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Abstract. This paper presents an ontology-based approach to proactive risk assess-
ment in high-risk industrial environments, with a focus on molten metal handling in
smelting plants. Distributed cognition theory serves as the theoretical framework,
guiding the grounded theory and thematic analysis by framing collaboration and
communication as emerging from interactions among operators, equipment, and
the environment. This lens emphasized shared knowledge and distributed responsi-
bilities, helping identify domain-relevant concepts critical for risk assessment. Ex-
pert insights from professionals at a Swedish smelting plant were systematically
elicited and structured into an ontology to support proactive risk management. A
prototype system integrating this ontology with a dynamic interface showed strong
alignment with expert decision-making and safety assessments. Moreover, the sys-
tem identified overlooked risks—such as hazardous equipment containing molten
metal—and received positive user feedback. While tailored for smelting opera-
tions, the methodology has broader applicability to improving information sharing,
decision-making, and safety in other socio-technical systems.
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1. Introduction

In high-stakes industrial environments, managing the logistics of hazardous materials is
a complex, critical process that leaves little room for error. At a major smelting plant in
Sweden (name withheld for confidentiality), operators and drivers handle molten met-
als at extreme temperatures, with even minor oversights potentially resulting in catas-
trophic incidents, such as explosions due to mishandled or improperly prepared ladles.
This environment exemplifies the challenges that arise in high-risk settings, where ef-
fective, proactive risk assessment is essential to maintaining safety and operational effi-
ciency—challenges that are also found in similar high-risk domains [1,2,3,4]. Achieving
this level of safety requires not only a robust technical solution but also seamless col-
laboration across roles. Each stakeholder—operators, drivers, supervisors—contributes
specific knowledge and perspective, from real-time positional awareness of ladles to the
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scheduling and procedural knowledge essential for managing operations. The expertise
and responsibilities distributed among these roles are interdependent and gaps in com-
munication or knowledge sharing can amplify risks. A successful solution must therefore
capture, integrate and continuously update the various perspectives and inputs of each
stakeholder, enabling the system to support coordinated, informed decisions across roles.

Traditionally, risk management in such dynamic settings has relied on statistical
models [5,6,7,8] or rule-based systems [9,10,11,12] to predict and mitigate potential haz-
ards. Recently, machine learning has emerged as a promising tool for risk assessment
in various domains [13,14,15], offering advantages in identifying general patterns and
predicting outcomes based on large datasets. However, while machine learning solutions
provide benefits in some domains, they often fall short in high-stakes environments due
to their dependence on extensive historical data [16,17,18]. In contexts like molten metal
handling, where incidents must be minimized and data on rare events is limited, machine
learning models struggle to provide proactive insights for situations not previously en-
countered. Furthermore, these models often lack the flexibility to adapt to fast-changing
conditions or to capture the nuanced interdependencies within complex systems.

To enable proactive risk assessment, a solution must capture three essential aspects:
(1) the entities involved, which include both physical entities, such as equipment and
operator roles, and non-physical entities, such as information flows, tasks, and poten-
tial risks; (2) the relationships between these entities, which include procedural depen-
dencies, communication flows, and causal links to risk factors that could compromise
safety; and (3) the rules that govern interactions, specifying safety protocols, operational
guidelines, and conditions under which certain risk causes may be triggered. Together,
these aspects create a foundation for a system that can anticipate potential risks, interpret
causal factors, and support informed, proactive decision-making in real-time. A compu-
tational method for modeling these requirements is the concept of an Ontology [19] and
Semantic Web Rule Language (SWRL) [20].

While ontologies have proven effective for risk assessment in diverse fields, such as
manufacturing systems [21], cyber-physical systems [22], construction safety [23], fault
detection [24], and traffic management [25], their application to the specific challenges
of molten metal handling, particularly regarding distributed knowledge and coordination
needs, remains unexplored.

Our approach to addressing these requirements followed a systematic knowledge en-
gineering process: 1) Acquiring domain understanding through on-site observations and
interviews with experts; 2) Qualitative analysis through the lens of Distributed Cognition
Theory [26]; 3) Ontology modeling and development; 4) Implementation and evaluation
of a proof-of-concept prototype.

This research uniquely utilizes distributed cognition theory as a theoretical frame-
work to develop an ontology tailored to smelting plant operations’ risks and operational
complexities. Through an in-depth knowledge elicitation process—including interviews,
observations, and scenario analyses [27] we capture and encode essential knowledge into
an ontology that reflects the critical entities, relationships, and rules within this environ-
ment.

An important aspect of our approach is the development of a digital twin [28], where
our ontology-based knowledge representation captures not just data but also the rela-
tionships and rules governing the molten metal handling system. In this case, the dig-
ital twin represents entities like ladles, slag trucks, drivers, operators and other critical
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components of the process, offering a dynamic, real-time digital model. This enables
logical analysis of processes and risks, providing proactive support through an ontology-
driven knowledge base, while laying the groundwork for future integration with various
learning systems and sensors.

The rest of this paper is structured as follows. In Section 2, related work on ontology-
based solutions in industrial safety systems are covered. In Section 3, the case study is
presented. In Section 4, the knowledge elicitation and modeling process is presented.
In Section 5, the resulting knowledge model—ontology—is presented. In Section 6,
the evaluation of a proof-of-concept prototype is presented. Section 7, the limitations,
strengths, and broader applicability of the approach is discussed. In Section 8, the paper
concludes with future research directions.

2. Related Work

Ontology-based approaches have been widely used for safety and risk assessment. Ah-
mad et al. [29] and Kostov et al. [30] applied ontologies to aviation safety, improv-
ing accident analysis and safety information management. Similarly, Bhosale et al. [31]
integrated safety-security risk assessment for industrial control systems, while Ding et
al. [32] and Gao et al. [23] developed ontology-driven safety management frameworks
in construction. In supply chain and manufacturing, Aboutorab et al. [33] highlighted
risk identification techniques, and Abadi et al. [21] utilized digital twins and ontolo-
gies for maintenance optimization. Wu et al. [34] proposed a Bayesian network-based
safety integrity evaluation for high-temperature molten metal operations, and Wu et al.
[35] applied fuzzy CREAM and Bayesian networks to analyze human reliability in such
operations. Salama et al. [36] utilized SWRL rules in a rule-based recommendation
system, demonstrating their capability in automated reasoning. Reda et al. [37] lever-
aged SWRL rules for smart home scenarios, showcasing their utility in context-aware
decision-making. The application of distributed cognition theory [26,38,39] in industrial
risk assessment settings has been limited.

Distributed cognition theory, explored by Liu et al. [38] and Lindblom and Thorvald
[40], remains underutilized in industrial risk assessment. Our approach introduces the
first ontology-based proactive risk assessment model for molten metal handling. Our ap-
proach distinguishes itself by combining distributed cognition theory with expert knowl-
edge and ontology-driven risk assessment, ensuring a practical and context-aware solu-
tion for molten metal handling. Unlike prior work, our methodology bridges theoreti-
cal ontology development with real-world application, capturing implicit knowledge and
complex risk factors often overlooked in generalized frameworks.

3. Case Study

This research centers on a smelting plant in Sweden, where molten metals at temper-
atures approximately 1250°C are handled using large ladles, which are transported by
specialized slag trucks (Figure 1a). The process involves three types of ladles: a drip
ladle positioned under the furnace during melting to catch any spillage, a slag ladle for
handling the residual slag byproduct, and a lead ladle for the final processed metal. Be-
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fore lead extraction, the residual slag—which has a lower density than lead and thus
accumulates at the top inside the furnace—must be carefully transferred to designated
slag ladles. These handling procedures require precise adherence to safety protocols, as
improper management presents severe explosion risks at two critical points: during emp-
tying (endangering drivers) and pouring (endangering operators). When unsolidified slag
contacts water from rain or snow, it can trigger dangerous steam explosions. To mitigate
this risk, a mandatory 72-hour waiting period ensures complete slag solidification before
ladles can be emptied and reused. This safety measure addresses explosion risks from
unsolidified slag and residual moisture, with multiple serious incidents occurring.

The current solidification process relies on manual operations with critical infor-
mation maintained on a physical whiteboard (Figure 1b), accessible only to operators.
Drivers, while aware of ladle placement in real-time, lack access to this broader opera-
tional overview. This division of cognitive labor creates a system vulnerable to commu-
nication gaps and errors, particularly dangerous given the high-stakes nature of molten
metal handling.

(a) Slag truck with a ladle 1 (b) Current solution to track ladles2

Figure 1. Case environment.

4. Knowledge Elicitation

An anonymous interview study was conducted followed by a thematic analysis. Dis-
tributed Cognition Theory served as theoretical framework for the knowledge elicita-
tion process3. This theory posits that cognitive processes are distributed across multiple
elements in the environment, including tools, individuals, and practices. In the context
of molten metal handling, this framework encompasses human agents (operators and
drivers), artifacts (physical objects that play a role in cognitive processes), tools (ladles,
trains, monitoring devices), and information flows between these components. The the-
ory considers how knowledge and responsibilities are shared among stakeholders, mak-
ing it particularly relevant for understanding complex industrial processes where infor-
mation distribution impacts safety and efficiency.

1Image adapted and used with permission.
2Photographed and used by author with permission.
3Material related to the knowledge elicitation process, including an ethical assessment, interview transcripts,

question formulations, evaluation and analysis frameworks, is available at https://github.com/RA-SPL/
Ontology-RA-SPL; With this, we aim to support transparency and reproducibility.
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The primary data was gathered through interviews with over 20 professionals at the
plant, from whom their thoughts and feedback on the system were recorded. A detailed
overview of the participants’ demographics is presented in Table 1. Among these, four
in-depth interviews were conducted, two with operators and two with slag truck drivers.
These interviews, lasting between 1.5 and 3 hours each, were significantly more detailed
and focused, serving as the foundation for the development of the ontology later created.

Role Count Age Range Experience (years) Gender

Operators 12 25-55 3-30 12M
Slag Truck Drivers 7 30-50 5-20 5M, 2F
Supervisors 3 40-63 15-30 2M, 1F
Maintenance Staff 2 35-57 10-15 2M

Table 1. Participant Demographics

The operators, with 20 and 7 years of experience respectively, provided in-depth insights
into control room operations and safety protocols. The slag truck drivers, with 8 and 3
years of experience in molten metal transportation, contributed highly relevant logistical
knowledge. The interviews consisted of 20 questions3, covering background and experi-
ence (1-2), operational challenges before, during, and after pouring (3–6), critical infor-
mation needs for ladle management (7–11), collaboration and safety concerns (12–13),
system requirements and usability preferences (14–20), with a focus on safety, efficiency,
and information flow. The answers were transcribed and analyzed from multiple per-
spectives using distributed cognition theory as the theoretical framework. In addition
to the interviews, direct observations of the processes were conducted, and the broader
feedback gathered from the other participants was considered. Together, these elements
played a crucial role in shaping the system’s ontology and deepening the understanding
of the operational context.

4.1. Knowledge Capture and Formalization

To illustrate the knowledge elicitation methodology, consider the response to Question
5: “What information is most critical to have available about a slag ladle?” Driver #1’s
answer provides key insights into the critical information needed for safe slag ladle han-
dling. The response, highlighting key domain concepts (marked in monospace), will
serve as a running example throughout the paper to demonstrate how our methodology
transforms raw expert knowledge into formal ontological structures and ultimately into
executable system rules. Statement by Driver #1:

“Ensuring that the [ladle] ends up in the right place (at the [solidification site]). If
its placed on the wrong [area] the next driver could take that ([unsolidified] [ladle])
and empty it, if that happens the consequence could be catastrophic. If the [slag] has not
been [solidified] for at least [72 hours]. At the moment we have no way of checking
this, the [information] is only available to the [operators] in their control room. We
have to call and ask if the next [ladle] with a specific [number] is actually [solidified]
for the actual time. And I know that not every [driver] calls, they trust that next one is safe.”

This response illustrates the type of domain knowledge gathered, highlighting key con-
cepts that informed our ontological model, from physical entities (ladle, area) to pro-
cess requirements (72 hours) and safety constraints (solidified). As we proceed
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through our methodology, we will show how these concepts are formalized into classes,
properties, and rules in our final system.

Through the lens of distributed cognition theory, we analyzed each transcribed re-
sponse through six key categories that reveal how information is distributed and trans-
formed throughout the system: Roles (identifying key actors), Tasks (describing their
actions), Tools (physical artifacts used), Information (critical data points), Rules
(governing protocols), and Relationships (interactions between components).

The analysis identified two key roles: Operator, coordinating from the control
room, and Driver, managing slag ladle transport to the solidification site. The tools cat-
egory highlighted the ladles themselves, while information elements encompassed crit-
ical data like solidification times, ladle numbers, and area assignments. Rules emerged
around safety protocols, such as the 72-hour solidification requirement and proper area
placement, with relationships capturing the vital yet problematic communication pat-
terns between operators and drivers. The analysis also revealed critical risks, specifically
one driver’s concern that “[...] if that happens the consequence could be catastrophic”
regarding unsolidified slag.

Table 2. Subset of concepts derived through the knowledge elicitation process.

Category Concepts

Roles Operator, Slag truck driver
Tasks Lubrication, Visual Inspection, Emptying of ladle, Emptying of Lead Ladle, Emptying Slag

Ladle, Lead Pouring at refinery, Pouring of lead, Slag pouring, Clear gas duct, Cooling of lead,
Cooling OK, Lead Pouring Done, Leave Slag Ladle, Pickup Slag ladle, Slag Solidification,
Maintenance, Reparations, Inspection, Milling, Sandblasting, Furberg Garage [...]

Tools Ladle, Lead Ladle, Slag Ladle, Drip Ladle, Train [...]
Information Time for solidification, Temperature of Ladle, Temperature of Lead, Temperature of Slag, Slag

Ladle not to be emptied, Fleetskill Order Pouring, Solidification Site, Leave on area, Get on
area, Area, Level of molten metal, LadleNr, Date, Time, Shift [...]

Risks Slag ladle not empty, Liquid in Slag ladle, Ladle not OK to lift, Hole in ladle, Fire Hazard,
Explosion Risk, Smoke Hazard, Loss of Production, Slag Ladle not warm [...]

To transform this distributed cognition analysis into a formal ontological structure,
we performed further aggregation of the experts’ insights. This process involved distill-
ing the categorized information into three key ontological components: classes (and sub-
classes), object properties (relationships between classes),and data properties (attaches a
class to a datatype value).

Analyzing participants’ descriptions of, e.g., ladle placement and types, we iden-
tified classes and their hierarchical relationships, with Ladle as a parent class and
SlagLadle as a specialized subclass. The described communication needs between op-
erators and drivers informed our object properties, such as hasLadleInArea connecting
ladles to their locations. The specific requirements mentioned— “[...] solidified for at
least 72 hours” —led to data properties like hoursSolidified, while the area and ladle
identification systems mentioned became AreaNr and LadleNr properties. This trans-
formation from the participants’ practical knowledge into formal ontological structures
provided the foundation for developing a comprehensive knowledge model capable of
supporting automated reasoning about the safety and operational decisions that the par-
ticipants’ highlighted as critical. Refer to Table 2 for a selection of identified concepts
categorized under each main category.
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Figure 2. Classes and subclasses with relationships in the ontology.

5. Ontology and System Architecture

The following section presents the ontological framework that emerged from our knowl-
edge elicitation process and demonstrates how it enables automated reasoning about
safety-critical situations in ladle management.

5.1. Ontological Framework

Our ontology captures the distributed knowledge and safety protocols identified dur-
ing the knowledge elicitation. The framework developed in the ontology editor Pro-
tégé centers around six main conceptual areas that emerged as critical for ladle man-
agement: Tools (including trains where the ladles are delivered to the driver and var-
ious ladle types), Materials (encompassing lead, slag, and potential contaminants),
SolidificationSite (representing areas where slag ladles solidify), Maintenance
procedures, and Risks. Figure 2 presents this ontology with its concepts, relationships,
and hierarchies.

5.2. Description Logic and Reasoning

The ontology’s power lies in its ability to encode and reason about complex safety rules
through its structural components and logical relationships. Building upon our running
example of Driver #1’s statement about solidification verification - “We have to call and
ask if the next ladle with a specific number is actually solidified” - we can examine how
the ontology represents and automates this knowledge. The hierarchical structure uses
classes (like Ladle) and subclasses (like SlagLadle), connected through object proper-
ties (such as hasMaterial) that establish relationships between entities. Data properties
like hoursSolidified capture critical values for safety assessment, such as the 72-hour
solidification requirement. These components work together through Description Logic
(DL) queries and Semantic Web Rule Language (SWRL) rules. SWRL rules consist of a
body (antecedent) and head (consequent), connected by an implication arrow (→). The
body contains class assertions and property relationships combined using logical and
(∧). For example, to automate the driver’s manual verification process, a rule checks if
an entity is a Ladle, has solidification hours, and if those hours are less than or equal (≤)
to 72, classifying such ladles as not solidified. The relationship between improper so-
lidification and explosion risks is captured through similar rules and risk classifications.
Table 3 presents a subset of SWRL rules derived from the knowledge elicitation process.
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Table 3. Subset of SWRL rules: Defining context-based decisions

Rule and Description

(#1) Ladle(?x)∧hasMaterial(?x,?y)∧Drip(?y)→ DripLadle(?x)
A ladle with drip material is classified as DripLadle.
(#2) Ladle(?x)∧hasMaterial(?x,?y)∧Slag(?y)→ SlagLadle(?x)
A ladle with slag material is classified as SlagLadle.
(#3) Ladle(?x)∧hasMaterial(?x,?y)∧Lead(?y)→ LeadLadle(?x)
A ladle with lead material is classified as LeadLadle.
(#4) SlagLadle(?x)∧hasMaterial(?x,?y)∧Liquid(?y)→ Explosion(?x)
Liquid in a slag ladle poses an explosion risk.
(#5) Ladle(?x)∧hoursSolidi f ied(?x,?t)∧ swrlb : lessT hanOrEqual(?t,72)→ SlagIsNotSolidi f ied(?x)
If less than 72 hours have passed, the slag is not solid.
(#6) Ladle(?x)∧hoursSolidi f ied(?x,?t)∧ swrlb : greaterT han(?t,72)→ SlagIsSolidi f ied(?x)
A ladle is okay for production if solidified over 72 hours.
(#7) Ladle(?x)∧SlagIsNotSolidi f ied(?x)→ NotOkForProductionSolidi f ication(?x)
A ladle is NOT okay for production if solidified under 72 hours.
(#8) Ladle(?x)∧hasMaintenanceStatus(?x, true)→ NotOkForProductionMaintenance(?x)
A ladle is NOT okay for production if it has some type of maintenance.
(#9) swrlb : equal(?currentArea,”southTrain”) ∧ f indNextLadle(?nextLadle) ∧ hasArea(?nextLadle,?-
nextArea)∧OkForProduction(?nextLadle)→ NextLadleForSouthTrain(?nextLadle,?nextArea)
Identify the next ladle for the south train.
(#10) Ladle(?x)∧hasMaterial(?x,?m)∧ swrlb : notEqual(?m,empty)∧hoursSolidi f ied(?x,?h)∧ swrlb :
add(?newH,?h,1)→ hoursSolidi f ied(?x,?newH)
Increment solidification time for non-empty ladles.
(#11) Ladle(?x)∧ hasArea(?x,?oldA)∧ hasTargetArea(?x,?newA)∧ swrlb : notEqual(?oldA,?newA) →
hasArea(?x,?newA)
Handle movement of ladles between areas.
(#12) Ladle(?x)∧hasArea(?x,southTrain)→ hasMaterial(?x,empty)∧hasPouringCompleted(?x, false)∧
hoursSolidi f ied(?x,0)
Reset ladle properties upon moving to the south train.

5.3. Ontological Reasoning in Practice

The ontology demonstrates its practical value through automated reasoning about vari-
ous safety-critical scenarios. Consider a situation where an operator or driver discovers
liquid residue in a ladle. By marking this in the system, the ontology applies the sub-
class of Material, which in this case is Liquid which in turn classes that ladle as the
ExplosionRiskLiquidInSlagLadle rule (see Table 3), which immediately classifies
the ladle as an explosion risk, making it visible to all users through red warning indi-
cators. The system’s reasoning extends beyond basic solidification time tracking to en-
compass multiple risk factors that could compromise safety. Maintenance scenarios sim-
ilarly benefit from this shared knowledge framework. When either profession marks a
ladle for maintenance—whether due to observed cracks, needed sandblasting, or sched-
uled inspections—the ontology evaluates the NotOkForProductionMaintenance rule.
This automatically removes the ladle from consideration for production tasks, visually
indicated through yellow warning markers. The system maintains this status until main-
tenance is completed and verified, ensuring that no ladle with pending repairs or inspec-
tions enters the production cycle.
The ontology also supports “look ahead” through the application’s time simulation capa-
bility. Users can fast forward through 1, 5, or 12-hour intervals to visualize future states
of the solidification areas. This feature runs all relevant rules against projected times,
showing which ladles will become available for production and identifying potential
bottlenecks. For example, when advancing time, the system continuously evaluates the
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SolidificationOver72Hours rule to determine which ladles will be safe for produc-
tion. This allows operators and drivers to plan their work more effectively, particularly
during shift changes or when coordinating maintenance schedules.

5.4. Implementation Architecture

The implementation consists of a web-based front end built with React 18.2 and a Python
3.11 Flask backend, integrated with an OWL 2.0 ontology using the Owlready2 reasoner
(version 0.41). The architecture enables real-time queries and updates to the knowledge
base through a RESTful API interface. The system processes SWRL rules via the Her-
miT reasoner integrated within Owlready2, providing continuous evaluation of safety
conditions and operational constraints. The interface, shown in Figure 3, displays solidi-
fication sites with interactive ladle icons and status indicators. Color-coding reflects op-
erational states: red (not ready for production), yellow (under maintenance), and green
(completed 72-hour solidification without risks). The system includes dedicated areas for
north and south train operations, where both train systems transporting their respective
ladles from the furnace to designated pickup points for the slag truck drivers.

The system also features practical utilities such as a ladle library, search function-
ality (enabled by translating searches to DL Queries), and time simulation controls that
allow users to project ladle states forward. Notably, the SWRL terminal window visible
in the screenshot provides transparency into the system’s decision-making process. For
each operation, it displays the corresponding Description Logic query, SWRL rule being
applied, and the resulting determination. This feature allows users to understand how the
system arrives at its safety and operational decisions, providing clarity and accountability
in the risk assessment process.

Figure 3. Proof-of-concept prototype; Visible ontology response provides transparency.

6. Evaluation

The evaluation process was conducted in two phases to assess 1) the decision-making
capabilities of the ontology, and 2) the usability of the dynamic interface. The first phase
focused on scenario-based testing, presenting participants with seven realistic operational
situations to compare their expert judgment against the system’s automated decisions.
The second phase comprised an usability assessment of the collaborative digital tool,
including hands-on interaction with the interface and structured feedback collection.
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Only participants with the roles of driver or operator were included in the evalua-
tion, as they are the primary end-users of the developed technology. This group is best
positioned to assess how accurately the system’s suggestions align with real-world con-
ditions. By incorporating both drivers and operators, the study captured valuable insights
into how information gaps and communication challenges emerge from different opera-
tional perspectives.
In Table 4 a summary of the experts’ answers and the ontology’s responses is presented,
with Central Rules referencing Table 3. In this context, correct placement refers to posi-
tioning newly poured slag ladles to ensure the next ladle to be emptied has been solidified
for the required minimum of 72 hours. This placement decision must account for mul-
tiple factors including maintenance status, potential liquid content, solidification time
of adjacent ladles, and scenarios with multiple empty areas where the safest placement
option may not be immediately apparent.

6.1. Scenario-Based Evaluation Results

Table 4. Scenario-Based Evaluation Overview. Further details available online3.

# Description Query Participant Responses Ontology Response &
Central Rules

1 Empty area between
newly poured and
solidified ladle

FindNextArea AND
LadleOKForProduction

All participants
correctly identified
optimal area
placement

Correct area identification
and ladle selection (Rule
#9, #11)

2Multiple empty areas
with varying
solidification times

FindNextArea AND Solid-
ificationOver72Hours

One participant
initially suggested
unsafe area; others
chose correctly

Selected safest area
considering solidification
times (Rules #6, #7, #11)

3 Risk assessment -
ladle contains
liquid/slag shell

ExplosionRiskLiquidIn-
SlagLadle AND
LadleOKForProduction

Noted no way to
know liquid content
without inspection

Identified and avoided
risky ladle (Rules #2, #4)

4Maintenance status
tracking

hasMaintenanceStatus AND
LadleOKForProduction

Noted difficulty
tracking maintenance
status

Identified and avoided
maintenance ladle (Rule
#8)

5 Available ladles in
storage

AreaNr AND
LadleOKForProduction

Relied on phone
communication to
verify availability

Real-time visibility of
available ladles (Rules #9,
#11, #12)

6 Ladle emptying time
constraints

FindNextLadleFor-
Production AND Time (not
allowed between 23:00 and
07:00)

Manual
communication about
emptied ladles

Automatic tracking of ladle
status (Rules #10, #12)

7 Optimal ladle
selection with
multiple constraints

FindNextLadleFor-
Production AND
LadleOKForProduction AND
SolidificationOver72-
Hours

All correctly
identified safe
alternatives

Selected optimal ladle
meeting all constraints
(Rules #6, #7, #8)

The evaluation process demonstrated the system’s reasoning and decision-making. On all
scenarios, the four experts evaluated the system’s proposed actions as correct, suggesting
that the new system’s logic matches experienced operators’ decision-making. Scenario
2 was particularly significant. When faced with a situation where there were multiple
empty areas on the solidification site, one expert suggested using a ladle placement that
could have resulted in an explosion. The system correctly prioritized the safest area, a
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decision later supported by the expert. Operator #2 noted, “An accident I was involved in
when driving the slag truck similar to this would never have happened with this system.”

The evaluation revealed several additional critical findings regarding safety and op-
erational efficiency. The system demonstrated significant value in addressing mainte-
nance tracking deficiencies that pose current safety risks. The limitations of the current
whiteboard system, which lacks clear maintenance status indicators, create a danger-
ous scenario where defective ladles can inadvertently enter production. As one operator
acknowledged when discussing real-world implications, a ladle requiring maintenance
would be “guaranteed to enter production” under the existing manual system, as stated by
Operator #1. The system also standardized placement procedures for newly poured slag
ladles, resolving inconsistencies in operators’ and drivers’ approaches and establishing
clear safety-first protocols. Furthermore, the digital system’s comprehensive documen-
tation capabilities addressed a crucial challenge in shift transition management, prevent-
ing the information loss that frequently occurs during handovers between teams. These
improvements collectively enhance both operational safety and process efficiency.

6.2. System Evaluation

The second part involved system demonstration of the interface followed by structured
evaluation using 23 questions (14 quantitative, 9 qualitative) on a 5-point Likert scale
(1 = Do not agree, 5 = Strongly agree). Figure 4 presents the quantitative scores across
the five key categories (Usability, Functionality, Visualization, Efficiency, and Safety),
inspired by [41].

Operators 4.33 4.75 4.67 4.38 4.83

Drivers 4.17 4.5 4.33 4.0 4.33

Us
ab
ilit
y

Fu
nc
tio
na
lity

Vi
su
ali
za
tio
n

Ef
fic
ien
cy

Sa
fet
y

Group’s lowest score

Middle scores
Group’s highest score

Figure 4. Heatmap of Mean Scores by Role

The system evaluation results indicate that operators rated safety the highest (4.83),
while drivers rated functionality the highest (4.5). This aligns with the scenario-based
evaluation, where safety-critical decision-making—such as risk assessment for slag la-
dles—was a key benefit of the system. The lower usability (Operators 4.33, Drivers 4.17)
and efficiency (Operators 4.38, Drivers 4.0) scores suggest that while the system pro-
vides valuable decision support, further refinements may be needed to streamline inter-
actions and reduce the effort required to access and act on information. The higher safety
rating from operators reflects their stronger reliance on risk assessment, while drivers
higher rating on functionality suggests they value the system’s ability to support oper-
ational tasks. These findings highlight a trade-off between detailed safety assessment
presentation and ease of use, which should be considered in future development efforts.

7. Discussion

A significant limitation of the model is its reliance on precise sensor readings from
the environment. Effectively integrating ontology-based reasoning with real-world data
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presents a challenge, particularly in dynamic industrial settings where sensor inconsis-
tencies can impact decision-making. While this challenge can be mitigated through ex-
tended knowledge bases and integration with machine learning methods designed to in-
fer and validate facts from the environment, ensuring continuous reliability remains an
ongoing concern. Another limitation is that the current model infers risks based on static
states but does not capture dynamic transitions between states. Hence, the model cannot
reason multiple steps ahead to predict risks. This is a focus for future work.

The evaluation results highlight the model’s effectiveness in improving safety,
decision-making support, and operational transparency. The system’s reasoning aligns
closely with expert judgment, successfully identifying risks that were overlooked in tra-
ditional methods. Furthermore, transparency is a key strength of the approach—not only
in decision-making but also in the knowledge elicitation process. All concepts within
the ontology can be traced back to their original expert interviews, ensuring clarity and
validation of the knowledge model. Additionally, the ontology-powered intelligent inter-
face (the evaluated prototype) supports visibility into risk factors and maintenance status,
minimizing human error. The structured representation of risk factors enhances collab-
oration among operators and drivers, fostering a shared understanding of critical safety
protocols. As a result, this approach offers a scalable foundation for future industrial ap-
plications, particularly when integrated with real-time monitoring and adaptive learning
techniques.

An ethical assessment of the study is available online4; the interview study and
expert evaluation were judged appropriate for implementation by authorized decision-
maker at Umeå University, Sweden. A key ethical concern in experiments involving au-
tomated reasoning is the risk of unpredictable system behavior affecting participants. To
address this, all evaluation took place in a synthetic, controlled setting. Expert input was
used to construct an ontology, and participants interacted only with predefined, paper-
based scenarios rather than the system. The same scenarios were submitted to the sys-
tem, allowing comparison of human and system responses against expert benchmarks.
Further considerations detailed in the ethical assessment.

8. Conclusion and Future Work

This work demonstrates how an ontology-based knowledge model, integrated with an
adaptive user interface, enables a digital twin of smelting plant logistics, providing a
shared knowledge base for proactive risk assessment. The approach facilitates improved
safety, decision-making, and operational transparency by structuring distributed knowl-
edge and critical safety constraints. The evaluation suggests that the system aligns with
expert decision-making while addressing existing communication gaps.

In future work, we aim to extend the theoretical framework to incorporate reason-
ing about dynamic changes in the domain. A promising direction is the development of
a transition system that models operational states, enabling forward reasoning for risk
prediction and backward reasoning for causal analysis. This would enhance the model’s
capability to support human-aware planning and improve proactive risk mitigation in
industrial settings.

4Ethical assessment available at: https://github.com/RA-SPL/Ontology-RA-SPL
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