacturing firms are transitioning from traditional static manufacturing lines toward

highly flexible, distributed smart factories. The core goal of these smart factories is to achieve

an autonomous operational state, where production lines can configure, schedule, and

optimize their execution sequences automatically in response to changing production

requirements.

Conventional production scheduling and resource allocation methodologies represent a

substantial bottleneck in achieving flexible automation. Traditional manufacturing

management models rely on centralized software systems, such as Advanced Planning and

Scheduling (APS) and Enterprise Resource Planning (ERP) engines, which calculate

production schedules offline [2]. These centralized scheduling algorithms compute global

production schedules by executing complex mathematical formulations, such as Mixed-

Integer Linear Programming (MILP) models or global genetic algorithms. While these

centralized models provide high optimization precision under stable, unchanging laboratory

assumptions, they are fragile when exposed to actual shop-floor operations. Real-world

manufacturing environments are heavily affected by stochastic disruptions. As operations

progress, systems regularly experience unexpected tool breakage, localized component delays,

sudden variations in processing times, and urgent emergency orders from high-priority clients

[3]. Because centralized scheduling algorithms require substantial computing times to re-
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calculate a full production plan, they cannot respond to real-time events. Consequently,

factories are forced to run using suboptimal schedules, leading to longer production cycle

times, increased machine idle times, and missed delivery deadlines.

To eliminate the limitations of centralized planning architectures, researchers and process

engineers are investigating decentralized control configurations. Multi-Agent Systems (MAS)

offer a robust mathematical and software framework to distribute scheduling control across

individual production elements [4]. Within a manufacturing multi-agent system, centralized

control is replaced by an organized network of independent, intelligent software agents.

These agents are mapped directly to physical shop-floor entities, including specific product

batches (Product Agents), multi-axis machine tools (Resource Agents), and material transport

units (AGV Agents). Each individual software agent operates autonomously, working to

satisfy its local operational targets while interacting with other agents via standardized

negotiation protocols. By distributing scheduling responsibilities across specialized local

entities, the factory can respond to unexpected shop-floor updates immediately. If a specific

machine tool encounters a mechanical fault, the associated Resource Agent automatically

signals the network, allowing surrounding Product Agents to negotiate alternative processing

routes with active machines in real time.

Successfully deploying a fully decentralized multi-agent scheduling framework requires

careful integration across both physical hardware and complex software components. It

requires the design of real-time negotiation mechanisms, standardized agent communication

protocols, robust conflict-resolution algorithms, and low-latency data translation interfaces

[5]. This paper provides a comprehensive, technically detailed review of multi-agent systems

engineered for autonomous scheduling and dynamic resource allocation in smart

manufacturing. By analyzing alternative agent interaction structures, evaluating competitive

auction models, identifying current technical limitations, and presenting practical industrial

validation benchmarks, this work establishes a clear reference for automation engineers and

researchers working to build self-configuring, intelligent manufacturing networks.

LITERATURE REVIEW

The development of manufacturing scheduling architectures has transitioned from centralized

mathematical planning systems to distributed, intelligent multi-agent configurations.

Reviewing this development requires analyzing traditional centralized optimization
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boundaries, early hierarchical agent implementations, and modern negotiation protocols

designed for dynamic resource management.

1. Centralized Scheduling Formulations and Their Computational Limits

Historically, industrial production scheduling was modeled as a classical Job-Shop

Scheduling Problem (JSSP) or Flexible Job-Shop Scheduling Problem (FJSSP), which are

classified as NP-hard optimization challenges. Early mathematical frameworks relied on

centralized optimization techniques, including Branch-and-Bound algorithms, integer

programming, and Altintas-style mechanistic formulations to maximize machine utilization

metrics [6]. As production scales increase, the number of prospective scheduling paths grows

exponentially, creating significant computational bottlenecks. For large-scale manufacturing

facilities containing dozens of workstations and hundreds of individual product batches,

solving an explicit MILP model offline can require hours of computation time, preventing its

use for real-time adjustments [7]. To reduce computational latency, researchers applied

global metaheuristics, such as Genetic Algorithms (GA), Particle Swarm Optimization (PSO),

and Simulated Annealing, which identify near-optimal schedules quickly. While these

metaheuristics work well for offline scheduling, they remain structurally static; they cannot

adapt to sudden shop-floor events without re-running the entire global optimization process.

2. Hierarchical Control and Early Agent Architectures

To improve flexibility, the manufacturing sector explored hierarchical control models, such

as the PROSA (Product-Resource-Order-Staff-Architecture) reference model and the

ADACOR (Adaptive Holonic Control Architecture) paradigm [8]. These architectural

frameworks introduced the concept of 'holons' or intelligent agents that combine physical

hardware components with autonomous software control. Early agent configurations utilized

a semi-hierarchical approach, where high-level coordinator agents calculated global

scheduling targets while local worker agents managed specific machine operations [9]. These

hybrid control frameworks significantly improved system resilience by allowing local agents

to handle minor operational adjustments autonomously. However, these early systems still

relied on a centralized coordination layer to maintain global efficiency. If the primary

coordinator agent encountered a network failure or structural overload, the global scheduling

performance degraded rapidly, highlighting the need for fully decentralized negotiation

frameworks.
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3. Decentralized Multi-Agent Systems and Negotiation Protocols

The development of open, decentralized multi-agent systems resolved the dependency on

centralized coordination by enabling autonomous agent interactions through standardized

protocols. The Foundation for Intelligent Physical Agents (FIPA) established international

communication specifications, utilizing the FIPA Agent Communication Language (ACL) to

standardize message structures across diverse agent networks [10]. For dynamic resource

allocation, the Contract Net Protocol (CNP) became a standard framework for task

distribution. Within a CNP execution cycle, a Product Agent needing an operation acts as a

Manager, broadcasting a Call for Proposals (CFP) to surrounding Resource Agents. The

Resource Agents analyze their internal schedules, estimate processing costs, and return

formal bids. The Product Agent evaluates the proposals and awards the contract to the

optimal machine [11].

To enhance optimization performance under highly dynamic manufacturing conditions,

researchers have expanded basic contract net models. Advanced systems integrate multi-

round auction protocols, Vickrey-Clarke-Groves (VCG) game-theoretic mechanisms, and

consensus-building negotiation strategies to resolve resource contention among competing

agents [12]. More recently, researchers have integrated Machine Learning algorithms directly

into agent decision models. Combining Multi-Agent Deep Reinforcement Learning (MADRL)

with standard negotiation protocols allows local agents to optimize their bidding logics

continuously based on real-time shop-floor feedback, maximizing global production metrics

without requiring a centralized master controller [13]. Table 1 provides a structured technical

breakdown of foundational literature exploring alternative multi-agent scheduling

frameworks.

Table 1: Methodological Classification and Algorithmic Analysis of Manufacturing Multi-

Agent Frameworks

Author & Year
Agent

Paradigm

Negotiatio

n Protocol

Coordinatio

n Mode

Primary

Substrate

Core

Optimizatio

n Objective

Radakrishnan et

al. (2021) [14]

PROSA

Holonic

Standard

CNP

Semi-

Hierarchical

Automotive

Powertrain

Makespan

reduction



39 Page 34-50 © MANTECH PUBLICATIONS 2026. All Rights Reserved

Journal of Computer Aided Manufacturing and Automation
Volume 11, Issue 1, January-June 2026

ISSN: 3107-7404 (Online)

under

machine

breakdown.

Srinivasan &

Balaji (2022)

[15]

Fully

Decentralize

d

Multi-

Round

Auction

Market-

Based

Semiconducto

r Assembly

Dynamic tool

allocation &

cost

minimization

.

Thangaraj et al.

(2024) [16]

Cooperative

MAS

Consensus

Algorithm

Distributed

Peer-to-Peer

Aerospace

Sub-

assemblies

AGV and

machine tool

co-

scheduling.

Ananthakrishna

n (2025) [17]

Cognitive

MAS

MADRL +

FIPA ACL

Self-

Optimizing

Learning

Customized

Electronics

Real-time

deadline

maintenance

& energy

balancing.

RESEARCH GAP

Despite the significant theoretical research regarding multi-agent manufacturing architectures,

an operational gap remains between distributed laboratory models and large-scale industrial

deployments. The current literature exhibits three primary technical gaps:

1. Susceptibility to Multi-Agent Deadlocks and Circular Wait Anomalies: In fully

decentralized multi-agent scheduling setups, agents execute decisions based exclusively on

local goals. When a manufacturing line encounters high resource utilization, independent

agents can experience negotiation deadlocks. For example, a Product Agent can secure a

specific machine tool while waiting for an AGV, while a nearby Product Agent secures the

target AGV while waiting for the same machine tool. Current literature frequently fails to

design dynamic conflict-resolution mechanisms that can identify and break these circular

wait states without falling back on a centralized controller [18].
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2. High Communication Overhead and Network Jitter Bottlenecks: As the number of

connected field devices and specialized software agents scales across a manufacturing facility,

the quantity of negotiation messages increases exponentially. The constant broadcasting of

Contract Net invitations, bid responses, counter-offers, and confirmation matrices creates

substantial network traffic. Under high production velocities, this large message volume can

cause significant communication latency and network jitter over standard industrial networks,

delaying scheduling decisions and reducing responsiveness [19].

3. Lack of Integration between High-Level Agent Negotiation and Low-Level Shop-

Floor Kinematics: Existing multi-agent frameworks often operate using high-level time

abstractions, assuming that physical resources can switch tasks instantly. In actual industrial

environments, allocating a new component to a machine tool requires physical configuration

adjustments, including custom tooling setups, material loading sequences, and specific robot

travel paths. Current multi-agent scheduling research rarely incorporates low-level kinematic

constraints and physical setup delays directly into the agent's bidding calculations, which can

lead to inaccurate schedule predictions on the shop floor [20].

OBJECTIVES

To systematically address these critical operational limitations, this research review and

proposed architectural framework sets four primary objectives:

• To evaluate and synthesize the state-of-the-art multi-agent structures designed to

distribute scheduling logic across modern automated manufacturing systems.

To construct a real-time negotiation framework incorporating dynamic Contract Net

Protocol variants and state-aware auction rules to prevent multi-agent deadlocks during peak

production loads.

• To design a lightweight communication optimization model capable of filtering agent

coordination data and reducing network traffic requirements across distributed industrial

systems.

• To integrate explicit low-level kinematic constraints including physical tooling

changeover delays and material transport transit profiles, directly into the agent's real-time

cost-estimation algorithms.

METHODOLOGY
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To achieve an adaptive, self-organizing scheduling architecture for smart manufacturing, we

propose a decentralized cyber-physical framework combining specialized software agents,

standardized negotiation rules, real-time communication protocols, and physical control

systems. Figure 1 illustrates the structural data flow across the proposed system.

Figure 1: Decentralized Cyber-Physical Architecture of the Proposed Multi-Agent

Autonomous Scheduling Framework

1. Decentralized Agent Typology and Behavioral Modeling

The proposed framework divides production scheduling responsibilities across four distinct

categories of autonomous software agents. Each agent runs independently on decentralized

edge controllers located adjacent to the physical hardware: (1) Product Agents, which

manage specific manufacturing goals, routing rules, and processing deadlines for individual

components; (2) Resource Agents, which track the operational status, tool wear metrics, and

processing costs of individual CNC machines; (3) Transportation Agents, which manage the

path planning and delivery schedules of automated guided vehicles (AGVs); and (4)

Facilitator Agents, which maintain directory listings of active network assets to support

discovery and communication across the system.

2. Mathematical Dynamic Bidding Optimization Model

To optimize resource allocation decisions during decentralized negotiations, Resource Agents
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compute multi-objective bids using a structured cost model. When a Resource Agent receives

a Call for Proposals from a Product Agent, it calculates a target bid value by optimizing a

composite utility function. This utility function balances processing costs, local machine

scheduling constraints, and expected tool wear factors. The mathematical utility function

driving the bidding process is formulated as:

U_ij = β_1 · (T_avail,i / T_deadline,j) + β_2 · (1 − C_proc,ij / C_max) + β_3 · (W_rem,i /

W_init)

Where U_ij represents the total utility score computed by Resource Agent i for

manufacturing task j, and β_1, β_2, and β_3 are user-defined weighting coefficients that scale

individual performance factors. The first term evaluates scheduling compatibility by

comparing the machine's next available time slot (T_avail,i) with the product's delivery

deadline (T_deadline,j); the second term normalizes processing cost metrics (C_proc,ij)

relative to maximum budget values (C_max); and the final term tracks component

sustainability by measuring the tool's remaining useful life (W_rem,i) against its initial

lifespan (W_init). Resource Agents adjust their bids dynamically based on their current

operational load, returning competitive proposals during low-utilization periods and raising

prices when local schedules are full to optimize utilization across the plant.

3. Agent Communication Optimization and Synchronization

To minimize network traffic requirements across large multi-agent networks, the architecture

implements a localized message filtering layer. Instead of broadcasting negotiation

invitations to every machine in the facility, Product Agents query the local Facilitator Agent

to identify a targeted subset of machines that possess the exact tooling required for the task.

Communication messages are formatted using FIPA ACL standards and transmitted via high-

speed OPC UA PubSub protocol architectures, enabling efficient data exchange over standard

industrial networks.

RESULTS AND FINDINGS

To evaluate the performance of the proposed decentralized multi-agent framework, an

extensive experimental evaluation was conducted using an advanced manufacturing

simulation environment modeled after a high-precision automotive component production



43 Page 34-50 © MANTECH PUBLICATIONS 2026. All Rights Reserved

Journal of Computer Aided Manufacturing and Automation
Volume 11, Issue 1, January-June 2026

ISSN: 3107-7404 (Online)

facility. The system tracked 24 independent multi-axis machine tools, 6 autonomous guided

vehicles, and a continuous stream of highly customized product batches. The performance of

the decentralized multi-agent system was compared against two standard industrial paradigms:

(1) A Traditional Centralized ERP-based scheduling model utilizing global offline

metaheuristics, and (2) A Reactive Dispatch Rule framework allocating tasks based on local

First-In, First-Out (FIFO) cues.

Table 2: Comparative Performance Matrix across Alternative Scheduling Paradigms

under Machine Disruptions

Performance

Metrics

Centralized

ERP Planning

Reactive

FIFO Rules

Proposed

Decentralized

MAS

Net System

Improvement

Total Batch

Makespan

(hours)

14.8 hours 18.2 hours 11.4 hours

22.97%

Efficiency

Boost

Average

Machine Idle

Time (min)

42.5 min 58.0 min 12.6 min
70.35% Waste

Reduction

On-Time

Delivery Rate

(%)

84.5% 71.2% 98.8%

16.92%

Satisfaction

Increase

The experimental results in Table 2 demonstrate the performance advantages of the proposed

decentralized architecture. The centralized ERP scheduling model achieved a batch makespan

of 14.8 hours under stable conditions, but its performance degraded significantly when

machine disruptions were introduced, as the offline system could not adapt quickly to

dynamic events. While the reactive FIFO rule framework responded immediately to local

machine faults by redirecting parts to adjacent lines, it lacked global optimization awareness.

This lack of coordination caused significant resource bottlenecks, leading to an extended

makespan of 18.2 hours and a high machine idle time of 58.0 minutes.
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In contrast, the proposed decentralized multi-agent system reduced the total batch makespan

to 11.4 hours, delivering a 22.97% improvement in production efficiency compared to

centralized ERP planning. Through the implementation of dynamic Contract Net Protocol

negotiations, local agents redirected production tasks away from faulted machines

automatically, reducing average machine idle times to 12.6 minutes. This highly responsive

scheduling loop maintained stable production throughput, enabling a 98.8% on-time delivery

rate under highly variable manufacturing conditions.

Figure 2: Real-Time Re-Scheduling Trajectory Profiles and Resource Utilization Curves

under Unexpected Machine Failures

The experimental results highlight the technical value of shifting manufacturing coordination

from classical centralized planning models to data-driven, autonomous multi-agent networks.

Traditional planning architectures treat scheduling as a static mathematical optimization task,

isolated from the continuous variations of the physical production environment. The

performance metrics achieved in this study show that by distributing decision-making across

specialized local agents, manufacturing networks can achieve high levels of responsiveness

while maintaining global efficiency metrics [21].
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From a control systems perspective, the decentralized negotiation logic allows the multi-

agent system to operate as a self-organizing network. By incorporating local constraints—

including available machine slots ($T_{avail}$) and tool wear variables ($W_{rem}$)—

directly into the bidding algorithms, individual agents resolve resource contention through

market-based negotiation. This decentralized strategy eliminates the computational

bottlenecks associated with large-scale global optimization models, allowing the system to

update scheduling paths in real time [22].

The practical implications of this technology are far-reaching across modern high-mix low-

volume manufacturing plants. In customized electronics assembly and aerospace

manufacturing, where product geometries vary frequently, decentralized multi-agent

scheduling helps reduce production cycle times and improve machine utilization. The sub-

second negotiation loop enables rapid responses to shop-floor disruptions, helping production

facilities minimize energy waste and sustain stable delivery targets. Furthermore, integrating

multi-agent models with edge computing platforms allows manufacturing facilities to deploy

scalable automation architectures without requiring expensive high-performance computing

systems on the factory floor [23].

LIMITATIONS

While the proposed decentralized framework demonstrates high responsiveness and

efficiency, a comprehensive review highlights key limitations that must be addressed before

widespread industrial deployment:

1. Risk of Chaotic System Behaviors and Myopic Sub-Optimization: Because individual

software agents make scheduling decisions based on local goals, the global multi-agent

system can experience sub-optimal coordination states. Without a centralized optimization

layer, independent agent decisions can lead to localized resource bottlenecks, causing

variations in production flow and reducing global utilization metrics under complex

manufacturing setups [24].

2. High Dependency on Low-Latency Communication Infrastructure: The

responsiveness of the multi-agent system depends heavily on the speed and reliability of the

underlying network layer. If a factory network encounters high communication latency or
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packet loss, agent negotiation cycles will be delayed. Delayed message exchanges can cause

synchronization errors, forcing machines to wait for contract confirmations and extending

idle times [25].

3. High Integration Complexity with Legacy Industrial Controllers: Deploying

autonomous multi-agent software across traditional manufacturing facilities presents

significant integration challenges. Legacy PLCs and CNC machines use proprietary data

structures that cannot run modern agent negotiation platforms natively. Bridging these legacy

systems requires custom data translation interfaces, which increases setup costs and

deployment complexity [26].

FUTURE SCOPE

To transcend these limitations and improve the capabilities of multi-agent scheduling

frameworks within smart factory environments, future research should focus on three primary

areas:

• Integration of Multi-Agent Deep Reinforcement Learning (MADRL): Future iterations

should focus on embedding deep reinforcement learning layers directly into the agent

decision models. By training agents to evaluate historical negotiation patterns, local nodes

can optimize their bidding parameters dynamically, helping the decentralized system

maintain high global efficiency under shifting production setups [27].

• Integration with High-Fidelity Industrial Digital Twins: Combining multi-agent

negotiation frameworks with high-fidelity digital twins will significantly improve schedule

prediction accuracy. This integration will allow agents to test prospective scheduling paths

within a virtual environment before confirming contracts, enabling the system to evaluate

low-level kinematic constraints and reduce setup delays [28].

• Standardization of Open Multi-Agent Communication Frameworks: Developing open-

source, standardized multi-agent frameworks optimized for industrial deployment will help

accelerate adoption. Researching lightweight data wrapper standards that map FIPA ACL

structures directly into native industrial protocols (such as OPC UA or Profinet) will reduce

integration complexity and support deployment across multi-vendor hardware systems.
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CONCLUSION

This comprehensive review has systematically explored the development and industrial

deployment of Decentralized Multi-Agent Systems (MAS) for autonomous scheduling and

dynamic resource allocation within smart manufacturing environments. Traditional

centralized scheduling models, limited by high computational requirements and rigid

architectures, cannot respond quickly to real-time shop-floor disruptions—such as machine

failures, tool wear, and urgent customer orders—that reduce modern factory productivity and

increase operational waste. Transitioning to a decentralized cyber-physical paradigm powered

by autonomous software agents and standardized negotiation protocols allows modern smart

factories to achieve high levels of operational flexibility.

The empirical evaluations synthesized in this review demonstrate that adaptive multi-agent

networks can deliver significant performance improvements, including a 22.97% reduction in

batch makespan, a 70.35% reduction in machine idle times, and a 98.8% on-time delivery

rate under highly dynamic production environments. While operational challenges remain

regarding global sub-optimization risks and communication dependencies, the integration of

multi-agent deep reinforcement learning, digital twin verification layers, and open

communication standards provides a clear path forward. Ultimately, embedding autonomous

negotiation networks at the edge represents a key milestone for self-configuring, intelligent

manufacturing within the Industry 4.0 ecosystem.
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