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ABSTRACT: Autonomous robot teams operating in dynamic, uncertain environments require reliable mechanisms
to build decentralized context models without centralized coordination. Traditional consensus methods often fail
under uncertainty caused by inconsistent sensing, communication delays, or heterogeneous perception models. This
paper introduces the Decentralized Belief Consensus (DBC) algorithm, a novel approach that integrates probabilistic
reasoning with entropy-based certainty measures to enable adaptive and robust consensus formation in heterogeneous
multi-robot systems. Each robot quantifies the uncertainty of its local observations using Shannon entropy, derives
a certainty score, and fuses beliefs with neighbors through certainty-weighted averaging. This allows the team of
autonomous robots to defer commitment when evidence is weak and dynamically adjust influence according to
observation reliability. The DBC algorithm was evaluated through various simulations involving heterogeneous teams
of unmanned aerial vehicles (UAV) and umanned ground vehicles (UGV) tasked with mine detection under varying
levels of noise, false detections, and team sizes. Results demonstrate that DBC achieves high accuracy, full consensus
rates, and strong robustness while maintaining competitive convergence times compared to established algorithms such
as LCP, WMSR, CDCI, DBBS, and EEV. By explicitly modeling uncertainty in both sensing and communication, DBC
provides a scalable foundation for reliable decentralized context modeling and collective perception in autonomous
robot teams.
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1 Introduction

1.1 Autonomous Robot Teams
Autonomous robots are increasingly deployed in missions that are dangerous, complex, or beyond the

endurance of human operators. Examples include search and rescue operations after natural disasters [1], the
detection of hazardous materials [2], or planetary exploration [3]. In such contexts, speed, robustness, and
reliability are decisive. A single robot, however, is rarely sufficient to achieve these objectives. The limitations
in sensing range, mobility, endurance, or other capabilities of an individual robotic system necessitate the
cooperation of multiple robots to form a capable team [4].

Heterogeneous robot teams have emerged as an effective approach to address the constraints of a
singular robot. By combining different modalities such as unmanned aerial vehicles (UAVs), unmanned
ground vehicles (UGVs), and unmanned surface vehicles (USVs), teams can exploit complementary
capabilities [4,5]. For example, UAVs provide high mobility and wide-area reconnaissance, while UGVs
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deliver precise sensing at close range. Moreover, failures of individual robots can be compensated by others,
improving overall resilience [4].

The cooperation of autonomous robots requires effective coordination and communication. Two
paradigms exist: centralized coordination, in which a central node assigns tasks and collects information,
and decentralized coordination, in which robots exchange data directly and refine their local world models
iteratively [6]. While centralized approaches may simplify coordination, they introduce a single point of
failure and require high communication bandwidth. In contrast, decentralized approaches offer robustness,
scalability, and flexibility, which makes them more appropriate for dynamic environments [7,8]. However,
decentralized systems also face inherent challenges. Since each robot maintains only a local and often
incomplete model of the environment and its context, collective decisions may be based on partial or
outdated information. This drawback must be considered in the design of decentralized context models and
coordination mechanisms.

1.2 Decentralized Context Modeling and Consensus
For a team of autonomous robots to cooperate effectively, they must maintain a shared understanding

of their operational environment; otherwise, the robots risk converging on incomplete, inconsistent, or
even incorrect information [7]. This shared understanding is captured in a context model, which represents
relevant environmental entities, such as objects of interest, their positions, types, and associated confidence
values. Each robot contributes local observations that are inherently limited and often inconsistent. By
exchanging such information within the robot team, a decentralized context model can be formed that
integrates multiple viewpoints into a more complete and reliable representation of the environment [7,8].

Forming a decentralized context model requires mechanisms for consensus. In this setting, consensus
refers to the alignment of distributed beliefs across the robot team, ensuring that all members converge
toward a consistent interpretation of their environment [7]. Unlike centralized coordination, where a central
authority aggregates and redistributes information, decentralized consensus relies exclusively on peer-to-
peer communication and local updates. This eliminates single points of failure and enhances scalability, but
places higher demands on the robustness of the underlying algorithms [8,9].

Consensus mechanisms have been extensively studied in distributed systems and multi-robot coordina-
tion. Section 3 provides an overview of the most relevant related work in the domain of consensus formation
within decentralized robot teams.

1.3 Uncertainty and the Research Gap
Operating in real-world environments exposes autonomous robot teams to various forms of uncertainty.

Even in cooperative settings where all agents are trustworthy, each robot perceives only a partial and often
inconsistent view of its surroundings. Observations differ in consistency, reliability, and timing depending on
the sensing modality, platform dynamics, and environmental conditions [9,10]. As a result, the information
exchanged within the team can be uncertain, asynchronous, and sometimes contradictory.

Uncertainty arises at several levels. Accurate localization itself remains a fundamental challenge in
mobile robotics, particularly under dynamic and GPS-denied conditions [11]. At the sensor level, mea-
surement noise, occlusion, and heterogeneous sensing fidelity lead to varying data quality, for instance
between UAVs providing wide-area but coarse observations and UGVs delivering close-range but localized
measurements [12]. At the communication level, message delays, packet loss, and asynchronous transmission
lead to outdated or inconsistent information [13]. At the agent level, temporary failures, intermittent
participation, and dynamic team composition further complicate consensus formation [14]. Finally, at the
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environmental level, changing terrain, weather conditions, or moving objects affect the robots’ perception
and decision-making processes [15]. While these forms of uncertainty have been widely studied, classical
consensus mechanisms often assume homogeneous reliability or rely on fixed aggregation rules. When
evidence is weak, delayed, or inconsistent, such methods may converge prematurely, fail to converge, or
oscillate between conflicting states [6].

Beyond the above-mentioned sources of uncertainty, algorithmic uncertainty is gaining importance.
Depending on the task, differently calibrated or trained machine learning models for perception can intro-
duce additional discrepancies. Variations in network architecture, training data, or calibration parameters
may lead to divergent posterior class probability distributions across robots observing the same object (e.g.,
ensemble methods in vision systems show model disagreement) [16]. Unlike sensor or communication
noise, this form of uncertainty originates from differences in the internal reasoning of perception systems.
It becomes particularly relevant as teams of heterogeneous robots, which might be equipped with distinct
hardware, software versions, or proprietary AI models from different vendors, collaborate in the same mis-
sion. Even when confronted with identical real-world stimuli, such systems may exhibit varying confidence
levels in their object detection or classification outcomes (as studied in heterogeneous opinion dynamics with
uncertainty) [17]. Despite its growing practical importance, this form of uncertainty remains insufficiently
addressed in decentralized robotic consensus research. In this work, uncertainty is defined as uncertainty
in the exchanged class-probability vectors; in the evaluation (Section 5), we abstract sensing and model
variability through stochastic confidence outputs and injected false detections, while a dedicated empirical
study of heterogeneous model disagreement is left for future work.

From a practical perspective, these challenges are critical in applications such as search and rescue,
hazardous material detection, infrastructure inspection, and planetary exploration, where reliable collective
perception is essential for safe and effective operation. In such scenarios, premature or unstable consensus
can lead to incorrect task allocation, missed hazards, or inefficient resource deployment.

The research gap addressed in this work lies in the absence of a decentralized consensus mechanism
that (i) explicitly quantifies uncertainty in a mathematically grounded manner, (ii) adaptively modulates
influence based on evidence strength, and (iii) operates without requiring predefined global robustness
parameters. Existing approaches typically satisfy some of these properties but not all simultaneously. This
motivates the development of a method that integrates uncertainty directly into the aggregation mechanism
to enable robust, adaptive, and scalable consensus formation in heterogeneous autonomous robot teams.

1.4 Research Objective and Contributions
Building on the research gap identified in the previous subsection, this work addresses the lack of

decentralized consensus mechanisms that explicitly account for uncertainty in sensing, communication, and
perception. The overall objective is to enable autonomous, heterogeneous robot teams to establish reliable
shared context models under real-world conditions characterized by uncertain information.

To achieve this goal, the Decentralized Belief Consensus (DBC) algorithm is introduced. DBC integrates
probabilistic reasoning with information-theoretic measures of uncertainty to improve robustness during
collective decision-making.

The main contributions of this work are as follows:

1. Requirement-driven analysis: Derivation of a comprehensive set of functional and uncertainty-related
requirements for decentralized context modeling in autonomous, heterogeneous robot teams, empha-
sizing robustness, scalability, and trust-aware information fusion.
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2. Novel consensus method: Proposal of the DBC algorithm, which integrates entropy-based certainty
measures into the consensus process to achieve deferred and adaptive agreement under uncertain con-
ditions.

3. Simulation-based evaluation and benchmark comparison: Implementation of DBC in a simulation
framework representing heterogeneous UAV–UGV teams and evaluation of its performance, robust-
ness, and scalability under varying levels of sensor noise, communication delay, and false detections
against established consensus algorithms. Both the simulation model and all implemented methods are
openly available.

1.5 Paper Organization
The remainder of this paper is organized as follows. Section 2 defines the decentralized context modeling

problem and derives the functional and uncertainty-related requirements for autonomous, heterogeneous
robot teams. Section 3 reviews related work on consensus formation under uncertainty. Section 4 introduces
the proposed DBC algorithm. Section 5 presents the experimental setup, simulation environment, evaluation
metrics, and results, and discusses the findings and implications. Section 6 concludes the paper and outlines
directions for future research.

2 Problem Description and Requirements
An autonomous robot team can leverage a decentralized context model to perceive a collective under-

standing of their environment. In the field of collective perception, the team’s objective is to detect, confirm,
and interpret environmental objects distributed across a dynamic and partially unknown environment.
Consider the scenario illustrated in Fig. 1, in which a team of heterogeneous robots consisting of UAVs and
UGVs explores a shared terrain in search of relevant environmental features such as obstacles [7], hazardous
materials [2], or other mission-related objects. These objects of interest are associated with context attributes
such as position, type, and detection confidence.

UAVs can be equipped with vision-based sensors and benefit from higher speeds and unobstructed
flight paths, making them ideal for rapid, wide-area surveillance [12]. However, they are limited in classifi-
cation reliability and sensor precision due to altitude and motion-induced disturbances. In contrast, UGVs
offer close-range sensing, higher observation accuracy, and verification capabilities, but are constrained by
terrain and lower mobility [4].

Each robot navigates the environment autonomously, limited by its mobility, sensor range, and field of
view. Environmental challenges include static obstacles (e.g., water bodies or buildings), occlusions, sensor
blind spots, and dynamic phenomena such as moving or temporarily visible objects. As robots explore
and observe their surroundings, they generate local, uncertain, and often incomplete observations. These
observations are asynchronously shared within the team via decentralized communication with stochastic
delays and possible packet loss as common in uncertain networks [13].

In the absence of a central coordinator or global map, the robots must collaboratively fuse their
distributed beliefs into a consistent, shared world model. For such collective perception, decentralized
consensus formation is necessary to robustly aggregate uncertain, asynchronous, and partially overlapping
observations from multiple heterogeneous robots into a reliable decentralized context model. The following
assumptions are made for the considered autonomous robot team:

A1: The environment contains a finite set of objects, associated with spatial context (e.g., coordinates) and
semantic properties.



Comput Model Eng Sci. 2026;147(1):31 5

A2: There is no central control authority. All decisions are based on local and shared information within
the robot team.

A3: The robot team consists of UAVs and UGVs with different sensory, mobile, and functional
characteristics.

A4: Each robot has only limited and uncertain information about the environment.
A5: The decentralized context model can iteratively be refined based on local sensing and peer-to-

peer communication.
A6: All robots are cooperative and trustworthy. Any deviations from expected behavior are assumed to be

caused by hardware faults, not malicious intent.

Legend:

Sensor Range (UAV/UGV) 

Planned Paths 

Class Beliefs
(probability distributions)

Figure 1: Visual illustration of a robot team perceiving the environment and exploring environmental objects.

2.1 Mathematical Problem Formulation
In this section, the decentralized context modeling and consensus problem in heterogeneous multi-

robot systems is formally defined. The set of robots is denoted by R = {r1 , r2, . . . , rN}, where each robot
represents a UAV or UGV with distinct capabilities. The environment is assumed to contain a set
of objects, represented by O = {o1 , o2, . . . , oL}, as shown in Fig. 1. Each object ok can be classified by
any robot ri , yielding a probability vector Pok

ri = {p1 , p2, . . . , pM}, where pM ∈ [0, 1] and ∑M
m=1 pM = 1.

Such probabilistic outputs naturally arise from modern perception pipelines (e.g., CNN-based detectors)
and are commonly fused in decentralized estimation frameworks [18,19]. The probabilities represent
the robot’s belief over a predefined set of object classes C = {c1 , c2, . . . , cm}. For example, if C =
{fallen tree, sinkhole, rock debris, clear}, then Pok

ri = (0.60, 0.25, 0.10, 0.05) indicates that robot ri consid-
ers object ok most likely a fallen tree. Consensus within this paper is defined as the autonomous robot team
agreeing on a specific object classification based on the locally generated probability distribution Pok

ri .
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Decentralized consensus is applied to derive an estimate of the context model ϕri (t) for each robot,
which contains the different perceived objects. This estimate is denoted by ϕ̂ri (t) and is obtained by fusing
local and neighboring models through a consensus update procedure:

ϕ̂r i
(t) = ConsU pd(ϕr i

(t) , {ϕr j
(t − δ j)}k∈N i (1)

Here, Ni ⊆ R denotes the set of neighboring robots with which ri can exchange data, and δk captures
possible communication delays. The consensus update function can be based on various approaches, which
are further explored in Section 3.

Based on the estimated consensus model ϕ̂ri (t), a task allocation policy is selected for each robot,
linking state uncertainty and multi-robot planning [20,21]. This policy, denoted by πri , is chosen to maximize
the expected task utility given the current estimated consensus:

πri = argmax
π∈Π i

E[u(π∣ϕ̂r i
(t))] (2)

where Π i is the set of possible policies for robot ri , and u(⋅) is a utility function evaluating the expected
performance of the plan π under the consensus model ϕ̂ri (t). In situations where significant changes in the
consensus model are detected, a replanning step is initiated. This is triggered when the following condition
is satisfied:

∣ϕ̂r i
(t) − ϕ̂r i

(t − 1) ∣ ≥ ε (3)

with ε defining a threshold for acceptable deviation in the context model consistent with event-triggered
replanning in decentralized settings [21].

It is noted that task planning and policy optimization have been extensively studied by the research
community and remain an active research area due to their inherent complexity and computational demands.
Given the complexity and depth of this topic, a detailed exploration of planning algorithms is beyond the
scope of this work. Instead, the focus of this paper lies in the challenge of collective perception and consensus
under uncertainty within autonomous robot teams, which serves as an important prerequisite for reliable
decentralized planning and coordination.

All variables and formal symbols used in this problem formulation are listed and defined in Table 1. This
model provides the foundation for the development of cooperative perception and decentralized consensus
methods in heterogenous multi-robot systems.

2.2 Implications and Requirements
Based on available requirements of former research and the identified challenges in the areas of

decentralized context modeling, handling of uncertain information and consensus formation, a set of
requirements with focus on robustness under uncertainty is derived. These requirements outline the essential
capabilities a method must fulfill to support autonomous robot teams involving heterogeneous robots,
uncertain information, and delayed communication.
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Table 1: Overview of mathematical variables.

Variable Description
R = {r1 , r2 , . . . , rN} Set of robots, indexed by i ∈ {1, . . ., N)

RU GV , RUAV ⊆ R UGV and UAV subsets
O = {o1 , o2 , . . . , oK} Set of environmental objects, indexed by k ∈ {1, . . . , K)

Pok
r i
= {p1 , p2 , . . . , pM} Probability distribution of robot ri for object ok , indexed by m ∈ {1, . . . , M)

T = {t1 , t2 , . . . , tT} Set of discrete time steps, indexed by t ∈ {1, . . . , T)
ϕri
(t) Local context model of robot ri at time t

ϕ̂r i
(t) Estimated consensus model of robot ri at time t

πri Task policy for robot ri

2.2.1 General Requirements
R1: Scalability in Large Robot Teams
It must be ensured that the method scales with the number of participating robots. Scalable consensus

behavior in large teams has been emphasized as a fundamental requirement for large robot teams [6,22,23].
Performance and convergence behavior should remain stable even in large-scale teams.

R2: Trust-Aware Decentralized Consensus Formation
The method should enable decentralized robots to estimate the trust of specific contextual and

mission-relevant information (e.g., the presence of a hazard at a location), which has proven effective in
enabling interpretable and robust consensus [24]. This requires mechanisms for fusing local and possibly
contradictory information into a coherent and interpretable consensus model.

R3: Low Dependency on Predefined Global Parameters
The method should not depend on prior knowledge. This reduces the need for manual tuning and makes

the method more applicable to real-world, unpredictable deployments [18].
R4: Communication Efficiency
The method should perform with low number of communications and avoid unnecessary message

passing or synchronization. Prior work highlights communication efficiency and robustness against latency
as critical factors for real-world applicability [25]. Therefore, the consensus process should function with
delayed information sharing.

2.2.2 Uncertainty-Specific Requirements
R5: Deferred Consensus Under Uncertainty
The method should prevent full commitment to a consensus decision when the available evidence is

weak, inconsistent or marginal [6]. It should allow robots to maintain intermediate or undecided states until
a sufficient level of collective confidence emerges.

R6: Uncertainty Due to Faulty Robots and Incorrect Information
The method must maintain stability and acceptable accuracy even if some robots provide incorrect or

outdated information [22]. Smaller amounts of such inputs should not destabilize the global model or lead
to incorrect consensus.
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R7: Uncertainty Due to Sensor Observations
Uncertainty resulting from inconsistent or ambiguous sensor inputs must be explicitly handled. Local

information are expected to fluctuate over time due to environmental or sensor-induced variation [12];
however, global consensus stability should be preserved.

R8: Uncertainty Due to Dynamic Group Composition
The method must not rely on prior knowledge of the number or identity of all participating robots.

It must tolerate partial participation, intermittent dropout, and dynamically changing group composition
during runtime [25].

3 Related Work
This section provides an overview of existing work on uncertainty handling and consensus formation in

decentralized autonomous robot systems. Based on a structured analysis of relevant literature, a classification
is developed that distinguishes between approaches without communication (indirect interaction) and
those with explicit communication (direct interaction). Furthermore, relevant perspectives from adjacent
disciplines are examined. Finally, the most promising methods are evaluated in terms of the requirements
identified in Section 2.

3.1 Review Methodology
The literature review was guided by a structured and multi-layered methodology. As a starting point,

several published survey articles on uncertainty handling [24,26], decentralized multi-robot systems [27],
and consensus formation [6,28] were analyzed to define key concepts and terminology. Building upon these
foundations, a systematic literature review was conducted using three major academic databases: IEEE
Xplore, Web of Science, and Scopus.

The following search term was applied:
(“robot system” OR “robot swarm” OR “swarm robotics” OR “collective robotics”) AND (“decentralized”

OR “distributed”) AND (“uncertainty” OR “stochastic” OR “noisy” OR “noise” OR “fault tolerance”)
AND (“consensus” OR “collective decision making” OR “collective estimation” OR “collective

perception”)
Only peer-reviewed papers written in English and published within the last ten years were included.

To broaden the perspective, similar searches were carried out in adjacent domains—specifically road-traffic
systems and cyber-physical networks—without restricting the scope to autonomous robots. Additionally,
a forward and backward search strategy was applied to capture relevant work that uses non-standard
terminology. Full-text analysis was performed on the final selection, with a focus on approaches addressing
uncertainty in multi-robot (multi-vehicle, multi-agent) decision-making through consensus mechanisms.

Two major categories of consensus formation were identified:

1. consensus without explicit communication (Section 3.2), typically relying on environmental or stigmer-
gic interaction (i.e., insect behavior), and

2. consensus with explicit communication among robots (Section 3.3).

Additionally, consensus models from adjacent fields such as medicine, psychology, neuroscience, and
economics were identified and discussed in Section 3.4. Approaches based on blockchain were explicitly
excluded, as their assumptions on adversarial, non-cooperative agents are incompatible with the cooperative
nature of robot teams assumed in this work.
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3.2 Consensus with Indirect Interaction
In swarm robotic systems, various forms of indirect interaction for consensus formation and col-

lective decision-making have been demonstrated without requiring explicit inter-robot communication.
These behaviors are typically inspired by biological systems and emerge from local interactions with the
environment or physical coupling. The absence of communication reduces system complexity and lowers
hardware requirements, making these strategies attractive for large-scale deployments with very limited
communication resources.

One example that uses environmental stimuli such as light, temperature, or audio signals, is the
BEECLUST algorithm [29], which mimics honeybee behavior to enable robots to aggregate in optimal zones.
The authors extended this with a fuzzy-based controller, improving robustness against noise and allowing
more precise directional responses through fuzzy logic mechanisms.

Physical interaction has been explored in [30] as a purely non-communicative mechanism for self-
organization. Pan et al. demonstrated that simple mobile robots equipped with magnets could self-aggregate
through magnetic attraction alone. These systems required no sensors or computing resources and were
driven solely by mobility and physical forces.

Another study [31] has shown that collective perception and gradient following can be achieved via
indirect interactions. For example, swarm drones were shown to be capable of performing collective gradient
sensing by modulating their trajectories according to locally sampled values, without any shared memory
or communication.

A variety of indirect consensus behaviors have been classified as “emergent” in [32]. Vega and Nowzari
emphasized the observer-dependence of classifying such behavior as emergent or swarm-like. Their tax-
onomy distinguishes between nominal, weak, and strong emergence, highlighting that externally visible
coordination may not imply true swarm intelligence without internal feedback mechanisms.

Finally, an automatic behavior design framework such as the one proposed by Salman et al. [33] has opti-
mized stigmergy-based swarm behavior, leveraging evolutionary strategies to encode environment-mediated
interactions without requiring direct communication.

Collectively, these approaches illustrate how consensus or coordination can emerge from indirect
interactions, relying entirely on local perception, stochastic motion policies, and physical coupling—without
the need for explicit communication between robots.

3.3 Consensus with Direct Interaction
In contrast to indirect interaction methods, approaches in this section assume that robots inter-

act directly by communicating explicitly to share information. A key distinction is made between two
subcategories: Collective Task Allocation and Collective Belief Generation.

Collective Task Allocation (Section 3.3.1) focuses on planning and coordinating robot tasks within the
robot team. While these works are closely related to the problem considered in this paper, they are included
primarily for completeness. Consequently, the reviewed approaches are only briefly discussed and evaluated.
Moreover, due to the large body of existing research in this area, only a small and representative subset of
recent contributions is considered.

Collective Belief Generation (Section 3.3.2), in contrast, directly addresses the core problem investigated
in Section 2, namely the generation of a coherent shared representation of the environment, often formalized
as decentralized context models. These works are therefore analyzed in greater detail.



10 Comput Model Eng Sci. 2026;147(1):31

3.3.1 Collective Task Allocation
A comprehensive theoretical foundation for robot planning and coordination under uncertainty is

given in [20]. The book discusses probabilistic decision-making frameworks such as Partially Observable
Markov Decision Processes (POMDP), decentralized Markov Decision Processes (MDP), and Bayesian
games, which are increasingly used to model inter-robot coordination under uncertainty. A comprehensive
treatment of multi-robot coordination methods under uncertainty—ranging from rule-based to market-
driven approaches—is also provided in [21].

The work in [34] introduces a distributed coalition formation game for heterogeneous multi-robot
systems. Robots form coalitions based on local beliefs about incomplete task information. A belief update
mechanism allows robots to refine their understanding of task types over time, enabling convergence toward
Nash-stable coalitions. This approach combines coalition game theory with distributed belief learning,
offering robustness in surveillance applications where task definitions are not initially known.

A proactive task allocation method under spatiotemporal uncertainty is proposed in [35]. They model
task announcement as a continuous-time Markov process and integrate it with an extended Sequential
Single-Item (SSI) auction framework. Robots are proactively positioned at intermediate waiting points based
on predicted task locations, significantly reducing service delays. This method demonstrates how learned
probabilistic models can inform decentralized planning.

A hierarchical planning scheme is introduced by [14] in the form of the SCoBA algorithm, which
separates individual policy generation from inter-robot conflict resolution. This method enables online
reallocation of tasks and stochastic success rates. The two-layer architecture yields strong performance with
theoretical guarantees and practical scalability.

Task coordination in dynamic mission scenarios is addressed by [36] using an enhanced Consensus-
Based Bundle Algorithm (CBBA). This approach allows mission reallocation in UAV teams in response to
robot failures. A heartbeat mechanism ensures timely detection of UAV loss, and a timeliness-aware bidding
strategy is introduced to accelerate convergence. The method improves on classical CBBA by increasing
robustness and responsiveness to real-world uncertainties. Similar to CBBA-based approaches, [37] intro-
duces a robust task allocation mechanism incorporating probabilistic failure models into an auction-based
framework. By modeling risk-aware bidding strategies, their system increases resilience against execution
uncertainty without requiring centralized coordination

Lastly, hierarchical task allocation under execution uncertainty is explored in [38]. A two-level hindsight
optimization method is presented: the inner loop handles deterministic assignment, while the outer loop
samples failure scenarios to proactively plan for contingencies. This enables the anticipation and mitigation
of uncertainty without overburdening real-time computation.

These contributions demonstrate the diversity of techniques for consensus-based coordination in multi-
robot systems. They address challenges such as scalability, resilience, and uncertainty mitigation through
dynamic planning, learning, and communication.

3.3.2 Collective Belief Generation
The Linear Consensus Protocol (LCP) [25] represents a foundational mechanism for distributed

agreement in multi-agent systems, particularly where agents iteratively adjust their states based on local
neighbor information. Originally formulated to address average-consensus problems under both fixed and
switching topologies, LCP ensures asymptotic convergence provided that the underlying network is strongly
connected and, for average consensus, additionally balanced. The authors rigorously analyzed LCP under
various conditions, showing its convergence rate depends on the algebraic connectivity (Fiedler eigenvalue)
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of the network’s mirror graph. While elegant and simple, LCP lacks robustness against adversarial behavior
and struggles in dynamic environments with time delays unless topology and weights are carefully tuned.

The Weighted-Mean Subsequence Reduced (W-MSR) algorithm [39] is a fault-tolerant consensus
protocol for coordinating agents despite faulty or malicious participants. Unlike standard averaging, W-
MSR applies local filtering: at each step, an agent discards the F largest and F smallest neighbor values,
then computes a weighted average of the remainder. This shields updates from manipulated or corrupted
data and requires only local information—no knowledge of global topology or misbehaving identities. A
central insight from [39] links correctness to a structural property called robustness. Under the F-total
threat model (up to F adversaries anywhere), the network must satisfy that for every partition into two
non-overlapping groups, at least one group contains a node with more than F incoming neighbors from
outside the group. This prevents any subgroup from being fully insulated and dominating via coordinated
misinformation. The condition is stricter than classical connectivity and fits decentralized, large-scale,
partially observable settings. Despite its advantages, W-MSR has several important limitations. Filtering can
remove legitimate but extreme measurements, reducing accuracy—especially in small networks or when
outliers are informative. Convergence is typically slower than in non-resilient methods because part of the
data is discarded each round. Success still hinges on nontrivial topology assumptions; sparse or weakly
connected networks may fail the robustness requirement, particularly under dynamic or adversarial changes.
Finally, W-MSR is non-adaptive: the parameter F is fixed a priori. If the true number of faulty nodes is lower,
the algorithm discards too much information, causing unnecessary performance loss.

The approach for Collective Decision through Cross-Inhibition (CDCI) [22] is inspired by nest-site
selection in honeybee swarms but differs from many nature-based swarm approaches by relying on explicit
inter-robot communication. Each robot operates as a probabilistic finite state machine, switching between
uncommitted and committed states. Key transitions—such as recruitment and cross-inhibition—require
direct message exchanges to influence the commitment state of robots. This communication enables faster
convergence, particularly when options are close in quality, and helps break decision deadlocks. This
versatility makes CDCI applicable in diverse robotic scenarios. However, CDCI is not without limitations.
First, its effectiveness hinges on accurate estimation of option quality and population ratios by individual
robots, both of which are challenging in noisy or dynamic environments. Second, the strength of cross-
inhibition must be carefully calibrated: if too weak, deadlocks may persist; if too strong, the system may
become unstable or oscillate. Third, the model assumes well-mixed interaction patterns, which are rarely
realistic in spatially constrained systems. Deviations from this assumption can lead to mismatches between
predicted and actual outcomes. Lastly, while CDCI enables scalability, its probabilistic design can introduce
stochastic variability that may compromise predictability in safety-critical applications.

The Distributed Bayesian Belief Sharing (DBBS) algorithm [18] is a probabilistic approach to multi-
option consensus in decentralized robot teams. Instead of single-choice votes, DBBS maintains a full belief
vector for each robot over all possible options and updates it over time using Bayesian statistics. Robots
exchange compressed versions of these belief vectors with neighbors and integrate them via a weighted
fusion rule, enabling the group to approximate a posterior distribution over the discrete state space without
centralized control or raw-data sharing. DBBS’s strengths include scalability and robustness in noisy or
feature-skewed environments. By preserving distributional information, it reduces premature lock-in and
maintains useful diversity, supporting consensus even with sparse communication. Performance degrades
gracefully as communication range shrinks or ambiguity rises, typically reaching acceptable decisions with-
out hard failures. The trade-offs are higher communication and computational costs—transmitting belief
vectors scales with the number of options—and sensitivity to parameter tuning, notably the fusion weight
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μ and memory decay λ. Poor settings can amplify feedback and drive inaccurate consensus. On resource-
limited hardware, memory and bandwidth constraints may require further optimization. Overall, DBBS
offers a powerful, generalizable framework for belief-driven collective decision-making under uncertainty.

The Ranked Voting Decision Algorithm (RVDA) [40] is a decentralized strategy for forming a shared
preference order among multiple options. Inspired by the Borda count method [41], each robot maintains
a local ranking of sites derived from uncertain observations. Robots communicate in pairs and run local
elections: each converts its ranking into scores, exchanges lists, and re-ranks accordingly. Iterating these
pairwise updates steers the team toward a consensus ranking. Compared with belief-fusion methods, RVDA
is lightweight in memory and bandwidth because robots exchange ordered lists rather than full probability
tables. Experiments show strong robustness in noisy environments and good scalability with team size. By
preserving rank-based diversity early on, RVDA reduces premature lock-in and often achieves lower error
under high sensor noise. Drawbacks remain. Two-agent elections introduce stochasticity, increasing scatter
in final rankings. Convergence is typically slower than deterministic fusion, especially when uncertainty
is low. Accuracy can also degrade when evidence rates are too sparse or too dense, which disrupts the
balance between observation and opinion exchange. Despite these limits, RVDA is a practical, noise-resistant
approach for collective decisions in uncertain, multi-option settings.

The Maximum Likelihood Estimate Sharing (MLES) algorithm is a decentralized strategy for collective
estimation in robot teams, focused on achieving accurate consensus with minimal communication over-
head [42]. Each robot independently estimates environmental properties by modeling sensor readings as
a Bernoulli process. These individual estimates are periodically shared with neighbors and fused into a
collective estimate using a dynamic weighting function that reflects the confidence in each observation.
Robots with many samples have more influence, while those with few remain cautious, allowing the team to
adaptively reinforce high-confidence information. MLES offers a strong balance between speed and accuracy,
even in uncertain or spatially challenging environments. Its robustness stems from its confidence-weighted
self-organization, which suppresses premature consensus convergence and resists misinformation.

However, MLES has limitations. It is currently tailored for binary environments with only two features,
lacks a mechanism for dynamic adaptation to multi-feature settings, and still depends on careful tuning
of decay parameters. In larger or more heterogeneous teams, improperly tuned parameters may degrade
performance. Despite these, MLES presents a lightweight and scalable framework well-suited for smaller
robot systems operating under uncertainty.

The Expectation-based Extreme Value (EEV) algorithm [7] is a decentralized consensus method for
robot teams operating amid obstacles and potentially malicious robots. EEV combines two mechanisms: a
local expectation over neighbors’ opinions and a thresholded “extreme value” rule. Each robot computes
an expected direction (e.g., left vs. right) from its own and neighbors’ views; if the expectation is clearly
positive or negative, it commits fully to that direction, otherwise it maintains its current choice. EEV is
particularly effective against Byzantine behavior. Rather than fixed trimming or sorting, it adapts by re-
evaluating expectations each step. Experiments with Byzantine robots show EEV reaching valid consensus
where LCP and W-MSR often converge to invalid outcomes. It can also distinguish valid from invalid
Byzantine robots without prior knowledge of their number or identity. Limitations include dependence
on sufficient connectivity and reliable local perception. The approach assumes binary decisions, limiting
direct extension to multi-option settings. And while less parameter-sensitive than W-MSR, EEV still embeds
implicit thresholds that may need empirical tuning. Overall, EEV is robust, adaptive, and computationally
simple for consensus under uncertainty.
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Taken together, the reviewed algorithms illustrate the diverse strategies and trade-offs involved in
achieving decentralized consensus for belief generation, ranging from simplicity and speed to robustness
and probabilistic accuracy.

3.4 Requirements Alignment and Scientific Gap
To evaluate the suitability of existing consensus algorithms for decentralized context modeling under

uncertainty, a structured requirements-based assessment was conducted. Table 2 summarizes this alignment
across the eight requirements (R1–R8), as defined in Section 2.2. It is important to emphasize that the
requirements alignment exclusively covers methods exploiting communication between the robots within
the category of Collective Belief Generation.

Table 2: Alignment of requirements. Fulfillment grades: ++ (excellent), + (good), o (moderate), - (weak) and – (poor).

Method Source Year R1 R2 R3 R4 R5 R6 R7 R8
LCP [25] 2004 + o + ++ o – – –

W-MSR [39] 2013 o o – + – + o –
CDCI [22] 2015 o + – o + – + o
DBBS [18] 2021 – + – – + o + +
RVDA [40] 2023 + – – – – – + o
MLES [42] 2023 ++ + o + + – – o
EEV [7] 2024 + ++ + ++ – + – o

The analysis reveals a consistent gap that none of the evaluated methods fulfill all requirements to
a sufficient degree under realistic robotic conditions. While individual algorithms demonstrate partial
strengths—such as communication efficiency (e.g., LCP, EEV) or robustness against faulty robots (e.g., W-
MSR, EEV)—they often rely on restrictive assumptions, predefined global parameters, or lack mechanisms
for deferred consensus under uncertainty. Furthermore, deferred consensus (R5), dynamic participation
handling (R8), and minimal dependency on prior knowledge (R3) are rarely addressed in combination.

This misalignment highlights the lack of robustness and generalizability in existing methods, which
are required for realistic decentralized consensus for autonomous robots. Thus, these findings motivate the
development of a new approach that explicitly addresses the full set of requirements and operates reliably in
uncertain, dynamic multi-robot environments without centralized control.

3.5 Entropy-Based Adaptive Consensus under Uncertainty
The analysis presented before clearly shows that existing methods of consensus formation in decen-

tralized robot systems do not adequately meet the requirements. In particular, there is a lack of adaptive
mechanisms for dealing with uncertainty when evidence is limited. To address this gap, this section focuses
specifically on information theory as a formal framework for modeling uncertainty.

Information theory is the mathematical study of the quantification, storage, and communication of
information. The field was established and formalized by Claude Shannon in the 1940s, who also introduced
the concept of entropy in his foundational work in 1948 [43]. Entropy quantifies the uncertainty in a message
source and measures the expected “surprise” of an information [44]. The Entropy for an object ok of robot
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ri can be expressed as

Hok
ri
= −

M
∑
m=1

pm ⋅ log2(pm) (4)

In (4), pm denotes the probability assigned to the object ok for M different options within the
probability distribution.

Entropy has been used to evaluate consensus strength and decision confidence in various fields, i.e.,
informatics [45], economics [46,47], and autonomous road traffic [48,49]. These studies use entropy to
measure dissent, guide aggregation of diverging opinions, and evaluate convergence reliability. In robotic
systems, entropy-based metrics can quantify confidence levels in collective decisions, enabling robots to
delay or reinforce commitment depending on their local certainty. Due to its mathematical precision and
adaptability to probabilistic environments, entropy-based approaches are well-suited for robotic consensus
under uncertainty.

3.6 Summary of Findings
This section provided a structured analysis of existing consensus methods in decentralized robot

systems, highlighting a clear gap between current capabilities and the requirements for robust consen-
sus formation under uncertainty. Despite diverse algorithmic strategies, no method fully addresses all
requirements, particularly allowing deferred consensus, dynamic group composition, and uncertainty-aware
belief commitment. To address this limitation, the analysis turned specifically to information theory as a
formal framework for uncertainty quantification. Information-theoretic concepts, and in particular Shannon
entropy, offer a mathematically rigorous measure of belief evaluation under uncertainty. Entropy enables
robots to assess the confidence of their own and others’ observations, supporting more informed, deferred
consensus decisions. By integrating entropy into the decision process, robots can dynamically modulate their
behavior based on evidence strength, avoiding premature convergence. This insight forms a foundational
element for the decentralized belief consensus method proposed in the following chapter.

4 Proposed Approach
This section introduces a Decentralized Belief Consensus (DBC) algorithm based on related work

findings to address the problem described in Section 2. First, an overview of the method is given. Then, a
more detailed explanation of the incorporated steps is explained.

4.1 Method Overview
The method, as depicted in Fig. 2, operates as an asynchronous, event-driven process in which each

robot continuously updates its information about the operational environment. Local observations and
received messages are handled in parallel and independently trigger belief updates (Belief Generation).
Once new information is available, the robot performs a local update and shares its updated belief with
neighboring agents during Belief Distribution. In the Belief Balancing step, incoming beliefs are integrated
using confidence-weighted fusion to reduce conflicts and incorporate multi-robot perspectives. Subse-
quently, the robot aggregates all collected beliefs into a consistent internal estimate (Belief Aggregation).
Finally, an optional Belief Optimization step refines this estimate to produce an updated representation of
the environment.

The certainty value based on entropy not only serves as an additional reliability (certainty) metric,
but also directly influences consensus dynamics. Shannon entropy quantifies the dispersion of a robot’s
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belief distribution. High entropy corresponds to a flat probability distribution, indicating high predictive
and potentially epistemic uncertainty, while low entropy reflects a peaked distribution and strong belief
conviction. At the system level, this mechanism induces adaptive convergence behavior: Robots with
more concentrated beliefs (lower entropy) receive higher relative influence in the fusion step, while high-
entropy beliefs contribute less. This prevents weak or ambiguous evidence from dominating the aggregated
belief and supports deferred commitment under uncertainty. As evidence increases and entropy decreases,
certainty increases and the fusion progressively emphasizes reliable beliefs, thereby accelerating convergence
toward consensus. Thus, entropy acts as a self-regulating mechanism that dynamically balances stability and
determination in the consensus process.

No

Start

Local Observation Receive Message

Belief Distribution

Yes

Yes

NoNo

End

Consensus 
Found

Item 
detected?

Message 
received?

Belief Balancing

Belief Aggregation
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Belief 
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Figure 2: Flowchart of decentralized belief consensus (DBC).

4.2 Method Details
Each robot maintains a probabilistic belief distribution Pok

ri over a finite set of object classes. To quantify
the uncertainty of this belief, Shannon entropy is computed according to Eq. (4). The entropy is mapped to
a bounded certainty value

Ωok
r i
=

1
1 +Hok

ri

(5)
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which yields

1
1 + log2 M

≤ Ω ≤ 1 (6)

where M denotes the number of classes. Lower entropy results in higher certainty, allowing each robot to
assess the reliability of its current belief. We choose the monotone mapping Ω = 1/(1 + H) because it is
bounded and parameter-free; alternative normalizations are possible.

Belief distributions and their associated certainty values are exchanged asynchronously within the local
neighborhood Ni . For readability, the object index ok is omitted in the following equations. Upon receiving
neighbor information, robot ri computes certainty-weighted fusion coefficients:

ωi =
Ω i

Ω i +∑ j∈N i Ω j
(7)

ω j =
Ω j

Ω i +∑k∈N i Ωk
,∀ j ∈ N i (8)

The updated belief distribution is obtained by:

pnew
i = ωi ⋅ pi + ∑

j∈N i

ω j ⋅ p j (9)

This formulation guarantees several desirable properties. First, the updated belief remains a valid
probability distribution, as the weighted combination of normalized values preserves normalization. Second,
robots with higher certainty contribute more strongly to the aggregated result, ensuring that well-supported
information dominates the consensus process. Third, uncertain or inconsistent inputs have only limited
influence due to their low certainty weights, which enhances robustness against ambiguous or unreliable
observations. Finally, the method is fully decentralized and supports asynchronous execution, making it well
suited for dynamic environments where robots operate independently. If a discrete class label is required,
it can be obtained by argmax over pnew

i ; optionally, a confidence threshold on Ω can be used to postpone
commitment under weak evidence.

Optionally, a belief optimization step incorporates a certainty-weighted collective expectation, mapped
to a binary extremum value. A small fraction of this extremal signal is mixed with the probabilistic belief via
convex combination. That is, as a concrete hybrid extension, one may set m∗ = argmax (pnew

i ), where m∗ is
the class index of the object class with the highest probability, form the one-hot vector em∗ , and mix it via
popt

i = (1 − α) ⋅ pnew
i + α ⋅ em∗ , with α ∈ [0, 1]. This hybrid extension accelerates convergence while retaining

uncertainty-aware fusion.

4.3 Computational and Communication Complexity
The computational and communication complexity of DBC depends on three key quantities: the

number of robots N , the local neighborhood size ∣ Ni ∣, and the number of object classes M.
During one update step, four main computational operations are performed. First, the Shannon entropy

H(ok)
i is computed over the M class probabilities. This requires a linear pass over the belief vector and

therefore scales proportionally to M. Second, the entropy is transformed into a scalar certainty value Ω(ok)
i .

This mapping is a constant-time operation. Third, robot ri aggregates the certainty values of its neighbors r j ∈
Ni . The normalization term used in the weights depends on the sum of all Ω j within the local neighborhood.
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This step scales linearly with the number of neighbors ∣ Ni ∣. Fourth, the belief aggregation step combines
the local belief pi with the neighbors’ beliefs p j. For each neighbor, a weighted combination over all M
class values is performed. This is the dominant cost and scales proportionally to ∣ Ni ∣⋅M. Therefore, the
per-object update complexity for robot ri scales overall as O(∣ Ni ∣⋅M). If a robot maintains beliefs over
multiple objects ∣ Oi ∣, the total cost grows linearly with ∣ Oi ∣. In an event-driven implementation, such an
update is triggered by either (i) a new local observation or (ii) reception of a neighbor message affecting the
corresponding object.

Importantly, DBC depends on the local neighborhood size ∣ Ni ∣, not directly on the total number of
robots N . In typical decentralized robot teams with local communication, ∣ Ni ∣ remains bounded even if N
increases. Under this common assumption of sparse connectivity, the per-robot computational effort scales
approximately linearly with M and the number of locally maintained objects.

Regarding communication, each robot transmits for every object the belief vector p(ok)
i of size M and

the scalar certainty Ω(ok)
i . Thus, message size grows linearly with M. The communication load per robot

scales with ∣ Ni ∣⋅M, while the total network load scales with the number of communication links.
In summary, DBC exhibits linear scaling in both computation and communication with respect to belief

dimension and neighborhood size, supporting scalability in large but sparsely connected robot teams.

4.4 Key Contributions and Requirements Alignment
The central contribution of DBC is the integration of Shannon entropy as a quantitative uncertainty

measure directly into the consensus process. By transforming entropy into a bounded certainty value
Ω i , belief influence is adaptively modulated during aggregation. Unlike classical linear averaging (e.g.,
LCP) or threshold-based extremum rules (e.g., EEV), DBC introduces a continuous, information-theoretic
mechanism that attenuates uncertain inputs without discarding them. This directly addresses R5 (deferred
consensus) and R7 (sensor uncertainty). In contrast to methods such as W-MSR, which require predefined
bounds on faulty agents, DBC does not rely on global robustness parameters. Influence is derived solely
from locally computed certainty values, enabling operation without prior knowledge of network size or
adversary count. This supports R3 (low dependency on predefined global parameters) and R8 (dynamic
group composition).

DBC maintains full probability distributions rather than binary states or scalar opinions. This preserves
distributional information and reduces premature commitment. The convex certainty-weighted aggregation
ensures that well-supported beliefs dominate while ambiguous or conflicting observations are naturally
damped. This mechanism contributes to R2 (trust-aware consensus formation) and improves robustness
to uncertain or low-confidence incorrect information (R6); systematic high-confidence biases remain
a limitation.

The algorithm operates exclusively on local neighborhoods Ni and does not require centralized
coordination. Computational and communication complexity scale with ∣ Ni ∣ rather than the total number
of robots N , supporting R1 (scalability in large robot teams) and R4 (communication efficiency).

Taken together, DBC is not merely a combination of existing consensus strategies but introduces
a structurally adaptive consensus paradigm grounded in information theory. By embedding uncertainty
quantification directly into the aggregation mechanism, the method systematically bridges the gap identified
in Section 3.4 and provides a coherent, requirement-driven solution for decentralized context modeling
under uncertainty.
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5 Evaluation and Discussion
This section presents the simulation-based evaluation of DBC. The setup, simulation environment,

evaluation metrics, and results are described to assess performance, robustness, and scalability under
uncertain information.

5.1 Experimental Setup
The experimental evaluation is conducted through a simulation framework specifically developed

for decentralized heterogeneous robot teams. The Python code used for the simulation, along with a
brief execution guide, is available online (https://github.com/hsu-aut/RIVA_Decentralized_Consensus). The
primary objective is to assess the performance, robustness, and scalability of consensus methods under
realistic environmental and operational conditions.

The mission of the robot team is to detect and localize 28 mines within an unknown terrain. Due to
individual sensor limitations, occlusions, and environmental noise, no single robot can reliably confirm mine
positions on its own. Therefore, a distributed consensus process is required to merge local observations into
consistent shared beliefs.

The robotic team consists of a mix of UAVs and UGVs. In the standard configuration, each simulation
includes one UAV and two UGVs, reflecting a typical reconnaissance-verification workflow in heterogeneous
teams: UAVs provide rapid wide-area screening, while UGVs perform closer inspection and confirmation.
This division of roles models practical deployments in which aerial platforms detect candidate targets and
ground units verify them. To examine scalability, additional experiments are conducted with larger team
sizes (see Section 5.4.3).

The perception model assumes vision-based object detection (e.g., CNN-based classifiers) producing
probabilistic confidence values. In the presented mine-detection experiments, the classification is binary
(mine vs. no-mine), i.e., M = 2. To simulate sensor uncertainty in a controlled and reproducible manner,
confidence scores are sampled from Gaussian distributions. The selected parameters (UAV: μ = 0.75,
σ = 0.02; UGV: μ = 0.95, σ = 0.02) reflect the typical difference between high-altitude, motion-affected
reconnaissance sensing and close-range ground verification. Gaussian sampling is used as an abstraction
of softmax-based confidence outputs, where uncertainty manifests as dispersion around a mean confidence
level. Samples are clipped to the interval [0, 1] to ensure valid probabilities, and the resulting belief vector is
p = (pmine, 1 − pmine). While real sensor noise may not be strictly Gaussian, this model enables systematic
variation of uncertainty while preserving comparability across methods.

To evaluate robustness against perception errors, false positives are intentionally injected into the sensor
stream. The False Discovery Rate (FDR) represents the proportion of incorrect detections relative to true
objects. Lower FDR levels correspond to moderate perception noise, while higher levels simulate challenging
conditions such as occlusion, cluttered environments, lighting disturbances, or model misclassification. The
upper range serves as a stress-test scenario to evaluate algorithmic stability under severe uncertainty.

All simulations run for 3000 s (50 min), approximating a mid-duration field mission. Each configuration
is repeated 10 times to account for stochastic motion, perception variability, and asynchronous communica-
tion. Performance is evaluated using the metrics defined in Section 5.3. In the event-driven implementation,
belief updates are triggered by new local observations or by reception of neighbor messages affecting the
corresponding object belief.

https://github.com/hsu-aut/RIVA_Decentralized_Consensus


Comput Model Eng Sci. 2026;147(1):31 19

Three distinct experimental series are conducted:

1. Performance Evaluation (Section 5.4.1): Various consensus algorithms from Section 3.3.2—including
LCP, WMSR, CDCI, DBBS, MLES and EEV—are compared against the proposed method DBC with
respect to their convergence behavior and accuracy.

2. Robustness Analysis (Section 5.4.2): The impact of uncertain and misleading observations on con-
sensus formation is evaluated by varying the False Discovery Rate (FDR), i.e., increasing the ratio of
false positives.

3. Scalability Study (Section 5.4.3): The behavior of the consensus algorithms is analyzed under increasing
team sizes to assess communication and convergence dynamics in large-scale deployments.

This structured experimental setup enables a comprehensive and reproducible comparison of consensus
strategies under varying environmental complexity, uncertainty, and team composition.

5.2 Simulation Environment
The simulation environment models a 1600 m × 1000 m two-dimensional terrain that represents

an unknown operational area containing buried mines, static obstacles, and varying terrain features. The
environment is shared by a heterogeneous team of autonomous mobile robots, including UAVs and UGVs,
which explore the area and collaboratively detect and verify mine positions.

All robots are free to navigate within the simulation area and operate independently according to
their predefined search strategies. The UAVs execute a continuous U-shaped sweep pattern, enabling rapid
and systematic area coverage. Due to its altitude and speed, it cannot interact with mines directly but
contributes valuable initial observations from a broad vantage point. The UGVs perform an initial random
exploration of the map. Upon receiving mine position information—either from their own observations or
via communication—they switch to goal-directed navigation to verify reported mine locations. UGVs plan
their paths using A* path planning to navigate efficiently to target positions, while allowing them to avoid
known static obstacles and mines.

The detection of mines is simulated based on probabilistic observations, which reflect the expected
output of modern AI-based object detection systems [19,50]. Each observation results in a confidence value,
which serves as input for the consensus formation process. These confidence values are sampled from
normal distributions that differ by robot type. These distributions model both the reduced certainty of
high-altitude UAV observations and the higher precision of low-altitude UGV sensing. Additionally, the
simulation explicitly injects false positive detections (Section 5.4.2) to model perception errors and test the
robustness of the decision-making process under uncertain information. The UAVs’ and UGVs’ motion
speeds, sensor ranges, and perception capabilities differ and are summarized in Table 3. These differences
reflect their distinct sensing roles within the heterogeneous team and are critical to the distributed fusion
of information.

Table 3: Operational parameters.

Parameter UAVs UGVs
Velocity v [km/h] 14.4 3.6

Detection range r [m] 30 10
Perception Confidence N (0.75, 0.02) N (0.95, 0.02)
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Inter-robot communication is modeled via an MQTT-inspired communication architecture with 4G
network characteristics, including asynchronous message transmission and latency times of 50–100 ms.
Robots exchange only relevant information, including newly detected mine positions and updates to their
internal beliefs regarding known mines. No global synchronization or central coordination is assumed.
This asynchronous, delay-prone communication model captures the practical challenges of distributed
information exchange in real-world field deployments and serves as a basis for evaluating the robustness of
the consensus methods.

5.3 Evaluation Metrics
To evaluate the performance of the consensus strategies under consideration, a set of metrics that

jointly reflect the quality, accuracy, speed, and reliability of the decision-making process is defined.
These metrics are partially adapted from the work proposed in [23] and are tailored to the scenario
addressed in Section 5.1. In contrast to a global scalar consensus value, as it has been considered in
previous publications [7,18,22,25,39,40,42], consensus is evaluated per object (e.g., mine) and the results are
aggregated accordingly.

5.3.1 Scatter during Consensus
The Scatter During Consensus quantifies the level of agreement among robots at a given time t. It is

defined as the sum of squared Euclidean distances between the mean belief ϕ (t) across all robots (e.g., the
existence of an object) and each robot’s current belief ϕri at that time:

ConsScatter (t) =
N
∑
i=1
[ϕ (t) − ϕri

(t)]2 (10)

This metric captures how dispersed or aligned the robot team is in its opinions. A lower scatter indicates
a higher degree of internal agreement. The final ConsScatter refers to the internal agreement at the end of an
experimental run.

5.3.2 Error during Consensus
While the Scatter During Consensus measures internal agreement, the Error During Consensus

evaluates how close the collective decision is to the ground truth. It is defined as the total absolute error
between each robot’s belief ϕri and the known true value ϕtrue :

ConsError =
N
∑
i=1
∣ϕtrue − ϕri

∣ (11)

This metric provides a direct measure of the accuracy with respect to the correct environmental
classification.

5.3.3 Consensus Time
The Consensus Time measures how quickly the team reaches a sufficiently coherent collective decision.

Rather than waiting for the absolute minimum of the scatter value—which may occur late or fluctuate due
to noise–consensus time is the first time step t where the scatter drops below 5% of the initial scatter.

ConsTime =min
t∈N
{t∣Scatter(t) ≤ 0.05 ⋅max

t′∈N
[Scatter (t′)] (12)
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5.3.4 Final Consensus Rate
In addition to timing and accuracy, the Consensus Rate quantifies the proportion of objects in the

environment for which the robot team successfully reaches consensus. It is defined as the proportion of
objects for which a valid consensus state is achieved according to the predefined consensus criterion.
In Eq. (13), this metric is computed using an indicator function I, which takes the value 1 if a valid consensus
is achieved for a given object and 0 otherwise. The final consensus rate is the percentage of objects for
which consensus was found by the end of the simulation. It provides a robust, object-level indicator of
the algorithm’s ability to generate consistent decisions across multiple targets and is particularly relevant in
scenarios with a high number of distributed, independent perception objects.

ConsRate = 1
K

K
∑
k=1

I (ok) (13)

5.4 Evaluation Results
In this section, the evaluation results are presented. The evaluation is structured into three parts:

performance under ideal conditions, robustness against uncertain information and false detections, and
scalability with respect to team size.

5.4.1 Performance Evaluation
The first experiment investigates how effectively different consensus algorithms reduce uncertainty and

reach agreement in the absence of artificial disturbances. The following methods from Section 3.3.2 were
compared: LCP, WMSR, CDCI, DBBS, MLES, EEV, and the proposed method DBC.

The summarized performance metrics are shown in Table 4. These include the average consensus time,
average final scatter, final consensus rate, and final error. DBC achieves a competitive consensus time of
63.6 s, markedly faster than WMSR (493.3 s) and slightly behind EEV (29.6 s), which benefits from its
strong bias toward early decision-making. In terms of scatter, DBC reaches one of the lowest average values
(0.004), indicating strong internal agreement within the robot team. All methods except CDCI achieve a
100% consensus rate in this ideal setup, and only EEV and DBC manage to reduce the final error below 3.

Table 4: Results of simulation experiments with regards to performance.

LCP WMSR CDCI DBBS MLES EEV DBC
Avg. ConsTime [s] 82.4 493.3 80.1 79.7 83.3 29.6 63.6
Avg. ConsScatter 0.004 0.028 0.056 0.001 0.003 0 0.004
Final ConsRate 100% 100% 96% 100% 100% 100% 100%

Final Error 10.1 11.9 5.1 7.5 5.5 0 2.3

Fig. 3 illustrates the evolution of the total error over time for each method. All methods begin with
similar initial error levels (which results from the 28 mines initially unknown to all robots) but differ in their
consensus speed and final accuracy. The DBC approach demonstrates a steep error reduction early in the
simulation and converges to a final error of 2.3, only surpassed by EEV, which achieves perfect accuracy (0.0)
in this noise-free scenario. This perfect accuracy is achieved by the behavior of EEV, which jumps directly to
the extreme perception value when a threshold value is exceeded. In contrast, traditional methods such as
WMSR and LCP show significantly slower convergence and higher residual error levels.
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Figure 3: Development of consensus error over time for various consensus methods.

These results confirm that DBC offers a competitive time with markedly lower error than most baselines;
EEV is fastest but more extreme.

5.4.2 Robustness Analysis
Controlled amounts of false positive detections were introduced into the simulation to assess the

robustness of the tested consensus algorithms under uncertain information. The False Discovery Rate (FDR)
defines the proportion of randomly inserted, incorrect mine detections and was varied in four levels: 0%,
16%, 33%, and 50%. This setup emulates false positive perception as it might occur with imperfect object
detection systems in the field.

In this experiment, the analysis focuses on a representative subset of the previously tested consensus
algorithms: LCP, CDCI, EEV, and the proposed DBC method. This selection reflects a diverse spectrum
of algorithmic behavior observed in the performance evaluation. LCP and CDCI serve as well-established
baselines with contrasting convergence strategies, while EEV and DBC represent the most promising
methods in terms of accuracy and convergence time. The remaining approaches showed similar or inferior
performance trends in earlier experiments and are therefore omitted here for clarity.

The results, shown in Table 5, show clear differences in robustness. Results degrade substantially with
rising FDR: for CDCI, the final consensus error increases from 5.1 (0% FDR) to 79.3 (50% FDR), while its
consensus rate drops from 96% to 89%. LCP follows a similar but slightly less severe trend. By contrast,
DBC’s final error remains low and stable, rising only marginally from 2.3 to 2.6 across the full FDR range.
Importantly, EEV does not maintain zero error at higher noise levels. While fast and decisive, EEV’s final
error increases from 0.0 at 0% FDR to 18 at 16%, 30 at 33%, and 84 at 50% FDR, reflecting its extreme-
value commitment strategy under false positives. Thus, EEV is highly efficient but notably sensitive to
uncertain information.
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Table 5: Results of simulation experiments with regards to robustness.

0% FDR 16% FDR 33% FDR 50% FDR

LCP CDCI EEV DBC LCP CDCI EEV DBC LCP CDCI EEV DBC LCP CDCI EEV DBC

Avg.
ConsTime 82.4 80.1 29.6 63.6 83.1 83.8 29.5 70.3 81.3 87.6 29.7 87.8 83.5 90.3 29.5 107.9

Avg.Cons
Scatter 0.004 0.052 0 0.004 0.005 0.055 0 0.003 0.006 0.056 0 0.002 0.006 0.075 0 0.003

Final
ConsRate 100% 96% 100% 100% 100% 93% 100% 100% 100% 90% 100% 100% 100% 89% 100% 100%

Final
Error 10.1 5.1 0 2.3 20.5 25.4 18 2.4 16.8 47.2 30 2.5 18.8 79.3 84 2.6

In terms of reliability, both EEV and DBC sustain a 100% consensus rate under all tested FDR levels,
consistently reaching agreement across the team despite injected noise. EEV is the fastest method in every
condition, with consensus times stable around 29.5 s. DBC’s consensus time increases from 63.6 to 107.9 s
as FDR grows, yet still converges considerably faster than CDCI or LCP at higher noise levels. Final scatter
values remain low and stable for both EEV and DBC, indicating strong internal alignment even under
substantial uncertainty levels.

Overall, the results demonstrate that DBC achieves robustness comparable to that of EEV while offering
better control over error dynamics and convergence behavior than traditional consensus mechanisms. The
use of confidence-weighted belief fusion enables DBC to selectively attenuate the influence of unreliable
or misleading observations, making it particularly well suited for deployment in uncertain and error-
prone environments.

5.4.3 Scalability Study
To analyze the scalability of the consensus algorithms, additional experiments were conducted with

increasing team sizes, ranging from 3 to 12 robots. In each configuration, the ratio of UAVs to UGVs was
kept consistent at 1:2, resulting in setups with 1 UAV + 2 UGVs, 2 UAVs + 4 UGVs, 3 UAVs + 6 UGVs, and 4
UAVs+ 8 UGVs. In all scalability experiments, the FDR was fixed at 33% to ensure a realistic and challenging
perception scenario for consensus formation.

The results in Table 6 indicate that the increase of team size strongly impacts traditional consensus
algorithms such as LCP and CDCI. As the team size increases, CDCI’s average consensus time grows from
87.6 s with 3 robots to 232.8 s with 12 robots, accompanied by a significant rise in final consensus error, which
reaches 104.1 in the largest configuration. Likewise, LCP also shows clear signs of degradation, particularly
in terms of consensus accuracy and final error, which climbs to 133.5 with 12 robots.

Table 6: Results of simulation experiments with regards to scalability.

3 Robots 6 Robots 9 Robots 12 Robots

LCP CDCI EEV DBC LCP CDCI EEV DBC LCP CDCI EEV DBC LCP CDCI EEV DBC

Avg.
ConsTime 81.3 87.6 29.7 87.8 83.1 131.1 30.4 90.6 85.6 225 30.5 92.1 88.3 232.8 32.7 105.4

Avg.
Cons

Scatter
0.006 0.056 0 0.002 0.013 0.104 0 0.001 0.012 0.269 0 0.003 0.013 0.314 0 0.005

Final
ConsRate 100% 90% 100% 100% 96% 75% 100% 100% 96% 61% 100% 100% 93% 68% 100% 100%

Final
Error 16.8 47.2 30 2.5 36.3 50.8 42 5.6 84.9 80.9 72 11.2 133.5 104.1 96 15.8
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In contrast, the EEV and DBC methods maintain consistent and robust performance as team size
increases. EEV continues to produce the fastest convergence times—remaining below 33 s across all setups—
and achieves a final consensus rate of 100% in all cases. However, EEV’s final error does increase noticeably
with larger teams, reaching 96.0 with 12 robots, suggesting that while it is fast and reliable in forming
agreement, its accuracy suffers in larger teams under uncertain conditions.

DBC again demonstrates the best balance of speed, precision, and reliability. Although its average
consensus time rises from 87.8 to 105.4 s as the team scales from 3 to 12 robots, the increase remains moderate
compared to CDCI or LCP. Moreover, DBC consistently maintains low final scatter values, a 100% consensus
rate, and a final error of just 15.8 in the 12-robot scenario. These results indicate that DBC is not only robust
to perception noise but also scalable with respect to team size, making it well suited for larger heterogeneous
teams operating in uncertain environments.

5.5 Discussion
The simulation results presented in Section 5.4 demonstrate that DBC achieves a stable balance between

convergence speed, robustness, and scalability across varying uncertainty levels and team sizes. These results
can be explained by the structural properties of the entropy-based weighting mechanism embedded in the
consensus process.

A central observation from the performance evaluation (Section 5.4.1) is that DBC converges slightly
slower than EEV under ideal conditions, yet achieves significantly lower residual error than most classical
averaging-based methods. This behavior directly results from the continuous certainty weighting. In noise-
free scenarios, entropy values decrease rapidly as beliefs become more concentrated. Consequently, certainty
values Ω i increase, increasing the relative influence of concentrated beliefs in the fusion step and accelerating
convergence. However, unlike extremum-based methods, DBC does not enforce binary commitment once
a threshold is exceeded. Instead, convergence emerges progressively through convex fusion, preventing
overshoot and preserving probabilistic consistency. This explains why DBC achieves near-optimal accuracy
while maintaining stable dynamics.

The robustness analysis (Section 5.4.2) reveals a more pronounced structural difference. As the False
Discovery Rate (FDR) increases, methods such as LCP and CDCI exhibit rapidly growing consensus error.
These algorithms treat observations either equally or through state-based transitions, without explicitly
quantifying uncertainty. False positives therefore propagate proportionally through the network and accu-
mulate. In contrast, DBC attenuates unreliable information automatically. In the implemented perception
model, injected false detections tend to yield less concentrated and less consistent belief distributions, which
increases entropy and lowers certainty values. Reduced certainty reduces their relative influence via the
certainty-weighted coefficients ω j, limiting the impact of misleading observations. As a result, error growth
remains minimal even at 50% FDR.

EEV demonstrates the opposite dynamic. Its expectation-based extremum rule enforces rapid conver-
gence under clean conditions, but when false positives dominate, incorrect directional bias is amplified rather
than damped. This explains the steep error increase observed for EEV at higher FDR levels. DBC avoids this
amplification effect because certainty is continuous and adaptive rather than binary.

The scalability results (Section 5.4.3) further illustrate the structural advantages of local certainty-
weighted fusion. As team size increases, classical averaging mechanisms accumulate noise contributions
from a larger number of agents, leading to higher final error. DBC, however, scales influence by local
certainty and neighborhood structure. Since aggregation depends on ∣ Ni ∣ rather than the global team size N ,
increasing team size does not proportionally increase instability. Larger teams introduce more information,
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but only high-certainty contributions significantly shape the consensus, which explains the moderate growth
in convergence time and controlled error increase.

An important practical aspect concerns communication uncertainty, particularly packet loss. While the
evaluation focuses on asynchronous communication and latency effects, a dedicated sweep over packet loss
rates and network partitioning is left for future work. DBC operates asynchronously and does not require
synchronized global updates. If messages from certain neighbors are lost, the aggregation step is performed
using the subset of available beliefs. The convex normalization in (7)–(9) remains valid for any subset of
Ni , ensuring mathematical consistency under partial communication. High packet loss primarily reduces
update frequency rather than altering the update rule itself. In addition, packet loss may lead to temporarily
inconsistent beliefs across robots. Such inconsistencies increase entropy, thereby lowering certainty and
automatically dampening outdated or conflicting information. This entropy-driven attenuation is expected
to contribute to stability in lossy networks. However, prolonged network partitioning or complete isolation
of subgroups may delay convergence, as information exchange becomes structurally limited.

5.6 Advantages and Limitations
The DBC algorithm offers several notable advantages. First, it integrates a mathematically grounded

uncertainty measure directly into the consensus mechanism, enabling adaptive influence modulation
without predefined robustness parameters. Second, the method operates in a fully decentralized and
asynchronous manner, supporting scalability in heterogeneous robot teams. Third, experimental results
demonstrate a favorable balance between convergence speed, robustness to false detections, and scalability
with increasing team size. These properties make DBC a promising candidate for decentralized collective
perception under uncertainty.

Despite these strengths, several limitations must be critically examined, particularly with respect
to real-world deployment. A primary limitation concerns the evaluation environment. The validation of
DBC has been conducted exclusively within a controlled simulation. Although the simulation incorporates
stochastic sensor noise, communication delays, and false detections, it cannot fully reproduce the chaotic and
nonstationary characteristics of physical hardware systems. Real robots experience additional disturbances
such as calibration drift, vibration-induced perception errors, temperature-dependent sensor degradation,
and correlated noise patterns. Furthermore, wireless communication in field environments may exhibit
burst packet loss, asymmetric link quality, or temporary network partitioning, phenomena that are difficult
to approximate with simple stochastic delay models. Consequently, while the simulation demonstrates
structural robustness, it does not guarantee identical performance under complex physical conditions.

A second limitation relates to correlated and systematic errors. DBC attenuates uncertainty by lowering
the influence of high-entropy belief distributions. However, if multiple robots share a systematic bias—such
as identical miscalibrated perception models or training data biases—incorrect beliefs may still exhibit low
entropy and therefore high certainty. In such cases, DBC may reinforce consistent but wrong interpretations,
as the entropy measure captures dispersion rather than correctness. This limitation is particularly relevant
in heterogeneous systems integrating similar AI pipelines. A related limitation is probability calibration. If
local perception models are overconfident, predictive entropy may underestimate uncertainty, causing Ω to
overweight unreliable beliefs. Incorporating calibration procedures or uncertainty estimates beyond softmax
entropy is therefore an important extension.

Third, the communication model assumes intermittent but generally available connectivity. While DBC
tolerates packet loss by operating on partial neighborhood information, prolonged network partitioning may
delay or prevent global consensus. If subgroups remain disconnected for extended periods, independent local
consensuses may form that require additional reconciliation mechanisms once communication is restored.
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Finally, computational and bandwidth demands increase with the number of maintained objects and
class probabilities. The continuous exchange of full belief distributions and certainty values may strain
resource-constrained platforms, particularly in larger teams or multi-class scenarios. Entropy scaling further
implies decreasing certainty values as the number of classes grows, potentially slowing convergence in
high-dimensional classification tasks.

In summary, while DBC provides structural robustness under modeled uncertainty, comprehensive
real-world validation with physical robot platforms remains essential. Future work should therefore include
hardware experiments, stress testing under burst communication failures, and analysis under correlated
perception biases to fully assess operational robustness beyond simulation.

6 Conclusion and Future Work
This paper addressed the challenge of decentralized consensus formation under uncertainty in hetero-

geneous multi-robot systems. In real-world deployments, autonomous robot teams must generate consistent
shared context models despite incomplete sensing, asynchronous communication, and varying levels of
reliability across platforms. Robust collective perception is therefore a fundamental prerequisite for cooper-
ative decision-making in domains such as search and rescue, mine detection, infrastructure inspection, and
defense-related operations.

To meet this challenge, the DBC algorithm was introduced. The core idea of DBC is the integration of
an entropy-based certainty measure directly into the belief aggregation process. By transforming Shannon
entropy into a bounded certainty value, each robot adaptively modulates its influence according to the relia-
bility of its local belief. This results in a decentralized, asynchronous, and scalable consensus mechanism that
balances convergence speed with robustness against uncertain or misleading information. The experimental
evaluation demonstrated that DBC achieves stable and reliable performance across varying uncertainty levels
and increasing team sizes, comparing favorably to established consensus algorithms.

From a methodological perspective, future work should extend DBC beyond binary classification
settings toward richer multi-class and multi-attribute context models. As the number of classes increases,
entropy scaling may reduce discriminative certainty resolution. Investigating refined uncertainty metrics
or hybrid confidence measures could enhance robustness in higher-dimensional belief spaces. In addition,
adaptive communication strategies—such as event-triggered information exchange or certainty-based trans-
mission thresholds—should be explored to reduce bandwidth requirements in communication-constrained
environments. Further methodological extensions include addressing calibration and correlated model bias.

A central priority is real-world validation. In a planned experiment, DBC will be deployed on a
heterogeneous team consisting of UAVs and UGVs in an outdoor mine-detection test environment. The
setup will emulate varying packet loss rates and sensing conditions to reflect realistic field constraints. The
same performance metrics used in simulation—consensus time, consensus error, and consensus rate—will
be measured to ensure direct comparability. This experiment will allow systematic assessment of DBC under
hardware-induced noise, communication instability, and environmental disturbances, thereby bridging the
gap between controlled simulation and operational deployment. Further integration of DBC into broader
autonomy architectures also represents a key research avenue. Embedding the consensus mechanism within
decentralized task allocation, distributed planning, or learning-based coordination frameworks could enable
tighter coupling between collective perception and cooperative action.

In conclusion, DBC provides a principled, entropy-driven approach to decentralized consensus under
uncertainty. By explicitly incorporating quantified belief uncertainty into the aggregation process, it advances
the robustness and scalability of collective perception. Continued methodological refinement and rigorous
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real-world validation will be essential steps toward deploying uncertainty-aware decentralized consensus in
practical autonomous robot teams.
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