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Abstract

This proof-of-concept study examines whether a Bayesian Network (BN) can augment the
evidentiary layer of the Joint Authorities for Rulemaking on Unmanned Systems (JARUS)
Specific Operations Risk Assessment (SORA) 2.5. The architecture retains the official Final
Ground Risk Class (GRC), Residual Air Risk Class (ARC), and Specific Assurance and
Integrity Level (SAIL) state spaces and uses a deterministic SAIL mapping, while uncertain
operational evidence is represented probabilistically. A VLOS airframe-inspection scenario
at Riga Airport and a deliberately adverse stress scenario are used to illustrate model
behavior. Under the assumptions encoded in the submitted model, the modal states for
the airport scenario coincide with the conventional SORA classifications (GRC 4, ARC
c, and SAIL IV), and one-way sensitivity identifies aircraft size classification, ground-
risk mitigation effectiveness, and airspace complexity as the strongest model drivers.
These numerical posteriors are assumption-dependent outputs of uncalibrated engineering
judgements, not observed frequencies, validation evidence, or probabilities of regulatory
approval. The present contribution is therefore limited to demonstrating feasibility and
sensitivity analysis value; empirical calibration, structured elicitation, multiple operational
cases, and release of the executable model and complete parameter tables are required for
independent replication and practical use.

Keywords: UAS; safety risk assessment; SORA 2.5; Bayesian network

1. Introduction
The rapid proliferation of Unmanned Aerial Systems (UASs) has fundamentally al-

tered modern aviation, expanding capabilities across precision agriculture, environmental
monitoring, infrastructure inspection, logistics, and surveillance [1]. Concurrently, break-
throughs in avionics [2], autonomous navigation, and communication infrastructure now
permit highly intricate operations in dense urban environments, airport vicinities, and
beyond Visual Line of Sight (BVLOS). While these advancements yield clear economic
and operational efficiencies, they introduce critical safety challenges regarding airspace
traffic density, operational complexity, and conflict management with conventional manned
aviation. Safely integrating UASs into shared airspace demands rigorous, reliable risk
assessment methodologies.

European regulators address this challenge via risk-based frameworks, where safety
mandates scale directly with operational complexity. Within the European “Specific” cate-
gory, the primary regulatory mechanism is the Specific Operations Risk Assessment (SORA).
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Developed by the Joint Authorities for Rulemaking on Unmanned Systems (JARUS) and
codified by the European Union Aviation Safety Agency (EASA), SORA systematically
evaluates ground and air risks to establish target levels of safety assurance [3–7]. The
framework has been successfully adapted to diverse use cases, ranging from urban aerial
cinematography [8] to strategic flight planning for large remotely piloted aircraft [9].

SORA is intentionally categorical and pre-operational. Its tables provide a consistent
regulatory classification, while uncertainty in exposure estimates, encounter conditions,
reliability evidence, or mitigation performance is handled through conservative categories,
supporting evidence, and competent-authority judgement rather than reported as proba-
bility distributions. This can limit the analyst’s ability to examine how uncertain inputs
affect neighboring classifications, particularly for automated or high-frequency BVLOS
concepts. A complementary probabilistic model may therefore be useful when the evidence
supporting a classification is incomplete or variable.

Bayesian Networks (BNs) can combine heterogeneous evidence and propagate uncer-
tainty through explicit conditional dependencies [10–12]. A static BN can update posterior
distributions when evidence changes between assessments, but it does not model tempo-
ral transitions or continuous in-flight risk. Existing Bayesian UAS risk models generally
target accidents, mission, or third-party risk rather than reproducing the formal SORA
GRC-ARC-SAIL state structure, which limits direct traceability to SORA decision points.

This study develops a hybrid SORA-BN proof of concept whose technical focus is the
explicit mapping of uncertain evidence to the official Final GRC and Residual ARC state
spaces, followed by the deterministic SORA 2.5 SAIL mapping. The intended decision-
support capability is not a new authorization rule but an auditable sensitivity view showing
which evidence assumptions can move the regulatory classification.

Specifically, this study aims to

• Critically review contemporary methodologies in UAS safety risk assessment;
• Isolate and define the core structural and operational limitations of the standard SORA

framework;
• Evaluate the mathematical and practical suitability of BN for complex aviation risk

profiles;
• Construct a unified, deployable hybrid SORA–BN model;
• Illustrate the proposed framework with an airport-inspection scenario and a contrast-

ing adverse stress scenario, comparing modal BN outputs with equivalent SORA
classifications and evaluating sensitivity rather than predictive accuracy.

2. Literature Review
Research on UAS safety combines regulatory assessment, engineering hazard analysis,

collision and ground risk modeling, and probabilistic methods. This section synthesizes
the approaches most relevant to uncertainty-aware SORA decision support and identifies
the specific gap addressed by the proposed architecture.

2.1. UAS Safety Risk Assessment

UAS applications now include infrastructure inspection, agriculture, logistics, and
disaster response [13,14]. Their expansion introduces technical, human, environmental,
cybersecurity, airspace, and regulatory hazards. Safe integration therefore requires a struc-
tured process for hazard identification, risk assessment, mitigation, and documentation.
The principal risk categories are summarized in Table 1.
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Table 1. Key risks and challenges in UAS operations [1].

Risk Category Description

Mid-air collisions
Spread of UASs increases collision risk with other drones and manned aircraft [15,16].
Requires airspace congestion management, collision prevention systems, tracking
technologies, and strict flight path compliance.

Technical failures UASs rely on multiple sensors [17]; any may fail or provide inaccurate data. Mitigation
includes component reliability, pre-flight checks, and backup systems.

Environmental factors Wind, rain, fog, and lightning affect stability and navigation. Real-time weather data
integration into flight planning is essential.

Human error Misinterpretation of data, navigation mistakes, poor decision making [18]. Requires strict
training, certification, and procedural compliance.

Privacy concerns Surveillance raises privacy issues; requires guidelines for data collection, sharing, storage,
and transparent public communication.

Cybersecurity threats Vulnerabilities in control systems, data transmission, and navigation. Mitigation includes
encryption, intrusion detection systems, and secure communication protocols.

Regulatory compliance Navigating local/international laws, airspace restrictions, and operational limitations.
Adhering to evolving frameworks is vital for safe, legal operations.

2.1.1. The Role of Risk Assessment in UAS Operations

As UAS operational volumes expand, systematic risk evaluation supports proactive
safety management [14]. The process identifies hazards, assesses whether residual risks
are tolerable, and specifies the mitigations required to protect third parties and infrastruc-
ture [19]. Unlike certification-centered approaches for crewed aviation, UAS assessments
are tailored to the operation: a rural VLOS mission and an urban BVLOS mission present
materially different exposure and encounter conditions. As delineated in the general-
ized workflow in Figure 1, this life cycle continuously bridges hazard identification, risk
assessment, mitigation deployment, and comprehensive documentation.

Figure 1. Safety risk assessment phases [20].

This application-oriented strategy is becoming increasingly important for advanced
applications such as Urban Air Mobility, autonomous flights, and multi-UAS coordinated
flights. Safety Risk Management, for example, has been successfully implemented in
multi-UAS operations in the airport setting [21].

2.1.2. UAS Risk Assessment Methodology

Risk assessment in UASs involves the use of risk indicators, risk analysis, and risk
evaluation. The estimated risk is compared to a pre-set standard or criterion, and additional
mitigation measures are put in place where the result is greater than the accepted level [22].
This process helps maintain a balance between safety, efficiency, and cost effectiveness [23].
Safety assessment usually answers three questions [24]:

• What may go wrong? (hazards);
• What is the likelihood of the event? (probability);
• What are the consequences? (severity).
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The total operational risk may be expressed as:

R = ∑
h

P{h} ∗ Rh (1)

where P{h} is the probability of hazard type h, and Rh is its conditional risk. The assessment
may either calculate and aggregate hazard-specific risks or model the complete operation
within a single integrated framework [22]. In commercial aviation, the first approach is
commonly associated with airworthiness certification [25], whereas integrated models are
frequently used for mid-air collision risk quantification [26].

2.2. Regulatory Framework for UAS Operations

European UAS regulation applies a risk-based approach in which requirements are
proportional to the characteristics of the operation. The EASA framework, supported
by JARUS methodologies, distinguishes Open, Specific, and Certified categories [3], as
summarized in Table 2.

Table 2. Risk-based UAS categories under EASA and JARUS.

Feature Open Category Specific Category Certified Category

Risk level Lowest Medium Highest

Typical
operations

Recreational flights and
lightweight aerial
photography

BVLOS, airport-adjacent,
populated-area, or
heavier-UAS operations

Passenger or dangerous-goods
transport and other high-risk
operations

Operational
limits

VLOS, generally below 120 m,
within prescribed category
limitations

Defined case by case through
the operational authorization

Requirements comparable to
crewed aviation, including
certified aircraft and
organizations

Risk assessment
No operation-specific
assessment beyond category
compliance

Formal operational risk
assessment, commonly using
SORA

Certification and
airworthiness requirements
(e.g., AMC RPAS.1309)

Example of use Hobby flying and real-estate
photography

BVLOS infrastructure
inspection and suburban
drone delivery

Air taxi or cargo-drone
operation over a city center

The categories are intended to maintain an Equivalent Level of Safety (ELoS), meaning
that UAS operations should achieve a safety level comparable to relevant conventional
aviation activities [27]. This proportional framework avoids imposing excessive require-
ments on simple missions while ensuring more rigorous assessment and certification for
higher-risk operations.

2.3. Existing UAS Risk Assessment Methods

UAS risk assessment methods differ in purpose, granularity, and treatment of uncer-
tainty. Fault Tree Analysis (FTA) traces combinations of causes leading to an undesired
event, whereas Event Tree Analysis (ETA) examines possible consequences following an
initiating event. Failure mode and effects analysis (FMEA) evaluates component failure
modes, and Bow-Tie Analysis links threats, preventive barriers, consequences, and recov-
ery controls. These engineering methods are useful for causal and barrier analysis but
are generally configured for a defined system and scenario. SORA instead assesses the
operation for regulatory authorization.
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2.4. Specific Operations Risk Assessment (SORA)

SORA was developed by JARUS and adopted within the EASA regulatory framework
for Specific-category UAS operations [21]. It provides a structured, risk-based process for
determining whether a proposed mission can be conducted with an acceptable level of
safety. It has also been described as an expert-based decision process for evaluating risks to
third parties in the air and on the ground [22]. The principal stages are shown in Figure 2.

Figure 2. SORA process [4].
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The assessment begins with a Concept of Operations (ConOps) describing the mission,
aircraft, operating area, flight profile, environmental conditions, and planned mitigations.
SORA then determines the Ground Risk Class (GRC) and Air Risk Class (ARC), applies
relevant ground, strategic, and tactical mitigations, and derives the Specific Assurance and
Integrity Level (SAIL). The SAIL establishes the robustness required for the applicable Op-
erational Safety Objectives (OSOs), ensuring that safety requirements remain proportional
to mission risk.

2.5. Principles of Bayesian Networks

Bayesian Networks (BNs) are probabilistic models for representing uncertainty and
updating beliefs when new evidence becomes available. Their mathematical basis is Bayes’
theorem:

P(A|B) =
P(B|A) ∗ P(A)

P(B)
(2)

Let A stand for the event or hypothesis, B for the evidence observed, P(A) and P(B) for
the respective prior probabilities, P(B|A) for the likelihood of evidence assuming A, and
P(A|B) for the posterior probability of A given B.

A BN consists of a directed acyclic graph and associated Conditional Probability
Tables (CPTs) [11]. Each node represents a variable, each edge encodes a conditional
dependency, and each CPT specifies the distribution of a child node for every combination
of parent states. The joint distribution factorizes into the product of each node’s conditional
distribution given its parents [12]. This structure permits evidence updating and the
combination of observations with expert knowledge. Prior UAS BNs, however, usually
produce safety, mission success, collision, or third party-risk outcomes rather than an
explicit mapping to SORA’s Final GRC, Residual ARC, and SAIL states.

2.6. Research Gap

The research gap is narrower than the absence of probabilistic UAS risk models. Exist-
ing BNs could in principle be post-processed or remapped to SORA categories, but such a
mapping requires explicit state definitions, evidence semantics, separation of probabilis-
tic and deterministic rules, and traceability to the SORA tables. The technical question
addressed here is whether those design choices can be implemented coherently while
exposing the sensitivity of SORA-equivalent outputs to uncertain evidence.

Accordingly, the contribution is an architecture that (i) aligns BN child states with
the official Final GRC and Residual ARC categories; (ii) preserves the SAIL lookup as a
deterministic rule; (iii) keeps containment and OSO robustness outside the probabilistic
network; and (iv) reports posterior state distributions and evidence-state sensitivity as
analytical, assumption-dependent outputs. Table 3 distinguishes this scope from selected
prior approaches.

3. Comparative Analysis of Existing UAS Risk Assessment Methods
Following the literature review, the principal UAS risk assessment methods were

compared to determine their suitability for increasingly complex operations. The analysis
focuses on their purpose, scope, treatment of uncertainty, regulatory applicability, and
practical requirements.

3.1. Evaluation Criteria

Six criteria were used to compare the methods. The first was primary purpose: SORA
supports operational authorization [4], whereas FTA and BN methods primarily investigate
failure mechanisms, causal dependencies, or risk outcomes [23].
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The second criterion was risk scope, ranging from specific outcomes such as mid-air
collision or injury to people on the ground [28] to integrated pathways involving technical,
human, environmental, and operational factors.

The third criterion was uncertainty treatment. SORA uses categorical tables supported
by evidence and expert judgement [29], whereas BNs and Monte Carlo simulation can pro-
duce quantitative distributions but require substantially more data or elicited knowledge.

The fourth criterion was level of analysis. SORA evaluates a mission-level ConOps [30],
FMEA/FMECA examines component failure modes [23], and FTA and ETA represent causal
or event sequences.

The fifth criterion was the ability to revise results when evidence changes. Weather,
population exposure, communications, and air traffic vary across UAS operations [1],
and BNs can update posterior distributions when new evidence is entered [27]. The
sixth criterion was usability, assessed in terms of data, software, expertise, time, and cost
requirements.

3.2. Comparison of Methods

UAS risk assessment approaches can be grouped into regulatory methods, causal
models, collision risk models, and ground risk models [26]. Their principal characteristics
are summarized in Table 3.

Table 3. Comparison of UAS risk assessment approaches.

Method Primary Use Temporal Treatment Data Demand Regulatory
Acceptance Best Suited for

SORA Operational
authorization

Pre-
operational/static Low–medium High (EASA)

Standard
Specific-category
operations

FTA/ETA Failure and
consequence chains Static Medium Medium

Accident-
sequence
analysis

Bow-Tie
Barrier and
consequence
mapping

Static Medium Medium Communicating
mitigations

Bayesian
Networks

Integrated
probabilistic risk Evidence-updatable Medium–high Low/research

BVLOS, urban,
and automated
operations

Collision risk
models

Mid-air encounter
or collision
probability

Scenario-based High Medium
Airport and
traffic-intensive
environments

Ground risk
models

Injury or fatality
consequence Scenario-based High Medium Populated and

urban areas

SORA is the principal method for Specific-category operational risk assessment, but
it reports categorical outcomes rather than posterior probability distributions. FTA, ETA,
and Bow-Tie Analysis describe causal chains and barriers [30], while BNs update proba-
bility distributions when evidence changes [12]. Collision risk models focus on mid-air
encounters [31], and ground risk models estimate consequences to people or assets using
geographic, demographic, and impact data. These methods address different questions
and are complementary rather than interchangeable.
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3.3. Strengths and Limitations of SORA

SORA provides a structured mission-level workflow based on ConOps, GRC, ARC,
TMPR, SAIL, containment, and OSOs. Its regulatory recognition supports consistent
communication between operators and competent authorities, and its pre-flight process
promotes proactive identification and mitigation of risk. Its categorical structure and
reliance on evidence-supported judgement, however, do not directly show how uncertainty
in inputs redistributes confidence across neighboring classifications. Table 4 summarizes
the principal strengths and limitations.

Table 4. Summary of SORA strengths and limitations.

Aspect Detail

Strengths

Standardized process A step-by-step workflow improves transparency, repeatability, and
comparison between missions.

Regulatory recognition Accepted within major regulatory frameworks, including EASA
and other authorities [32].

Integrated ground and air assessment Combines GRC, ARC, SAIL, and mitigation requirements within
one operational process.

Proactive safety management Requires a detailed ConOps and documented mitigations before
authorization.

Evolving methodology SORA Version 2.5 refined population density, aircraft size, and
mitigation provisions [32].

Limitations

Categorical and expert-dependent Risk classes are derived from predefined tables and judgement,
which may introduce variability.

Pre-operational/static The assessment does not continuously revise risk when weather,
traffic, or system performance changes.

Limited representation of complex operations Autonomous, multi-UAS, and shared-airspace interactions require
additional modeling support [21].

Documentation burden Higher SAIL levels may require extensive evidence and resources,
especially for smaller operators [33].

Future-system integration UTM/U-space, autonomous detect-and-avoid, and real-time data
exchange are not represented probabilistically.

SORA therefore remains an effective regulatory foundation, but its analytical capability
can be supplemented by probabilistic methods that explicitly represent uncertainty and
dependencies among operational factors.

3.4. Bayesian Networks as a Complementary Approach

A BN is a directed acyclic graph in which variables and conditional dependencies
are encoded through CPTs or canonical parameterizations. It provides complete posterior
distributions, combines operational evidence with expert judgement, and permits evi-
dence to be updated between assessments. These features can support uncertainty-aware
UAS mission analysis. Table 5 positions the present study relative to selected SORA and
Bayesian approaches.
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Table 5. Positioning of the present study relative to selected SORA and Bayesian approaches.

Study/Approach Relationship to SORA Architecture and
Parameter Basis

Decision-Support Capability
and Limitation

JARUS SORA 2.5
[5–7]

Official Specific-category
framework

Deterministic rule tables,
defined evidence, and
competent-authority

judgement

Produces regulatory
classifications and assurance
requirements; does not report

posterior probability mass.

SORA Tool,
Schnüriger et al. [33]

Digital implementation of
the SORA workflow

Encodes the SORA process
without a Bayesian
uncertainty layer

Supports structured completion
and documentation of the

regulatory assessment.

Han et al. [34] No complete
GRC-ARC-SAIL mapping

BN focused on quantitative
urban logistical-UAS

ground risk

Estimates ground risk outcomes;
does not retain the complete

SORA decision structure.

Wang, Zhu, and Li
[12]

Independent of the
complete SORA workflow

Hierarchical BN linking
risk drivers to safety,
mission success, and

third-party risk

Provides systemic risk and
sensitivity insights but not
posterior mass over official

SORA states.

Present study

Aligns Final GRC and
Residual ARC states and

retains deterministic SAIL
mapping

Eight soft evidence nodes;
Noisy-MAX for GRC/ARC;

deterministic SAIL;
uncalibrated engineering

parameters

Demonstrates
assumption-dependent
posterior and sensitivity

reporting over SORA-equivalent
states; no empirical validation

or approval prediction.

The main challenges are variable definition, causal or dependency justification, param-
eter elicitation, and validation. When operational data are limited, probability assignments
can be dominated by expert judgement. A BN therefore remains an analytical supplement
and does not acquire regulatory standing independently of SORA.

3.5. Comparative Discussion

The reviewed methods address different decision problems. SORA provides the
recognized regulatory classification process; engineering methods explain failure and bar-
rier pathways; and BNs represent uncertainty and conditional dependence. The specific
contribution evaluated here is the feasibility of reporting assumption-dependent proba-
bility mass and sensitivity over SORA-equivalent endpoints while preserving the official
deterministic mappings.

4. Methodology of Work
This concept-driven proof-of-concept study constructs a static BN augmentation of

JARUS SORA 2.5 and illustrates its behavior using an airport airframe-inspection sce-
nario. The workflow comprised review of regulatory and scientific sources, comparison
of alternative methods, definition of the network structure and state spaces, conventional
SORA assessment of the scenario, BN evidence assignment, internal boundary checks, and
one-way evidence-state sensitivity analysis.

4.1. Research Design

The research was conducted in five phases. First, relevant regulations and the scientific
literature were reviewed to identify UAS risk assessment requirements and modeling
constraints. Second, regulatory, engineering, and probabilistic approaches were compared.
Third, Final GRC and Residual ARC state spaces were represented as probabilistic BN
nodes, while the SAIL mapping remained deterministic. Fourth, the airport-inspection
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scenario was assessed using conventional SORA and the same scenario evidence was
entered into the BN. Fifth, modal coherence, favorable and adverse boundary conditions,
and one-way evidence-state sensitivity were examined. Figure 3 summarizes the workflow.

Figure 3. Research workflow.

4.2. Data Sources and Regulatory Baseline

The framework draws on three source groups: regulatory documents, peer-reviewed
literature, and an illustrative case description. JARUS and EASA documents define the reg-
ulatory workflow, state spaces, and deterministic mappings. The scientific literature on BNs,
aviation safety, probabilistic risk assessment, human–machine–environment–procedure fac-
tors [35], and UAS operations informed the candidate variables and dependency rationale.
The airport airframe-inspection example was selected because it combines ground-exposure,
aircraft, mitigation, and controlled-airspace considerations.

The regulatory baseline is JARUS SORA Edition 2.5, introduced into EASA guidance
by ED Decision 2025/018/R and incorporated into the June 2026 Easy Access Rules for
Unmanned Aircraft Systems [5–7]. The BN extends only the evidentiary path to Final
GRC and Residual ARC; SAIL is obtained through the official deterministic mapping.
Containment Requirements (Step 8) and Operational Safety Objectives (Step 9) remain
deterministic outputs of the SORA workflow and are not BN nodes.

4.3. Bayesian Network Implementation and Node Structure

The proposed BN was implemented in GeNIe Academic software 3.0. It contains eight
evidence nodes, two probabilistic regulatory classification nodes (Final GRC and Residual
ARC), and one deterministic SAIL node.

The evidence nodes are Human Performance, Technical Reliability, Environmental
Conditions, UAV Dimensions, Population Density, Airspace Complexity, Ground Risk
Mitigations, and Air Risk Mitigations. Final GRC has six parents: Population Density,
UAV Dimensions, Technical Reliability, Environmental Conditions, Human Performance,
and Ground Risk Mitigations. Residual ARC has five parents: Airspace Complexity, UAV
Dimensions, Environmental Conditions, Human Performance, and Air Risk Mitigations.

The regulatory layer consists of the Final Ground Risk Class (GRC), Residual Air Risk
Class (ARC), and Specific Assurance and Integrity Level (SAIL). The GRC and ARC nodes
were modeled probabilistically using Noisy-MAX parameterization, allowing uncertainty
in the evidence nodes to propagate through the network. The SAIL node preserves the
official SORA 2.5 mapping between Final GRC and Residual ARC and therefore represents
the regulatory outcome rather than an alternative risk metric.

https://doi.org/10.3390/aerospace13090848
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The BN terminates at the SAIL node. Containment Requirements and OSO robustness
are not represented as Bayesian nodes because SORA defines them through deterministic
rule tables after SAIL has been established. They are therefore reported separately to
preserve the official SORA workflow.

4.4. Model Parameter Development

Three source types were used during model development: (i) documented aircraft
characteristics and explicit case assumptions; (ii) SORA 2.5 state definitions and rule tables;
and (iii) published safety literature and engineering judgement used to define candidate
dependencies and illustrative probability assignments. NASA ASRS material [36] was
consulted only as a qualitative plausibility check for recurring human, environmental,
communication, and airspace factors; it was not used to estimate priors, causal parameters,
or CPT entries.

The submitted model uses soft two-state distributions for all eight evidence nodes, as
reproduced in Table 6 and Figure 6. Documented aircraft dimensions and speed remain
physical observations for the conventional SORA calculation, but the BN’s UAV Dimen-
sions node uses a soft large/small assignment as a modeling assumption. Environmental
conditions, population density, and mitigation effectiveness are likewise represented by
soft distributions rather than 100-percentage-point evidence.

No reproducible ASRS search protocol, date window, report-identification list, inclu-
sion criteria, or coding log was contained in the submitted materials. Consequently, this
revision does not describe the ASRS consultation as a systematic screening and does not
attribute any numerical parameter to ASRS. A future empirical study should preregister the
query, retain report identifiers, define a coding framework, document duplicate handling,
and report how each coded hazard maps to a node and state.

Final GRC and Residual ARC were parameterized in GeNIe using ordinal Noisy-MAX
relationships. In a Noisy-MAX model, each parent state has a cause-specific distribution
over the ordinal child states; the parent contributions and any leak term are combined
under causal-independence and monotonicity assumptions to generate the full CPT [37].
These assumptions reduce the number of elicited values but do not make the parameters
empirical. The SAIL node does not use Noisy-MAX: it applies the deterministic SORA 2.5
lookup from Final GRC and Residual ARC.

4.5. Proof-of-Concept Evaluation Method

The illustrative airport case was first assessed using SORA 2.5 to determine the
reference classifications. Equivalent case evidence was then entered into the BN to obtain
distributions over Final GRC, Residual ARC, and SAIL. Containment Requirements and
OSO robustness were derived separately from the official SORA procedure.

The comparison focused on equivalent regulatory endpoints rather than alternative
risk metrics. For each endpoint, the analysis reports the conventional SORA classification
together with the posterior probability distribution obtained from the Bayesian Network.
This permits examination of how the assumed input uncertainty is distributed across the
regulatory state labels without modifying the underlying SORA decision process.

5. Development and Justification of the Proposed Model
5.1. Conceptual Framework of the Hybrid Model

SORA 2.5 supplies the official classification and assurance structure. The BN represents
uncertainty in the evidence entering Final GRC and Residual ARC, while SAIL remains a
deterministic mapping. Containment and OSO reporting are kept outside the probabilistic
core. Figure 4 summarizes this relationship.

https://doi.org/10.3390/aerospace13090848
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Figure 4. Relationship between the SORA 2.5 decision structure and the Bayesian augmentation.

The framework retains the official Final GRC, Residual ARC, and SAIL state spaces.
Evidence and mitigation assumptions feed the probabilistic Final GRC and Residual ARC
nodes, and the official lookup maps those states to SAIL. Containment Requirements and
the OSO robustness profile are then obtained separately from the applicable SORA 2.5 rule
tables. Figure 5 illustrates this traceable separation.

Figure 5. Simplified directed acyclic graph of the SORA-BN framework.

5.2. Why SORA and Bayesian Networks?

SORA was selected because it provides the recognized mission-level process for UAS
operations in the European Specific category. Its standardized terminology and traceable
classifications, mitigations, and assurance requirements provide the regulatory endpoints
to which the BN states are aligned.

BNs were selected because they represent uncertainty explicitly, combine heteroge-
neous evidence, and update posterior distributions when evidence changes [30]. Here, their
analytical role is to show how the assumed evidence distributions affect SORA-equivalent
classifications and to identify the inputs with the greatest influence on the SAIL distribution.

The implementation is a static BN. It supports posterior updating when evidence is
changed before or between assessments, but it does not model temporal state transitions,
automatic sensor ingestion, or continuous in-flight risk. The terms “dynamic” and “real-
time” therefore do not describe the present model.

5.3. Bayesian Network Architecture

The network is implemented as a layered directed acyclic graph in GeNIe. The
evidence layer contains eight operational variables represented by the distributions in
Table 6. Final GRC has the state space {≤2, 3, 4, 5, 6, 7, >7}, and Residual ARC has {a, b, c,
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d}. SAIL has {I, II, III, IV, V, VI, certified-category outcome} and is mapped deterministically
from Final GRC and Residual ARC. Containment Requirements and OSO robustness are
determined after SAIL from the SORA 2.5 tables. The analytical outputs are posterior state
distributions and sensitivity measures, not regulatory decisions. The four-layer structure is
shown in Figure 6.

Figure 6. Layered architecture of the revised Bayesian model.

The implemented network contains eight root evidence nodes, two probabilistic
regulatory classification nodes (Final GRC and Residual ARC), and one deterministic
SAIL node.

The framework does not estimate the probability that a competent authority will
grant an operational authorization. Under Article 12 of Commission Implementing Regu-
lation (EU) 2019/947, authorization follows the competent authority’s evaluation of the
operational risk assessment, mitigations, and supporting evidence. The outputs of the
present model are therefore limited to uncertainty distributions over the official SORA
classifications and to the identification of parameters that influence those classifications.

5.4. Variables and Causal Relationships

Variables are classified as documented observations, soft evidence assignments, or
regulatory states. Documented dimensions, mass, and speed support conventional air-
craft and kinetic energy characterization. The BN evidence nodes use the explicit soft
distributions reported in Table 6, including the UAV Dimensions state assignment. Final
GRC and Residual ARC are probabilistic regulatory-state nodes, while SAIL is determin-
istic. This distinction prevents a probability assignment from being misrepresented as a
measured frequency.

The core regulatory nodes and their state spaces are presented in Table 7. Deterministic
rule nodes are used where SORA prescribes an exact mapping; probabilistic conditional
distributions are used only for uncertain evidence and mitigation performance. This
separation prevents Bayesian assumptions from altering the regulatory classification logic.
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Table 6. Principal evidence groups in the revised SORA-BN model.

Evidence Group SORA Function Role in the Bayesian Model

Aircraft and operation Supports intrinsic ground risk and
operational envelope determination.

Documented dimensions and mass define the
aircraft size category. Maximum speed is used in
the conventional kinetic energy/iGRC
calculation, whereas nominal speed describes the
mission.

Ground exposure Supports intrinsic and Final GRC
determination.

Represents uncertainty in exposed-person
density, occupancy, sheltering, and adjacent-area
conditions.

Ground risk mitigations Supports reduction from intrinsic to
Final GRC where applicable.

Represents evidence and uncertainty concerning
mitigation applicability, integrity, and
performance.

Airspace and traffic Supports initial and Residual ARC
determination.

Represents airspace class, encounter
environment, traffic density, segregation, and
operational altitude.

Air risk mitigations
Supports strategic mitigation and
Tactical Mitigation Performance
Requirements.

Represents uncertainty in coordination,
procedural separation, detect-and-avoid, and
tactical performance.

Operational and
environmental conditions

Supports relevant containment and
OSO assessments.

Represents weather, communication, navigation,
human performance, and technical reliability
evidence where they influence SORA
requirements.

Table 7. Core Bayesian Network node groups and state spaces.

Node Group Representative States Parent Information/Function

Observed evidence Case-specific measured or
documented values

ConOps, aircraft data, operational area, airspace,
planned procedures, and implemented
mitigations.

Uncertain evidence Discrete states or fitted probability
distributions

Exposure, traffic conditions, environmental
variation, technical reliability, and mitigation
performance.

Final GRC {≤2, 3, 4, 5, 6, 7, >7} Derived from the applicable intrinsic GRC and
ground-risk mitigation evidence.

Residual ARC {a, b, c, d} Derived from initial ARC and applicable
strategic air-risk mitigation evidence.

SAIL {I, II, III, IV, V, VI, certified-category
outcome}

Deterministic SORA 2.5 mapping from Final
GRC and Residual ARC.

Probabilistic assessment
outputs

Posterior probabilities and sensitivity
measures

Quantifies confidence and identifies influential
uncertain parameters; it is not an approval
outcome.

Each directed edge represents an operationally interpretable parent–child relationship.
The current structure nevertheless assumes conditional independence among parents
given each child, as required by the selected canonical parameterization. Interactions
among weather, communication, human performance, traffic, exposure, and mitigation
effectiveness were not tested. Structural alternatives and d-separation implications should
therefore be included in future validation.

https://doi.org/10.3390/aerospace13090848

https://doi.org/10.3390/aerospace13090848


Aerospace 2026, 13, 848 15 of 28

5.5. Parameterization and Regulatory Mapping

Parameterization follows the evidence hierarchy in Section 4.4. Table 6 reports the
baseline root node distributions visible in the implemented model. For the two ordinal
classification nodes, a complete reproducibility record consists of every parent-state Noisy-
MAX causal distribution, any leak distribution, the generated CPT, the node ordering,
and the software/model version. The joint distribution factorizes as the product of each
node’s conditional distribution given its parents [29]. Canonical Noisy-MAX is used
only for ordinal probabilistic nodes satisfying causal-independence and monotonicity
assumptions [37]; it is not used for the deterministic GRC-ARC-SAIL mapping, containment
rules, or OSO robustness table.

The current numerical output should be interpreted primarily as a sensitivity analysis
demonstration. They show how the assumed structure and parameters redistribute prob-
ability mass across official state labels, but they do not establish absolute real-world risk
probabilities or the likelihood of authorization. Table 8 summarizes the required traceability
for a fully reproducible model.

Table 8. Treatment of model information and parameters.

Model Element Specification Reporting Requirement

Observed evidence Fixed case-study value entered as
evidence

Source document, unit, date, and operational
definition.

Uncertain evidence and
mitigation performance

Illustrative probability assignments
based on engineering judgement, SORA
context, and published literature

Dataset or expert-elicitation source, fitted
distribution, uncertainty interval, and
sensitivity range.

Probabilistic
dependencies

Conditional Probability Table derived
from SORA logic and Bayesian modeling

Parent and child state order; all Noisy-MAX
causal distributions and leak terms; generated
CPTs; structural rationale; software/model
version; and validation checks.

Regulatory mappings Deterministic SORA 2.5 rule tables
Exact source table, state mapping, and
traceability to Final GRC, Residual ARC, and
SAIL.

Analytical outputs Posterior distributions, uncertainty
intervals, and sensitivity metrics

Full state probabilities and identification of
the modal state; no approval probability.

6. Case Study: Application of the Proposed Model
6.1. Description of the Case Study

A representative multirotor inspection of a stationary aircraft on an apron at Riga
Airport was developed to illustrate the framework. The example combines restricted-
ground-area assumptions with controlled-airspace coordination and is intentionally used
as a methodological demonstration rather than as evidence that the model generalizes to
other operations.

The mission is a single-UAS Visual Line-of-Sight (VLOS) operation. The crew consists
of one Coordinator, one Remote Pilot-in-Command (RPIC), one Ground Control Station
Operator (GCSO), and one Visual Observer (VO). The UAS maintains a nominal 3 m stand-
off distance from the aircraft, flies at 1 m/s during inspection, and records visual data. The
operation strategy is illustrated in Figure 7.
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Figure 7. Mission strategy.

The mission employs a DJI Matrice 600 SZ DJI Technology Co., Ltd., Shenzhen,
China [38] multirotor, which satisfies the operational requirements for infrastructure in-
spection while providing sufficient payload capacity and flight stability for visual data
acquisition. The operation’s specifications are summarized in Table 9.

Table 9. Operational characteristics for the airframe-inspection scenario.

Parameter Specification

Operation category (EASA) Specific

Location Riga International Airport, class C

Type of operation VLOS

Flight conditions Daytime, good weather

UAV MTOM, kinetic energy, size, max. speed 15.1 kg, 3.4 kJ, 1.668 m, 18 m/s with no wind [35]

Nominal speed of the operation 1 m/s

Flight limits 3 m from airframe, 23 m above ground, semi-autonomous

The case is a VLOS inspection in controlled airport airspace. A submission-grade
ConOps would additionally require verified operational and adjacent-area boundaries,
contingency volume, ground risk buffer, time-dependent exposed-person occupancy, local
traffic data, ATC arrangements, emergency procedures, and evidence for each claimed
mitigation. The simplified inputs used here are applied consistently to both assessments.

6.2. Risk Assessment Using SORA

Step 1: ConOps. The illustrative operation concerns visual inspection of a stationary
aircraft on Apron 5. Access to the operational area is assumed to be restricted to autho-
rized personnel, with coordination between the remote crew, airport operations, and ATC.
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These coordination and access controls are scenario assumptions and require documentary
evidence in an operational application. Figure 8 shows the stated mission location.

Figure 8. Operation location at Riga Airport.

The DJI Matrice 600 characteristics are described in Section 6.1. The regional estimate
of approximately 200 persons/km2 [39] is not a direct measurement of apron occupancy and
is therefore not treated as certain evidence in the BN. The conventional SORA calculation
uses a maximum aircraft speed of 18 m/s and the associated kinetic energy class, whereas
1 m/s is the nominal inspection speed. The maximum altitude is 23 m above ground level,
and the nominal stand-off distance is 3 m. Figure 9 illustrates the operational volume:

Figure 9. Operational volume for UAS airframe inspection.

The pre-flight scenario assumes that (1) the operational area is temporarily secured;
(2) access is restricted to authorized maintenance personnel; (3) continuous communication
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is maintained among the RPIC, Coordinator, and airport operations; and (4) the activity
is coordinated with ATC. During flight, the RPIC continuously maintains VLOS, the VO
monitors the surrounding airspace, and an immediate controlled landing is initiated if
unexpected traffic enters the operational volume.

Steps 2–3: Ground Risk Class (GRC) determination [6]. The quantitative SORA iGRC
model uses a characteristic dimension of 1–3 m, a maximum speed of 18 m/s, and the case
assumption of fewer than <500 people/km2. Under those assumptions, the intrinsic class
is iGRC 5 before mitigation. The density value is a regional proxy and would need to be
replaced by operation-specific occupancy evidence in a real application.

Three strategic mitigations are applied: (1) restricted operational area; (2) authorized
personnel only; and (3) emergency procedures. After applying these mitigations, the Final
GRC is reduced to 4.

Steps 4–5: Air Risk Class (ARC) determination. The operation takes place inside
the Riga CTR—class C airspace [40]. The intrinsic ARC is ‘d’ (highest risk). Figure 10
illustrates the estimation of initial ARC for the UAS airframe inspection.

Figure 10. Determination of initial ARC for the UAS airframe inspection.

The scenario assumes ATC coordination and apron closure together with VLOS opera-
tion by a dedicated RPIC and VO. Under these assumptions, the Residual ARC is assessed
as c.

Step 6: Tactical Mitigation Performance Requirement (TMPR) and robustness level.
These mitigations are used after aircraft takeoff with the goal of reducing any remaining
risk of a mid-air collision. Continuous visual observation of the operational volume was
maintained by both RPIC and VO. In addition, communication with airport operations
was maintained throughout the mission, and predefined emergency procedures were
established to ensure the immediate termination of the operation whenever unexpected
aircraft or vehicle movements were detected. Based on the operational characteristics
of the mission and the selected tactical mitigations, the Tactical Mitigation Performance
Requirement (TMPR) was assessed in accordance with the SORA 2.5 methodology [5,6].

Step 7: SAIL determination. The final SAIL was determined using the official SORA
2.5 mapping [5,6] between the Final Ground Risk Class (GRC 4) and the Residual Air Risk
Class (ARC c). The resulting SAIL IV establishes the required level of robustness for the
OSOs applicable to the proposed operation. This value serves as the regulatory baseline for
the subsequent BN implementation.

Step 8: Containment Requirements. The operation was against SORA 2.5 containment
provisions. The scenario assumes predefined operational boundaries, continuous visual
monitoring, and immediate termination following an unexpected hazard. Containment
remains a separate deterministic assessment and is not inferred from the BN or from the
SAIL value alone.

Step 9: Operational Safety Objectives. SORA specifies OSOs and the robustness
associated with each SAIL. Table 10 reports the applicable levels, using NR (not required),
L (low robustness), M (medium robustness), and H (high robustness).

Based on the determination of SAIL IV, the required robustness levels across the
17 available OSOs are distributed as follows: one (1) OSO is recommended with low
robustness, twelve (12) OSOs are recommended with medium robustness, and four (4)
of them are recommended with high robustness. This distribution reflects the increased
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assurance demands of a high-SAIL operation. The operator must demonstrate compliance
for each OSO at its prescribed robustness level. Low-robustness OSOs can be satisfied by
operator declaration; medium-robustness OSOs require documented evidence and inde-
pendent review by a recognized assessment entity; and high-robustness OSOs additionally
demand a Design and Installation Appraisal (DIA) or equivalent rigorous verification. For
the airframe-inspection scenario, meeting the medium and high robustness OSOs will
constitute the main effort in compiling the safety case.

Table 10. Recommended OSOs [40].

OSO ID Operational Safety Objective
SAIL

I II III IV V VI

OSO#01 Ensure that the UAS operator is a competent and/or proven
organization NR L M H H H

OSO#02 UAS designed and produced by a competent and/or proven
organization NR NR L M H H

OSO#03 UAS maintenance L L M M H H

OSO#04 UAS components essential to safe operations are designed to an
airworthiness design standard L M H H H H

OSO#05 UAS is designed considering system safety and reliability L L M M H H

OSO#06 C3 link characteristics (e.g., performance spectrum use) are
appropriate for the UAS operation L L M M H H

OSO#07 Conformity check of the UAS configuration L L M M H H

OSO#08 Operational procedures are defined, validated, and adhered to L L M H H H

OSO#09 Remote crew trained and current and able to control the
abnormal situation L L M M H H

OSO#13 External services supporting UAS operations are
adequate for the UAS operation L L M M H H

OSO#16 Multi-crew coordination NR NR L M M H

OSO#17 Remote crew is fit to operate NR NR NR L M H

OSO#18 Automatic protection of the flight envelope from human errors NR NR L M H H

OSO#19 Safe recovery from human error NR NR L M H H

OSO#20 A human factors evaluation has been performed and the HMI
found appropriate for the intended UAS operation NR L L M M H

OSO#23 Environmental conditions for safe operations defined and
measurable NR L L M H H

OSO#24 UAS designed and qualified to operate in adverse
environmental conditions NR NR M H H H

Step 10: Comprehensive Safety Portfolio (CSP). As the operation resulted in a SAIL
IV determination, the CSP for the Riga Airport inspection is structured in two phases.
Phase 1 contains Detailed Operational Information, the initial risk assessments (iGRC = 5,
GRC = 4, and ARC = c), a demonstration of the resulting SAIL IV, and a list of the required
17 OSOs and their proposed means of compliance. Phase 2 provides the final evidence
that all OSOs are satisfied at their required robustness levels, including documented
evidence for the 12 medium and 4 high robustness OSOs. This evidence, together with the
completed application forms and compliance matrix, forms the basis for an operational
authorization request.
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The results obtained using the conventional methodology represent the deterministic
baseline against which the proposed probabilistic framework is evaluated.

6.3. Safety Assessment Using the Proposed Model

The BN described in Section 5 was implemented in GeNIe Modeler [41]. Final GRC
and Residual ARC use ordinal Noisy-MAX parameterization, while SAIL uses deterministic
SORA lookup. Containment and the OSO robustness profile are reported outside the BN
and are not probabilistic endpoints.

Table 11 reproduces the evidence distributions displayed in Figure 11. These are
soft assignments used by the submitted model, including for environmental conditions,
UAV Dimensions, population density, and mitigation effectiveness. They are modeling
assumptions rather than measured frequencies or guarantees of implementation.

Table 11. Operational evidence assigned to the BN.

Input Node Distribution
Entered Evidence Class Supplied Materials Justification

Human
Performance Adequate (95%) Soft expert-informed

assignment
Crew qualification
and procedures

Assumed residual human
performance uncertainty; not
derived from observed
frequencies.

Technical
Reliability Good (97%) Soft expert-informed

assignment
Platform description
and pre-flight checks

Assumed reliability
distribution; no fleet failure
rate calibration.

Environmental
Conditions Mild (85%) Soft scenario

assignment

Nominal
daytime/good-
weather ConOps

Allows residual
adverse-weather uncertainty
rather than 100% mild
evidence.

UAV
Dimensions Large (55%) Soft model

assignment

DJI Matrice 600
dimensions and
mass [38]

Reproduces the submitted
BN input; physical
dimensions remain
documented observations for
SORA.

Population
Density Low (67%) Soft exposure

assignment

Regional proxy [39];
apron occupancy not
measured

Explicitly represents
uncertainty in applying a
regional density proxy to
time-varying apron
occupancy.

Airspace
Complexity High (95%) Soft expert-informed

assignment
Controlled Class C
airport context

Assumed high-complexity
environment with residual
state uncertainty.

Ground Risk
Mitigations Effective (90%) Soft implementation

assignment
Restricted area and
stated procedures

Represents uncertainty in
implementation and
performance; not a
guarantee.

Air Risk
Mitigations Effective (85%) Soft implementation

assignment

VLOS, observers,
restrictions, and
coordination

Represents uncertainty in
coordination and tactical
performance; not a
guarantee.

https://doi.org/10.3390/aerospace13090848

https://doi.org/10.3390/aerospace13090848


Aerospace 2026, 13, 848 21 of 28

Figure 11. Readability-enhanced reconstruction of the Bayesian Network implemented in GeNIe.

The evidence assignments combine simplified ConOps, public information, DJI docu-
mentation, and engineering judgement [3–6,38]. In particular, the population distribution
is not inferred from the regional average: 67% low and 33% high were assigned to acknowl-
edge that a regional proxy does not measure the maximum number of people present on
the apron. An operational application should replace this assumption with a time-resolved
headcount or occupancy distribution for the operational and adjacent areas.

After evidence assignment, the GeNIe inference engine generated posterior distri-
butions only for Final GRC, Residual ARC, and SAIL. Containment Requirements and
OSO robustness were not BN nodes and remained deterministic SORA outputs. Figure 11
presents the network and the rounded probabilities displayed by GeNIe.

SORA reports the categorical results obtained from its tables and supporting evidence;
those categories already embody conservative bins and judgement. The BN does not
replace that treatment. Instead, it makes the consequences of the modeled input uncertainty
explicit by distributing probability mass across possible GRC, ARC, and SAIL states.

For the airport scenario, the modal BN states coincide with the conventional classifica-
tions: Final GRC 4, Residual ARC c, and SAIL IV. This agreement is an internal coherence
check under the chosen structure and parameters, not validation. The neighboring-state
probabilities show how the assumed evidence distributions propagate through the model;
they should not be interpreted as empirical frequencies.

6.4. Comparative Analysis of the Results

Table 12 compares the conventional classifications with the modal states of the BN
under the same simplified case assumptions. The purpose is to test state-space and mapping
coherence, not to show predictive superiority.

For the selected assumptions, the modal BN states match the conventional Final GRC,
Residual ARC, and SAIL classifications. This is an implementation check only and does
not demonstrate calibration or general validity.

The additional analytical output is the distribution across neighboring regulatory
states and its sensitivity to evidence assignments. Because the CPTs are uncalibrated, the
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defensible use of these values is comparative: identifying influential assumptions and
priorities for stronger evidence.

Table 12. Comparative results between SORA and the Bayesian Network.

Assessment Element SORA Proposed Model

Ground Risk Final GRC = 4 Posterior probability distribution over GRC 2–7 (highest probability
assigned to GRC 4)

Air Risk Residual ARC = c Posterior probability distribution over ARC a–d (highest probability
assigned to ARC c)

SAIL SAIL IV Posterior probability distribution over SAIL I–VI (highest probability
assigned to SAIL IV)

A contrasting stress scenario is examined next to test the direction of model response
under a higher-risk combination of inputs.

6.5. Contrasting Higher-Complexity Stress Scenario

To provide a more demanding assessment than the nominal airport-inspection case,
a contrasting higher-complexity stress scenario was evaluated using the same network
structure. This scenario is not intended to represent an independently observed operational
case. Instead, it is used to examine the internal behavior of the proposed BN when multiple
risk-relevant evidence conditions deteriorate simultaneously. Human Performance, Techni-
cal Reliability, Environmental Conditions, Population Density, Ground Risk Mitigations,
and Air Risk Mitigations were assigned to their adverse states, while UAV Dimensions and
Airspace Complexity were fixed as large and high, respectively.

Under this configuration, the model produced a modal Final GRC of 6 (41.41%), a
modal Residual ARC of c (51.46%), with substantial probability mass assigned to ARC d
(42.38%), and a modal SAIL VI (52.06%).

Compared with the nominal airport-inspection scenario, this configuration simul-
taneously activates adverse human, technical, environmental, exposure, airspace, and
mitigation pathways. The resulting shift toward higher GRC and SAIL states provides
an internal directional-consistency check and demonstrates that the model responds co-
herently to a substantially more adverse combination of evidence. However, because the
scenario is hypothetical and uses the same uncalibrated model parameters as the primary
case, it should not be interpreted as an independent validation case or as evidence of predic-
tive performance. A genuinely independent second case would require separate ConOps,
operation-specific evidence assignments, and independently justified parameter inputs.

7. Discussion
This proof-of-concept evaluates whether a static BN can augment the evidentiary layer

of SORA 2.5 while retaining its formal state definitions and deterministic SAIL mapping.
The results test implementation behavior under stated assumptions; they do not establish
predictive validity or generalizability.

7.1. Interpretation of the Findings

For the Riga Airport scenario, the conventional assessment and the modal BN outputs
are Final GRC 4, Residual ARC c, and SAIL IV. SORA obtains its categorical outcome
through predefined bins, conservative assumptions, supporting evidence, and expert
judgement. The BN adds an explicit, assumption-dependent distribution over those states.
Containment Requirements and OSO robustness remain deterministic regulatory outputs
outside the network.
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The principal analytical value at this stage is sensitivity rather than absolute proba-
bility estimation. The model shows which evidence assignments most change the SAIL
distribution and therefore which inputs warrant stronger measurement, documentation,
or elicitation.

The deterministic mapping between GRC, Residual ARC and SAIL was intentionally
preserved in the proposed architecture. Consequently, uncertainty is introduced only
through operational evidence and mitigation performance, while the official regulatory
decision logic remains unchanged.

7.2. Sensitivity Metric and Analytical Value

One-way evidence-state sensitivity was quantified using the Total Variation Distance
(TVD) between the posterior SAIL distributions obtained under the favorable and adverse
states of each root evidence node. For given evidence node Xi, the node was first fixed to
its adverse state and then to its favourable state, while all other evidence nodes were kept
at their baseline distributions. The sensitivity of Xi, was calculated as:

TVD (Xi) = 1
2 ∑

s∈S
(P(SAIL = s | Xi = xadverse

i , X−i = xbaseline
−i )− P(SAIL = s | Xi = x f avorable

i , X−i = xbaseline
−i )) (3)

where Xi denotes the evidence node under investigation, X−i represents all remaining
evidence nodes, and S is the set of possible SAIL states (I, II, III, IV, V, VI, certified-category
outcome).

The terms xadverse
i and x f avorable

i denote the adverse and favorable states of the investi-
gated node, respectively, whereas xbaseline

−i represents the baseline evidence assignments for
all other nodes. P(SAIL = s | is the posterior probability of SAIL state s produced by the
Bayesian Network under the specified evidence configuration.

The TVD ranges from 0 to 1. A value of 0 indicates that changing the investigated node
from its favorable to its adverse state produces no change in the posterior SAIL distribution,
whereas a value approaching 1 indicates an increasingly strong redistribution of probability
mass across SAIL states. Consequently, a larger TVD indicates greater sensitivity of the
model output to the investigated evidence node.

Moreover, TVD is used as a model-sensitivity measure. It quantifies how strongly
the assumed state of an evidence node affects the resulting SAIL distribution within the
specified Bayesian Network; it should not be interpreted as a real-world risk probability
or as a measure of causal effect. Table 13 reports all eight root nodes; Figure 12 ranks the
same values.

Table 13. Internal verification and one-way evidence-state sensitivity for all root nodes.

Check Scenario or Perturbation Result Interpretation

Baseline modal
coherence Case evidence in Table 11 GRC 4, ARC c, and SAIL IV Internal implementation

coherence only.

Favorable extreme All root nodes forced to
favorable state

GRC 2: 94.00%; ARC a:
95.00%; SAIL I: 89.30%

Directionally consistent low-risk
boundary test.

Adverse stress
scenario

All root nodes forced to
adverse state

GRC 6: 41.41%; ARC c:
51.46% (ARC d: 42.38%);
SAIL VI: 52.06%

Directionally consistent high-risk
boundary test, not external
validation.

One-way sensitivity UAV Dimensions: Large vs.
Small SAIL TVD = 0.488 Largest model driver; state

assignment requires justification.

One-way sensitivity Ground Risk Mitigations:
Ineffective vs. Effective SAIL TVD = 0.180 Major evidence and

implementation priority.
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Table 13. Cont.

Check Scenario or Perturbation Result Interpretation

One-way sensitivity Airspace Complexity:
High vs. Low SAIL TVD = 0.147 Major driver of the air risk

pathway.

One-way sensitivity Human Performance:
Inadequate vs. Adequate SAIL TVD = 0.138 Influential uncalibrated

expert-assignment pathway.

One-way sensitivity Environmental Conditions:
Severe vs. Mild SAIL TVD = 0.137 Influence is similar to human

performance.

One-way sensitivity Population Density: High
vs. Low SAIL TVD = 0.108 Supports replacing the regional

proxy with occupancy evidence.

One-way sensitivity Air Risk Mitigations:
Ineffective vs. Effective SAIL TVD = 0.099 Moderate air-mitigation pathway

influence.

One-way sensitivity Technical Reliability: Poor
vs. Good SAIL TVD = 0.076 Smallest one-way effect in the

assumed model.

Figure 12. One-way evidence-state sensitivity of the SAIL distribution.

UAV Dimensions has the largest one-way influence on the SAIL distribution (TVD
0.488), followed by Ground Risk Mitigations (0.180), Airspace Complexity (0.147), Human
Performance (0.138), Environmental Conditions (0.137), Population Density (0.108), Air
Risk Mitigations (0.099), and Technical Reliability (0.076). These values rank influence
within the assumed model; they do not measure real-world causal effects.

7.3. Practical Implications

After calibration and validation, this type of sensitivity analysis could support pre-
application planning by showing which evidence assumptions move SORA-equivalent
classifications and by prioritizing verification of mitigation occupancy and airspace inputs.
The present rankings are illustrative and should be repeated across elicited parameter
ranges and alternative network structures.
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For competent-authority use, the method would require a complete, reviewable model
specification and evidence base. The authority would continue to assess the ConOps,
mitigations, containment, OSO evidence, and safety portfolio under SORA.

The implementation is static and supports evidence revision only between assessments.
Continuous in-flight use would require Dynamic BN with explicit time slices, transitions,
sensor ingestion, latency requirements, and operational decision thresholds.

7.4. Limitations

The primary case is a single, simplified VLOS airport-inspection scenario. The added
adverse scenario is only an internal stress test, so performance across other GRC, ARC, and
SAIL thresholds and across real operations remains unknown.

The root distributions and Noisy-MAX parameters are uncalibrated engineering judge-
ments informed by SORA and the published literature. ASRS material was used only as
a qualitative plausibility check, without a reproducible screening log, and did not deter-
mine numerical values. Therefore, the posterior probabilities are model-conditional belief
assignments, not accident frequencies or calibrated absolute risks.

Structural uncertainty arises from the simplified DAG and its conditional-independence
assumptions. Interactions among weather, communication, human performance, traffic,
exposure, and mitigation effectiveness may be more complex than represented. Noisy-MAX
additionally assumes monotonic, causally independent parent contributions and may not
capture interaction effects.

The model has not been calibrated or externally validated against accidents, incidents,
expert benchmark cases, or authorization decisions. It therefore cannot estimate the proba-
bility of regulatory approval, demonstrate improved safety outcomes, or support a claim of
superiority over SORA.

7.5. Future Research

Future work should evaluate multiple heterogeneous and boundary cases, including
rural VLOS, BVLOS infrastructure inspection, airport operations, and urban missions.
It should include structured expert elicitation, independent SORA review, parameter
uncertainty distributions, alternative DAGs, interaction tests, calibration where data exist,
and value-of-information analysis.

Future validation should use field and flight-log data, occurrence data, traffic and
exposure measurements, and structured expert elicitation. It should include logical bound-
ary testing, independent SORA review, parameter and structural sensitivity, uncertainty
propagation, and calibration where suitable reference outcomes exist. Dynamic BN de-
velopment should be considered only after time-stamped evidence, state transitions, up-
dating intervals, and sensor-integration requirements are defined. Further extensions
could address cybersecurity, human–machine interaction, multi-UAS operations, and U-
space/UTM integration.

A future extension should formulate the model as a Dynamic BN with explicit time
slices, transition probabilities, evidence-update intervals, and operational decision thresh-
olds. Such an extension would require time-stamped sensor and operational data and
should be evaluated for computational latency, calibration, and safe human–automation
interaction before any in-flight use is proposed.

8. Conclusions
This study demonstrates the feasibility of aligning a static BN with the Final GRC,

Residual ARC, and SAIL state spaces of SORA 2.5 while retaining the deterministic SAIL
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lookup. Containment and the 17-element OSO robustness profile remain separate deter-
ministic outputs.

Under the assumption of the illustrative airport case, the modal states are GRC 4, ARC
c, and SAIL IV. Favorable and adverse boundary checks move the model toward lower
and higher SAIL states, and one-way sensitivity identifies UAV Dimensions, ground-risk
mitigation effectiveness, and Airspace Complexity as the strongest model drivers. These
findings demonstrate internal model behavior only.

The numerical posteriors are assumption-dependent because the model uses uncal-
ibrated engineering judgements, a simplified structure, and a single primary scenario.
They must not be interpreted as real-world event frequencies, validated risk probabilities,
improved safety performance, or the likelihood of competent-authority approval.

The framework should therefore be treated as an analytical sensitivity prototype.
Release of the executable model and complete parameter tables, structured elicitation, multi-
scenario evaluation, structural testing, empirical calibration, and independent replication
are required before practical regulatory use can be considered.
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