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Human reliability is determinant for process safety and operational consistency in steelmaking. Error recovery
contributes directly to the final failure probability, yet applied studies addressing how system characteristics
influence recoverability and how to represent error and recovery in an integrated model remain limited. Human
Reliability Analysis (HRA) techniques provide a basis for recovery modeling, but their guidance is often insufficient
for complex industrial applications. This study presents a methodology that integrates Fault Tree Analysis (FTA)
with the HRA techniques HEART, SPAR-H, Petro-HRA, and APOA to model human error recovery in operation
and maintenance tasks in steelmaking processes. The approach is structured around a cognitive recovery sequence
composed of detection, diagnosis, planning, and execution, represented in FTA by an AND gate combining the
failure of each stage. Human Error Probabilities (HEP) were estimated using HEART and SPAR-H to assess
recovery under operating conditions. Two FTAs were developed as case studies: hot metal sampling in the blast
furnace, including selection of the sampling point and positioning of the lance in the metal stream, and replacement
of the planetary gear shaft of an overhead crane. The results show differences between HEP estimates, indicating
that HEART provides a more detailed representation of recoverability due to its contextual criteria. The proposed
methodology supports the identification of critical tasks and deviations affecting recovery and can be generalized to
other human-centered activities.
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1. Introduction

Human Reliability Analysis (HRA) techniques
were originally developed to complement Prob-
abilistic Risk Assessment (PRA) and Process
Safety Assessment (PSA), primarily in the context
of nuclear power plants (Swain and Guttmann
(1983)). These techniques aim to quantify the
contribution of human actions to system risk
by estimating Human Error Probabilities (HEP)
and identifying factors that influence human
performance. Over time, several HRA methods
have been proposed, including THERP, HEART,
SPAR-H, and CREAM, which differ in their

modeling assumptions, data requirements, and
treatment of contextual influences (Preischl and
Hellmich (2013)).

THERP (Swain and Guttmann (1983)) repre-
sents the first formal and quantitative HRA tech-
nique. It is based on Event Tree Analysis (ETA)
and provides a framework for decomposing tasks
and estimating HEP through nominal error proba-
bilities adjusted by Performance Shaping Factors
(PSF). THERP also introduced the modeling of
recovery actions, allowing the representation of
corrective steps following an initial error. The
quantitative formulation of HEP and the use of
multiplicative PSFs were later consolidated in

522



523Proc. of the European Safety and Reliability Conference (ESREL 2026)

the technical guidelines NUREG/CR-1278 and
the Human Reliability and Safety Analysis Data
Handbook (Gertman and Blackman (1994)).

Other techniques, such as HEART (Williams
(1985)) and SPAR-H Gertman et al. (2005), pro-
posed alternative approaches to HEP estimation.
Both methods rely on predefined nominal error
probabilities and emphasize the role of contex-
tual factors in shaping human performance. In
these techniques, task analysis is typically per-
formed before HEP estimation, but it is not di-
rectly embedded in the probabilistic structure of
the model. SPAR-H acknowledges the use of Fault
Tree Analysis (FTA) as a complementary repre-
sentation tool; however, FTA is not incorporated
as a core element of the method. In contrast,
HEART does not reference fault tree modeling in
its original formulation.

In the oil and gas sector, the SPAR-H frame-
work was adapted to address industry-specific op-
erational characteristics (Elidolu et al. (2023)),
one of the products resulting in the Petro-
HRA methodology (Bye et al. (2022);Taylor
et al. (2020)). Petro-HRA maintains the general
structure of SPAR-H while incorporating sector-
specific PSFs, task taxonomies, and guidance for
application in offshore and onshore operations.
To support the modeling of operational scenar-
ios, Petro-HRA introduced complementary tech-
niques, including the Accident Precursor and Op-
erational Analysis (APOA) (Øie et al. (2023),
which employs Fault Tree Analysis to represent
causal relationships among technical, organiza-
tional, and human factors (Cai et al. (2013)).

FTA is a deductive, logic-based method used in
reliability and risk analysis to model combinations
of failures that lead to an undesired top event
(Vesely et al. (1981)). In the context of HRA, FTA
provides a means to represent dependencies be-
tween human actions, system states, and recovery
opportunities. The integration of FTA with HRA
techniques remains limited, particularly with re-
spect to the structured representation of human er-
ror recovery processes (Kim et al. (2018); Kirwan
et al. (2008)).

Error recovery influences the final probability
of failure in industrial environments involving op-

eration, maintenance, and human–machine inter-
action. Recovery can be described as a cognitive
and operational sequence involving error detec-
tion, diagnosis, planning of corrective actions, and
execution. However, many HRA applications treat
recovery in a simplified manner or address it qual-
itatively, without a probabilistic representation of
its constituent stages.

In steelmaking processes, operational and
maintenance activities are conducted under con-
ditions that impose constraints on human perfor-
mance, including time pressure, thermal exposure,
and complex human–machine interfaces. These
characteristics increase the relevance of error de-
tection and recovery mechanisms in determining
the final probability of task failure. Despite this,
applied HRA studies in the steel industry rarely
address recovery as a structured process, and the
integration of recovery stages into probabilistic
models remains limited.

In this context, this study applies an integrated
HRA–FTA approach to represent human error re-
covery. Two steelmaking activities were selected
as case studies to illustrate the proposed approach.
The first case concerns hot metal sampling in a
blast furnace, focusing on operator actions related
to sampling point selection and lance position-
ing during routine operation, a task performed
frequently throughout the day. The second case
addresses a maintenance activity involving the re-
placement of a planetary gear shaft in an overhead
crane, characterized by lower execution frequency
and the need for coordinated human actions un-
der constrained operational conditions. Together,
these cases allow the evaluation of recovery mod-
eling across distinct task types and frequencies
within steelmaking operations.

2. Description Of the Method

This section describes the procedure used to com-
bine Fault Tree Analysis with the HRA tech-
niques HEART, SPAR-H, Petro-HRA, and APOA
to model human error recovery in operation and
maintenance tasks in steelmaking processes. Re-
covery is represented within a probabilistic struc-
ture that allows the evaluation of how task charac-
teristics and contextual factors influence the prob-
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ability of successful recovery.

2.1. Conceptual framework for recovery
modeling in FTA

The proposed approach represents human error
recovery as a cognitive sequence composed of the
following stages:

• Detection;
• Diagnosis;
• Planning or Select task;
• Execution.

In the fault tree structure, the top event is a
Human Failure and is modeled by an OR gate,
indicating that system failure may occur through
different failure modes, in this case, potential de-
viations from an expected action. As shown in
Figure 1, each Failure Mode is combined by an
AND gate, representing the set of conditions that
must occur jointly for a given failure mode to
occur.

Failure

Failure Modes

Error Fail to recover

Recognize
Error

Diagnose Select Task Execute Task

Fig. 1. Fault Tree Analysis representation of the hu-
man error recovery model.

Each Failure Mode leads to the events Error or
Failure to Recover, which are the initial human
error and an unsuccessful recovery attempt fol-
lowing that error. The Recovery model is a combi-
nation of basic events corresponding to cognitive
stages: Recognize the Error, Diagnose, Plan or
Select Task, and Execute Task.

This formulation represents Recovery as an or-
dered set of cognitive functions and supports the
probabilistic evaluation of failure paths associated

with incomplete or unsuccessful recovery pro-
cesses.

2.2. Task analysis

Task analysis provides the basis for fault tree
development and for the identification of human
actions associated with error occurrence and re-
covery. For each case study, the operational or
maintenance activity was decomposed into ele-
mentary tasks, stages, steps, and actions, consid-
ering normal execution, potential deviations, and
associated recovery actions. This decomposition
supports the identification of cognitive demands
at each recovery stage and establishes traceability
between task characteristics and fault tree events.
The operator task is the hot metal sampling in the
blast furnace. In this process, the operator uses
lances to obtain samples of pig iron and slag,
choosing the exact point in the bed to collect the
sample. It is an environment with risks to the
worker due to the proximity to high temperatures,
and the consequence of an inadequate sample is
the decision to consume more process inputs.

Figure 2 presents the Hierarchical Task Analy-
sis (HTA) diagram used to support the assessment.

Hot metal sampling
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4.1 Access the system
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generated for this

cast
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Fig. 2. Hierarchical Task Analysis (HTA) for hot
metal sampling.

The maintenance task is the replacement of the
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planetary gear shaft of an overhead crane. In this
activity, the maintenance team must lock out the
system, safely access the gearbox, disassemble,
clean, inspect, measure, adjust, reassemble, and
test the equipment. This work is performed at
heights of up to 5 meters, involving the movement
of heavy loads. A service failure could lead to the
shutdown of an entire production line.

Table 1 presents the decomposition of the Gear-
box drive components assembly task into steps and
actions. For each task step, common Human Fac-
tors following the HEART, SPAR-H, and Petro-
HRA frameworks are assigned. To represent a
risk-related measure, Severity (Se) was included,
which reflects the potential consequence of task
failure and assumes values ranging from 1 to 7.

Table 1. Human Factors assessment for crane gearbox
assembly task, Step 5 decomposition.

ID Step / Action Se1 Cp2 Fam3 Fb4 Rc5 Index

5 Gearbox drive compo-
nents assembly

5.1 Input shaft assembly
(opposite to reverse)

7 5 5 2 8 44

5.2 Input shaft assembly
(reverse side)

7 5 5 2 8 44

5.3 Planetary gear assem-
bly and tie-rod gap ad-
justment

7 5 5 2 7 50

5.4 Bearing housing and
planetary gearbox as-
sembly

7 3 3 4 8 252

5.5 Contact test of south
and north input shafts

7 5 5 3 2 263

5.6 Removal of north input
shaft and pallet place-
ment

7 5 5 2 8 44

Note: 1Se: Severity; 2Cp: Complexity; 3Fam: Familiarity; 4Fb:
Feedback; 5Rc: Recoverability.

Complexity (Cp) reflects the number and inter-
dependence of task elements. Familiarity (Fam)
indicates the degree of operator experience with
the task. Feedback (Fb) describes the availability
and clarity of information confirming task execu-
tion. These factors assume values ranging from
1 to 5. Recoverability (Rc) represents the poten-
tial for error detection and correction before task
completion and assumes values ranging from 1 to

8, based on HEART Error Producing Conditions
(EPC) multipliers.

The index value is obtained by multiplying
Severity and the Human Factors (Cp, Fam, Fb,
and Rc). It is used to prioritize task steps for
fault tree modeling and Human Error Probability
estimation. Higher index values indicate greater
criticality from a human reliability perspective
and support the identification of steps that may
require more detailed evaluation.

The values assigned to the Human Factors
were based on expert judgment, considering task
conditions, operator experience, available proce-
dural and interface characteristics. These factors
not only support task prioritization but also pro-
vide a structured reference for the application of
HEART, SPAR-H and Petro-HRA. In this context,
they were used to support the assignment of Per-
formance Shaping Factors and Error Producing
Conditions, and were effectively incorporated into
the Human Error Probability estimation.

Recovery can reduce the index, as observed in
Table 1 for Actions 5.1 to 5.3. However, when
feedback is insufficient, the effect of recoverabil-
ity is reduced, as illustrated by Action 5.4.

2.3. HEP estimation using HEART and
SPAR-H

HEP associated with recovery actions were esti-
mated using HEART and SPAR-H. For HEART,
nominal error probabilities were selected accord-
ing to the generic task types defined according to
the HEART generic task categories presented in
Table 2.

For the Hot Metal sampling task, the Generic
Task selected in Table 2 was task E with HEP
of 0.02. For the gearbox drive assembly task, the
Generic Task selected was F with HEP of 0.003.
Although this high-level task for HEP definition,
in the FTA, each action had its own HEP value,
and in the case of the set of actions for Recovery,
the values were standardized.

For SPAR-H, HEP estimation followed the
standard formulation based on nominal error rates
for diagnosis and action tasks. Nominal HEP val-
ues of 1 × 10−2 were adopted for diagnosis tasks
and 1 × 10−3 for action tasks. These values were
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Table 2. HEART generic tasks and their HEP.

ID Generic task HEP

A

Totally unfamiliar task,
performed at speed,
with no clear understanding
of consequences

0.55

B

Shift or restore a system
to a new or original state
in a single attempt,
without supervision or procedures

0.26

C
Complex task requiring
high comprehension and skill

0.16

D
Fairly simple task
performed rapidly or
with limited attention

0.09

E
Routine, highly practised
rapid task with relatively
low skill demand

0.02

F
Shift or restore a system
following procedures
with some checking

0.003

G

Completely familiar, well-designed,
highly practised routine task,
performed frequently by trained
personnel, aware of failure implications

0.00004

H
Correct response to a system command
supported by augmented or automated
supervision

0.00002

M
Miscellaneous task not covered
by other task descriptions

0.03

Source: Adapted from (Williams (1985)).

adjusted using Performance Shaping Factors re-
flecting task conditions, interface characteristics,
time availability, and procedural guidance.

2.4. Assumptions for HEP estimation

The application of SPAR-H and HEART within
the proposed methodology is based on the follow-
ing assumptions:

• Detection, Diagnosis and Select task actions are
treated as diagnosis tasks;

• Execution stage is treated as action tasks;
• PSFs are assigned based on task conditions,

human–machine interface characteristics, time
availability, and procedural guidance;

• A constant failure rate is assumed for human
actions;

• Independence between basic events is assumed
unless dependencies are explicitly represented
in the fault tree.

2.5. Integration with Petro-HRA and
APOA

The Petro-HRA framework was applied to adapt
SPAR-H-based Human Error Probability estima-
tions to operational and maintenance conditions
typical of steelmaking processes. APOA was used
as a complementary technique to support fault tree
construction and to ensure consistency in the rep-
resentation of causal relationships among human,
technical, and organizational factors.

In this study, human factors defined in SPAR-H
and Petro-HRA were evaluated using equivalent
criteria. The cultural factor was excluded from the
analysis to maintain consistency with the avail-
able data and the operational context; therefore,
results are presented using a single harmonized set
of parameters. Although Petro-HRA and APOA
were originally developed for applications in the
oil and gas sector, their structured treatment of
human factors and causal relationships supports
their application in industrial process analysis.

The integrated use of these methods enables the
comparison of HEP estimates obtained from dif-
ferent HRA approaches within a unified Fault Tree
Analysis structure and supports the evaluation of
recovery performance across different task types.

3. Results

Human Error Probabilities were estimated using
HEART and SPAR-H to assess recovery under
operating conditions. The results are presented
for two case studies modeled through Fault Tree
Analysis: hot metal sampling in the blast furnace
and the replacement of the planetary gear shaft of
an overhead crane.

3.1. Fault Tree models

Two fault trees were developed to represent the
logical structure of human error recovery for the
selected case studies. In both models, recovery
failure is defined as the top event and is repre-
sented as the logical combination of failures in the
recovery stages of detection, diagnosis, planning
or select task, and execution.

The fault tree developed for hot metal sampling
in the blast furnace is presented in Figure 3. The
fault tree corresponding to the replacement of the
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planetary gear shaft of an overhead crane is pre-
sented in Figure 4.

3.2. HEP estimation results

The HEP estimated from the FTA for the two
case studies is summarized in Table 3. The table
presents the probability of failure to recover as-
sociated with each activity, together with the cor-
responding frequency of task execution assump-
tions.

As can be verified in Table 3, the HEART

technique results were lower than SPAR-H results.
However, the results are proportional for each task
analyzed. Although the distance between results,
for Human reliability assessment is not uncom-
mon.

3.3. Comparison between HEART and
SPAR-H

HEART and SPAR-H are based on different mod-
eling assumptions and adopt distinct nominal Hu-
man Error Probability values. Consequently, dif-
ferences in the estimated HEP values are ex-

FTA_AMT_2.1.4
Failure to handle the lance

to the selected position
within the hot metal stream

2.1.4.2

INADEQUATELY handling the
lance in hot metal stream

2.1.4.3

DO NOT handle in hot metal
stream

2.1.4.1

Failure to select the
sampling position within the

hot metal stream [2.1.3]

2.1.4.2.1

Error
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Fail to recover
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Recognize
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2.1.4.2.2.4

Execute Task
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Error
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Fail to recover
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Error

2.1.4.3.2.2
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2.1.4.3.2.3

Plan Task
 

2.1.4.3.2.4

Execute Task
 

Previus step with physical
dependency

ACTION 2.1.4
Handle the lance to the selected position within the hot metal stream

Fig. 3. Fault Tree Analysis representation of the human error recovery model for hot metal sampling.
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Fig. 4. Fault Tree Analysis representation of the human error recovery model for replacement of the planetary gear
shaft of an overhead crane.
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Table 3. Human Error Probability estimates from the
Fault Tree Analysis.

Case study Failure (%) Frequency

SPAR-H
Planetary shaft replacement 0.1922 0.5 / year
Hot metal sampling 0.1302 3650 / year
HEART
Planetary shaft replacement 0.1101 0.5 / year
Hot metal sampling 0.0682 3650 / year

Note: Frequencies correspond to typical maintenance and op-
erational activities.

pected. While absolute probability values may
vary between techniques, the analysis establishes
a comparable range of failure probabilities for the
assessed tasks.

SPAR-H does not include a specific Perfor-
mance Shaping Factor to explicitly account for
recovery; therefore, the representation of recovery
relies on the structure of the Fault Tree Analysis.
In contrast, HEART does not define generic task
types specifically for recovery scenarios but in-
corporates recovery-related aspects through Error
Producing Conditions. In this context, FTA sup-
ports SPAR-H by providing a structured represen-
tation of recovery paths, whereas in HEART it
complements the analysis by guiding the selection
of appropriate EPCs.

In both approaches, the integration with FTA
extends the capability of the techniques to rep-
resent recovery processes, enabling a consistent
treatment of recovery scenarios within the prob-
abilistic framework.

4. Conclusions

This study presented a methodology that inte-
grates Fault Tree Analysis with the HRA tech-
niques HEART, SPAR-H, Petro-HRA, and APOA
to model human error recovery in operation and
maintenance tasks in steelmaking processes. Re-
covery is represented as a sequence of cognitive
stages comprising detection, diagnosis, planning
or select task, and execution, explicitly modeled
within a fault tree structure.

The application of the methodology to two
steelmaking case studies showed that the proposed

framework enables the representation of recov-
ery as a structured and traceable process. Differ-
ences observed between Human Error Probability
estimates obtained using HEART and SPAR-H
are consistent with their underlying assumptions,
particularly regarding the treatment of recovery,
which is addressed through Error Producing Con-
ditions in HEART and through fault tree structure
in SPAR-H.

The integration of HRA techniques with Fault
Tree Analysis supported the identification of tasks
and deviations that influence recovery effective-
ness. The combined use of task analysis and
fault tree modeling enabled the explicit linkage
between human actions, contextual factors, and
recovery stages, allowing the evaluation of their
contribution to the overall probability of failure.

The proposed methodology is applicable to
other human-centered activities in industrial pro-
cesses. Its compatibility with established HRA
techniques and its explicit representation of re-
covery support its use in reliability and safety
assessments that require structured modeling of
human error recovery.
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