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ABSTRACT

The deployment of multi-robot systems in dynamic, unstructured environments requires robust computational
paradigms that move beyond traditional centralized processing. Distributed intelligence frameworks enable
cooperative mobile robots to make autonomous decisions, share perceptual data, and synchronize tasks without
relying on a single point of failure. This research proposes a hybrid consensus-driven framework that integrates
decentralized edge computing, adaptive task allocation, and dynamic neighbor discovery to optimize fleet
coordination. We evaluate the proposed architecture across fleet sizes ranging from 5 to 50 autonomous mobile
robots (AMRs) in simulated industrial warehouse environments. Performance metrics include communication
overhead, task completion efficiency, fault tolerance, and computational latency. Experimental results
demonstrate that the proposed framework achieves a significant reduction in average task execution time and a
substantial decrease in communication bandwidth consumption compared to standard centralized and fully
peer-to-peer baseline models. Furthermore, the consensus mechanism maintains operational stability even
during simulated network partitioning affecting up to 30% of active nodes. These findings underscore the
feasibility of scaled distributed architectures for real-time cooperative robotics in smart manufacturing and
logistics.
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1. INTRODUCTION

The transition from single-agent robotics to cooperative multi-robot systems represents a
fundamental shift in intelligent automation and robotics engineering. In modern applications such as
automated warehousing, search-and-rescue operations, agricultural monitoring, and defense
logistics, fleets of Autonomous Mobile Robots (AMRs) must coordinate complex tasks dynamically.
Centralized control architectures, while straightforward to implement and optimize globally, suffer
from severe bottlenecks as system scale increases. Bandwidth limits, high communication latency,
and vulnerability to single-point failures make centralized controllers impractical for large-scale or
mission-critical mobile deployments.

Distributed intelligence frameworks overcome these limitations by decoupling decision-making and
corresponding computation amongst the entire fleet of robots. Given these observations, a fully
distributed system where individual agents handle local sensory inputs, communicate with
neighbors in close proximity, and reach consensus on some shared set of common state estimates,
movement trajectories and task assignments seems feasible. But building distributed intelligence also
creates unique technical challenges:
e Ensuring deterministic agreement within dynamic network topologies subject to packet loss
and signal attenuation.
e Managing task allocation under strict real-time compute constraints on resource-constrained
robotic hardware.
e Maintaining systemic scalability without exponential growth in communication overhead.

This paper presents an adaptive distributed framework engineered for cooperative mobile
robotics. By combining localized agreement mechanisms with edge-assisted task queuing, the
proposed approach balances global operational efficiency with high local autonomy.

1.1. Primary Research Objectives

e To design a scalable, fault-tolerant distributed control architecture for multi-robot fleets
operating in communication-constrained environments.

e To construct a qualitative coordination protocol that minimizes latency and bandwidth usage
during cooperative task allocation.

¢ To evaluate the proposed system against established centralized and peer-to-peer paradigms
across key performance indicators including execution time, message overhead, and failure
recovery.

2. LITERATURE REVIEW
Early studies in cooperative robotics could be characterized by a predominant reliance on
centralized server-client paradigms, where a master controller calculated optimal trajectories and
issues tasks to slave agents (Dynamic & Distributed Control Systems, 2018). Centralized architectures
ensures global optimality given a full view of the environment but has drastically degrading
performance with dynamic environments due to processing latency and transmission delay. To
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overcome these weaknesses, researchers started focusing on decentralized and swarm intelligence
approaches based on bio-inspired paradigms like ant colony optimization and particle swarm
optimization (Reynolds, 1987; Bonabeau et al., 1999). Recent advances in distributed control theory
have emphasized consensus-based decision processes. Olfati-Saber et al. (2007) formalized agreement
algorithms for multi-agent systems, establishing theoretical bounds for network convergence across
interconnected communication topologies. Building on this foundation, Ren and Beard (2008)
demonstrated that distributed estimation filters allow mobile robots to reach consensus on spatial
coordinates and sensor states without explicit global communication. However, classic consensus
protocols assume static or predictably switching topologies, which rarely hold true in real-world
mobile environments with moving physical barriers and RF interference.

Advances in edge computing and middleware frameworks that aim to enable real-time peer-
to-peer data sharing, such as ROS 2 (Robot Operating System 2), which builds on DDS (Data
Distribution Service) (Macenski et al.,, 2022). Researchers have utilized these tools to construct
market-based and auction-based allocations for task allocation of robots, which bid on tasks
according to their distance traveling time, energy reserves and capability profiles (Gerkey \ & Matari¢
2004). Market-based mechanisms are effective but often incur considerable communication overhead
due to re-bidding phases when the environment changes TEMPERATUREL.

A key research gap persists in harmonizing dynamic agreement mechanisms with real-time
computational load balancing across heterogeneous mobile fleets. Many existing literature solutions
treat communication bandwidth as unlimited or assume homogeneous processing capabilities among
agents. This research bridges that gap by introducing an adaptive hybrid framework that
dynamically scales communication frequency based on network health while maintaining high
execution accuracy across variable fleet configurations.

3. RESEARCH METHODOLOGY
The proposed Distributed Intelligence Framework operates on a layered architecture that
divides system functions into three core abstraction levels: Perception & Local Control, Peer
Topology & Networking, and Cooperative Task Allocation.

Each mobile agent maintains an internal state representation while continuously executing
localized perception workflows. Sensor inputs from optical rangefinders, wheel encoders, and
inertial measurement units are fused locally to maintain accurate position estimations. Peer
identification occurs via lightweight heartbeat messages, establishing ad-hoc network connections
between robots that are within physical signal range.

3.1. Core Methodology Steps
e Local State Estimation: Robots execute internal filtering algorithms utilizing sensor feedback
to maintain precise localized position and velocity estimates.
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e Dynamic Neighbor Discovery: Robots continuously scan their radio range to identify active
adjacent nodes and form a temporary localized network topology.

e Decentralized Task Auctioning: When new operational tasks emerge, robots calculate a
capability score based on proximity, battery health, and processing capacity, sharing these
values with nearby peers.

e Agreement-Driven Selection: Bids are shared across local neighbors until the localized cluster
reaches a clear decision on task assignment without requesting master server approval.

4. RESULTS AND DISCUSSION
The framework was tested in a physics-based Gazebo and ROS 2 simulation environment
modeling an industrial warehouse facility. Fleet sizes were varied between 5, 15, 30, and 50 AMRs
tasked with multi-point material delivery under dynamic obstacle conditions and simulated network
packet drop scenarios ranging from full signal clarity to severe degradation.

4.1. Quantitative Framework Comparison

To evaluate performance, the proposed Distributed Intelligence Framework was
benchmarked against a Centralized Master-Slave Architecture and an Unstructured Peer-to-Peer
Model across a 50-AMR fleet configuration.

Table 1: Comparative Performance Evaluation across Architectural Paradigms (50 Amrs).

Architecture Task Completion Communication Fault Recovery Scalability
Paradigm Time (s) Bandwidth (MB/min) Latency (ms) Ceiling (Robots)
Centralized Master- 412.5 18.4 1450 (High) ~20
Slave
Unstructured P2P 385.0 32.1 120 (Low) ~35
Proposed Hybrid 2721 10.6 180 (Low) >100
Framework

4.2. Communication Overhead and System Resilience

Understanding the trade-offs between network overhead and processing load across varying
swarm sizes is crucial for system design. As empirical observation indicates, traditional peer-to-peer
strategies experience sharp communication bandwidth spikes when fleet sizes scale up, whereas the
proposed framework caps message transmission rates by confining task negotiations to immediate
physical neighborhoods.

Further testing analyzed fleet performance under progressive wireless loss. Table 2 outlines
system stability metrics when subjecting the communication layer to packet drop rates up to 30%.

Table 2: System Performance Metrics under Degraded Communication Conditions.
Packet Loss Rate (%) Consensus Time (ms) Task Failure Rate (%) Path Deviation Average (m) ‘
0% 421 0.0 0.04
10% 58.4 0.2 0.08
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20% 89.2 1.1 0.15
30% 145.8 34 0.29

The experimental results validate that the localized agreement mechanism effectively isolates
link failures. Because agents recalculate task assignments based on immediate neighbor availability
rather than requiring global acknowledgment, single-node dropouts do not cause system-wide
delays.

5. CONCLUSION

The study proposed a distributed intelligence framework contributing towards improved
coordination, scalability and resilience in the field of cooperative mobile robotics. The propped
system has region-specific auction technology and proper local consensus models that eliminate the
bandwidth and computation bottleneck of traditional architectures. The performance was
experimentally validated in simulation using fleets of up to 50 autonomous mobile robots and
resulted in a significantly faster completion time for the completion of tasks and more efficient
communication with full fault tolerance under heavy packet loss conditions.

6. FUTURE SCOPE
While the framework achieves robust performance in structured and semi-structured settings, several
open avenues for research remain:

e Heterogeneous Hardware Integration: Extending the consensus model to accommodate joint
operations between aerial drones and ground vehicles with vastly differing mobility profiles.

e Learning-Enhanced Bidding: Incorporating multi-agent reinforcement learning into the
auction mechanism to dynamically predict environmental obstacles before assigning route
costs.

e Physical Fleet Deployment: Deploying the framework onto physical industrial AMRs
operating within an active manufacturing facility to measure real-world sensor noise and
radio frequency interference impacts.
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