Developments in the Built Environment 14 (2023) 100167

Contents lists available at ScienceDirect istidlls s
t
envnonmelrlwl

Developments in the Built Environment

FI. SEVIER

journal homepage: www.sciencedirect.com/journal/developments-in-the-built-environment

Check for

Quantifying the reliability of defects located by bridge inspectors through  [%&s"
human observation behavioral analysis

Pengkun Liu, Ying Shi, Ruoxin Xiong, Pingbo Tang

Department of Civil and Environmental Engineering, Carnegie Mellon University, 5000 Forbes Avenue, Pittsburgh, PA, 15213, United States

ARTICLE INFO ABSTRACT

Keywords:

Bridge inspection
Visual inspection
Defects localization
Process mining
Crowdsourcing
Ensemble learning

Distinct site conditions and individual expertise contribute to the subjective nature of bridge inspection pro-
cesses, which involve uncertain human factors. Assessing inspection reliability can be achieved by examining
inspectors’ behaviors that lead to inaccurately identified or overlooked defects. However, the scarcity of
comprehensive behavioral data regarding defect observation poses a challenge in evaluating inspection consis-
tency. This paper investigates observation behaviors in bridge inspection to quantify the reliability of structural
defect localizations. We employ defect inspection strategies correlated with more dependable defect localization
records to construct a behavioral process graph that quantifies inspectors’ performance and predicts their “in-
spection reliability index.” The generated reliability index for inspectors serves as a weighting factor to
emphasize the opinions of more reliable inspectors when consolidating inspection records. The findings reveal
that aggregating the inspection records of 96 human subjects based on their reliability indices effectively filters
out false alarms while retaining reliable defect records.

1. Introduction

Bridges are essential transportation infrastructure, facilitating daily
life and socio-economic activities. To maintain the functionality of
transportation networks and public safety, bridge management agencies
prioritize bridges for inspection and maintenance (I&M) based on
damage severity, budget, and resource constraints. Accurate bridge
condition ratings are critical for allocating timely I&M to urgent cases
and conserving resources on less urgent cases. Unreliable ratings may
mislead I&M plans, leading to resource waste and leaving some bridges
in hazardous states. According to a Federal Highway Administration
investigation, 95% of primary condition ratings for bridge elements vary
within two rating points of the average, and 68% vary within one rating
point (Phares et al., 2004).

Condition ratings fluctuate due to the combined effects of human
factors, environmental conditions, and the complexity of structures and
inspection tasks. This process entails human visual inspection behaviors
interacting with environmental conditions and structural complexity
(Phares et al., 2004). Engineers may overlook defects and produce un-
reliable conclusions when unfavorable field conditions and data volume
is significant. For instance, between 2009 and 2019, most bridge failures
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in China were related to human factors (69.6%), far exceeding natural
factors (30.4%) (Tan et al., 2020). In 2021, a 40-year unnoticed defect in
gusset plates bowing under stress caused the Mississippi River Bridge
Collapse (Salem and Helmy, 2014). An engineer photographed this
defect as early as 2003, but the decision-makers diagnosis process
underestimated its significance. In such cases, inspectors’ underlying
behaviors using field data appear to have unaccounted issues affecting
the reliability of inspection results. Consequently, bridge inspection
processes and defect localization are unreliable and have limitations in
guiding effective maintenance planning.

Reliable defect detection at the element and structure levels is the
basis for reliable ratings. Localization is specifically mentioned in the
context of bridge inspection performance because it is a critical aspect
that has significant implications for the inspection process’s accuracy,
safety, and efficiency. Many choices made by inspectors in the defect
detection processes can influence the data quality and the derived
condition ratings. Any inspection process can be unique in human,
sensing, and computing details; controlling all those factors for quanti-
fying how they influence the reported defect reports’ reliability is
challenging. Without that knowledge, inspectors could not proactively
adjust their behaviors to improve defect detection accuracy.
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Understanding the influence of human inspection behaviors on
defect localization performance can potentially achieve more reliable
bridge inspections with accurate crack locations. The absence of explicit
guidelines for visual inspection tactics forces inspectors to rely on sub-
jective judgments or assessment criteria, leading to inconsistent or less
reliable defect location assessment results (Juran and De Feo, 2010;
Laofor and Peansupap, 2012). Previous studies indicate that experi-
enced inspectors tend to produce more consistent inspection results
(Carver, 2003; Ball et al., 2017; Megaw and Richardson, 1979; Wood-
cock, 2014). Existing research demonstrates the potential of
eye-tracking technology or Building Information Modeling (BIM) event
log process mining techniques to understand engineers’ behaviors (Xu
et al.,, 2019; Wang et al., 2018). Some behavioral studies in other do-
mains suggest that behavioral analysis can estimate inspector reliability
and emphasize the results of more reliable inspectors to improve the
reliability of aggregated inspection results (Carver, 2003; Ball et al.,
2017; Megaw and Richardson, 1979; Woodcock, 2014). Defect inspec-
tion strategy in bridge inspection refers to the approach or method
employed by inspectors to identify, assess, and prioritize defects in
bridge elements during the inspection process. These strategies are
crucial for detecting and addressing the most critical defects to maintain
structural integrity and safety. Defect inspection strategies may differ
among inspectors depending on their experience, knowledge, and un-
derstanding of bridge structures. Unfortunately, these studies have not
yet explored the relationship between inspection performance and
defect inspection strategy for explaining unreliable inspection records
and revealing strategies for improving their reliability.

This paper examines human inspection of behavioral analysis for
quantifying the reliability of structural defect localizations to test the
hypothesis that “aggregating the defect localization results of bridge
inspectors with weighted votes can achieve more reliable defect locali-
zation.” The research questions are:

1) How to capture detailed inspection process behaviors of inspectors?

2) What defect inspection strategy of inspectors can help predict reli-
able defect localization inspection outcomes?

3) How to quantify the reliability of element-level defects localized by
inspectors based on inspection process behaviors?

Some technical challenges form barriers to answering these three
research questions. First, capturing detailed inspection process behav-
iors of inspectors in various contexts of structural condition assessment
is difficult because field scenarios could hardly allow the installation of
sensors on human bodies to track their behaviors. Second, no process
data analytics method exists for extracting meaningful inspection stra-
tegies from behavioral process data (e.g., eye-tracking results that trace
the attention-transferring processes of bridge inspectors). Third, little
effort has been made to establish a solid statistical approach for quan-
tifying the reliability of inspection records based on the historical per-
formance of inspectors.

The proposed research uses bridge inspection gamification as the
basis for developing a computational framework that captures and uti-
lizes inspection process behaviors in quantifying the reliability of bridge
inspection records. The authors designed a digital bridge inspection
game integrating information from the FEM model (stress and dis-
placements with defect simulation) and inspection reports (bridge basic
information) to accurately represent and collect inspectors’ behaviors
and inspection results (defect inspection). The paper then investigates
defect inspection strategies associated with more reliable defect locali-
zation records. Subsequently, the paper constructs a behavioral process
graph based on these effective defect inspection strategies. A behavioral
process graph visually represents the sequence of actions, decisions, and
interactions that occur during a specific process. It illustrates the con-
nections and relationships between different steps in the process,
enabling a better understanding of the behaviors and strategies
employed by inspectors. The graph can help identify patterns and trends
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that associated with more reliable or less reliable outcomes, such as
which defect inspection strategies lead to more accurate defect locali-
zation records. Lastly, the paper introduces the concept of an “inspection
reliability index.” This index quantifies inspectors’ performance by
predicting the likelihood of reliable inspection outcomes based on their
observed behaviors and their inspection strategies. Inspectors with
higher inspection reliability indices are expected to produce more ac-
curate and reliable defect localization records. In summary, through
process mining, crowdsourcing, and ensemble learning, the authors
discover inspection strategies from the inspectors’ behavioral data to
calibrate the bridge element-level defect localization results through
inspection behavior analysis.

Three specific research objectives related to these questions include:
(1) designing a digital bridge inspection game for accurately repre-
senting and collecting inspectors’ behaviors and inspection results
(defect localization inspection); (2) discovering defect inspection stra-
tegies from the inspectors’ behavioral data; and (3) quantifying the
reliability of element-level defects localized by multiple game partici-
pants with diverse inspection capabilities through inspection behavior
analysis. The first objective addresses the challenge of capturing detailed
inspection process behaviors. The second objective aims to overcome
the challenge of extracting meaningful inspection strategies from
behavioral process data. The third objective resolves the challenge of
quantifying the reliability of defects’ location records generated by
multiple inspection game participants.

The following sections are organized: Section 2 presents a motivating
case for the reliability problem of bridge inspection. Section 3 demon-
strates the results of the literature review. Section 4 proposes the
framework and methodology of bridge inspection gamification, collec-
tion, and process mining for the inspectors’ behaviors. A validation
study in Section 5 discusses the results of quantifying the reliability of
bridge defect localization using inspection behavior analysis. Sections 6
and 7 conclude the study with significant findings and remarks about
future research directions.

2. Motivation case

The purpose of the motivating case is to provide a visual and intuitive
explanation of the inspection behavior differences and how those be-
haviors could be useful for quantifying the reliability of defect locali-
zation of the human. Such an illustration needs a visualization without
getting into details of various interpretations of the observed actions and
contextual events.

A bridge inspection game, informed by a literature review, enabled
the authors to identify challenges and opportunities associated with
predicting the reliability of bridge defect localization based on inspec-
tion behavior analysis. This game was a motivating case to illustrate the
need to analyze inspection process behaviors to better understand the
uncertainties in bridge inspection processes and defect records (Liu
et al., 2021). The bridge inspection game allows “players” (bridge in-
spectors) to assess bridge defects and underlying causes using finite
element model (FEM) simulation data (stress and displacements) and
inspection reports (basic bridge information and potential defect types)
(Liu et al., 2021). The bridge inspection reports and data are derived
from a continuous rigid frame bridge (CRFB). During the game, the
“players” examine each bridge element for various defects within a
15-min timeframe.

The authors designed two FEMs representing two possible conditions
of the studied CRFB to depict “good” and “defective” conditions, as
shown in Figs. 1 and 2. The original CRFB model represents the “good
condition” without any stiffness reductions (Fig. 1). To simulate dam-
age, the alternative CRFB model features stiffness reduction in the box-
girders at the mid-span (Fig. 2). Stress distributions differed between the
two models due to stiffness reductions that simulated bridge defects,
particularly visible in Fig. 2 (b), (c), and Fig. 3 (b), (c). The eye-tracking
device captured the '"players’ behaviors when identifying bridge
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(a) Bottom overview of the bridge  (b) Top view of box girder on mid- (c) Bottom view of box girder
span on mid-span

Fig. 2. FEM of CRFB without stiffness reduction represents “good” conditions.

(a) Bottom overview of the bridge (b) Top view of box-girder on (c) Bottom view of box-girder on
mid-span mid-span

Fig. 3. FEM of CRFB with stiffness reductions on box-girders of mid-span represent “defective” conditions (Liu et al., 2021).

(a) Experienced bridge engineer (b) Inexperienced bridge engineer

Fig. 4. Heat map of the inspectors’ gazes for finding the defects on bottom slabs.

defects, including eye movements and sequences of selections, as shown search strategies during the inspection. Two groups of human subjects
in Fig. 1. participated in this game to determine whether structural engineering

The eye movements of inspectors can reveal their attention-shifting knowledge and experience influence their inspection behaviors. Spe-
processes, which may be used to infer their inspection skill levels. As cifically, when detecting defects on the bridge’s underside, graduate
illustrated in Fig. 4, engineers’ gaze movements can help deduce their students with structural engineering backgrounds focused more on the
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bottom slab at each mid-span. They tended to search for similar loca-
tions and defects between spans, as shown in Fig. 4 (a). Consequently,
the gaze movement trajectory exhibits a horizontal elongation pattern
along the bridge axis. In contrast, participants with limited structural
engineering knowledge employed a random search approach. As
depicted in Fig. 4 (b), these individuals’ average gaze movement tra-
jectory is more clustered and spherical than experienced engineers.

These initial findings published in (Liu et al., 2021) inspired the
authors to extract valuable defect-searching strategies from inspection
process data. We found that eye-tracking and mouse-click data serve
different purposes and provide different insights when visualizing or
studying user behavior. While mouse-click data can be more convenient
and cost-effective to collect, eye-tracking data serve a better visualiza-
tion purpose. Eye-tracking technology can reveal the attention-shifting
processes of various inspectors, helping to infer and understand their
defect inspection search strategies. However, during the collection of
eye-tracking data, the authors observed that although eye-tracking data
offers several advantages, such as providing more detailed information
about user behavior (where users are looking, how long they spend
looking at specific areas, and the order in which they view different
bridge elements on a screen), the use of eye-tracking equipment is
labor-intensive and impractical for collecting much human behavior
data. Therefore, the authors designed a bridge inspection game for
accurately representing and collecting the inspectors’ behaviors and
inspection results. Because we could distribute this digital game and
collect mouse click data at the same time on several devices.

3. Literature review

To address the research question, this section reviews several cate-
gories of relevant studies: 1) inspection behavior capturing and uncer-
tainty analysis, 2) extracting and assessing inspection strategies from
inspection behavior process data, and 3) quantifying the reliability of
defects identified by inspectors.

3.1. Inspection behavioral capturing and uncertainty analysis

This subsection examines studies on capturing behavioral processes
to collect data and understand human behaviors. Inspection behavioral
capturing is an emerging research area focusing on recording and
analyzing human inspectors’ behavior during various inspection tasks.
By understanding human inspectors’ decision-making processes and
strategies, researchers can develop more efficient, reliable, and effective
inspection systems.

3.1.1. Uncertainty analysis in inspection

Uncertainty analysis is essential for evaluating the reliability of in-
spection results and supporting informed decision-making. Uncertainty
in inspection processes arises from various sources, including measure-
ment errors, environmental conditions, human factors, and the inherent
variability of inspected objects (Iso and OIML, 1995). Understanding
and identifying the sources of uncertainty in inspection processes is
critical for developing strategies to mitigate their impact on inspection
outcomes. Human factors play a significant role in introducing un-
certainties in inspection processes. Studies by Drury et al. (Drew et al.,
2013) explored the influence of human factors on inspection perfor-
mance and uncertainties, highlighting the need for a comprehensive
understanding of human factors to improve inspection reliability.
Currently, bridge inspection predominantly relies on visual inspection.
The visual inspection entails a thorough and critical assessment of an
object, referring to a predefined standard. During visual inspection, in-
spectors must mentally process, focus on, and relay information, uti-
lizing both short-term and long-term memory (Gallwey and Drury,
1986). The absence of explicit guidelines for visual inspection tactics
forces inspectors to rely on their subjective judgments or assessment
criteria, leading to inconsistent or less reliable defect location
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assessment results (Juran and De Feo, 2010; Laofor and Peansupap,
2012).

3.1.2. Behavioral capturing in inspection

Understanding and analyzing inspectors’ behavior during inspection
can provide valuable insights for improving inspection performance and
reducing errors. Various studies have focused on different aspects of
behavioral inspection capturing:

Various methods have been proposed to capture inspection behavior,
providing insights into human inspectors’ strategies and decision-
making processes. Current research demonstrates the potential for
using eye-tracking or BIM event log process mining techniques to un-
derstand engineers’ behaviors (Xu et al., 2019; Wang et al., 2018).
Eye-tracking has been extensively used in inspection studies to under-
stand visual attention and search patterns during inspections. Human
eye movements (fixation count, total fixation time, and fixation duration
captured through eye-tracking technology) or command records (Pan
and Zhang, 2020a, 2020b, 2021a, 2021b; Pan et al., 2020) can help infer
individuals’ detailed observations and cognitive processes.
Mouse-tracking is another approach to capturing inspection behavior,
especially in computer-based inspections. Studies by Huang et al. (2012)
employed mouse-tracking to understand decision-making and user
interaction patterns during software inspections and web-based in-
spections, respectively. Moreover, in other domains like software
development, research has shown that inspectors’ performance varies
significantly, even when using the same inspection technique; this
variation often results from inherent differences among the inspectors
employing the technique (Carver, 2003). The aforementioned studies
have not explored the relationship between human performance and
behavioral processes to explain unreliable records and uncover strate-
gies to enhance reliability.

3.2. Extracting and assessing inspection strategies from inspection
behavioral process data

This subsection reviews studies on the challenge of lacking a process
data analytics method for extracting meaningful inspection strategies
from behavioral process data. Many domains use “Process Mining” to
discover strategies of experienced workers, such as design strategies and
strategies for inspecting and controlling engineering systems. Those
studies show the potential of discovering defect-searching strategies of
bridge inspectors.

Process mining aims to generate the process model accurately
describing the as-happened processes from the event logs (Buijs et al.,
2012). Currently, there are several process discovery algorithms (Gomes
et al., 2021), including the alpha miner algorithm (Van der Aalst et al.,
2004), heuristic miner algorithm (Weijters et al., 2006), inductive miner
algorithm (van der Aalst, 2010), and fuzzy miner algorithm (van der
Aalst, 2010). The alpha miner algorithm is the first process discovery
algorithm aiming at reconstructing causality from a set of sequences of
events following a certain order and showing the results in the Petri net
diagram (Gomes et al., 2021). It converts the event logs into direct fol-
lows, sequence (causality), parallel and choice relations to create a Petri
net describing the process model. However, it does not consider fre-
quencies. The heuristic miner algorithm is improved based on the alpha
miner algorithm. It could abstract from exceptional behavior, noise, and
low structured data, which is more robust with the semantics of splits
and joins (Weijters et al., 2006). The inductive miner algorithm relies on
detecting various cuts on the directly follows graph created using the
event log to handle infrequent behavior well and finishes quickly for
infrequent behavior and large event logs (Leemans et al., 2013). The
fuzzy miner algorithm is the first to directly address the problems of
large numbers of activities and highly unstructured behavior suitable for
the complex and unstructured log data (Giinther and Van Der Aalst,
2007).

Overall, process mining methods discover, monitor, and suggest
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process improvements by extracting knowledge from design, engineer-
ing, or operational information systems’ event logs (Pan and Zhang,
2020a, 2020b, 2021a, 2021b; Pan et al., 2020; Van Der Aalst, 2012; Wu
et al., 2021a, 2021b, 2022, 2023). It is a discipline providing compres-
sive fact-based insights from actual event logs and supports process
improvements or automates the process of extracting and mining
process-related information (Van der Aalst, 2016). More specifically,
valuable insights from key events, diagnosis failure causes, or repetitive
patterns could be detected by interpreting the logs through process
mining (Pan and Zhang, 2021a). Process mining has taken essential roles
in different domains, such as healthcare (Rojas et al., 2016; Mans et al.,
2008), business (Van Der Aalst et al., 2007; Tiwari et al., 2008), edu-
cation (Bogarin et al., 2018; Cairns et al., 2015), and so on.

Recent civil engineering research on mining BIM logs has emerged
(Pan and Zhang, 2020a, 2020b, 2021a, 2021b; Pan et al., 2020; Chua
and Hossain, 2011; Al Hattab and Hamzeh, 2018; Kouhestani and
Nik-Bakht, 2020). Kouhestani and Nik-Bakht studied capturing event
logs and analyzed the process for the design authoring phase of building
projects to identify measures derived from the designed process, which
could guide the manager to monitor, control, and reset the design works
(Kouhestani and Nik-Bakht, 2020). Pan and Zhang proposed automated
process discovery from event logs to understand the actual progress of
the construction project (Pan and Zhang, 2021a). In addition, Pan and
Zhang developed a clustering-based BIM event log mining method to
discover the knowledge of design productivity characteristics (Pan and
Zhang, 2020a). However, all these studies on BIM log mining have been
limited to the design and construction stages. Furthermore, few analyses
have yet considered the BIM logs to evaluate the behaviors of the par-
ticipants to understand their performances.

3.3. Quantification of the reliability of inspectors’ decisions

This section reviews studies related to the challenge of establishing a
rigid statistical approach for quantifying the inspection records’ reli-
ability based on inspectors’ historical performance. Some behavioral
analysis studies analyzed human data collection and analysis behaviors
to identify behaviors and processes that lead to more reliable data
collection and analyses (Zheng et al., 2020; Liu et al., 2015; Wang et al.,
2019). Evaluating interrater reliability (IRR) is a common objective of
many human-related research studies (Gisev et al., 2013; Remenyi et al.,
2019; Fletcher et al., 2011). Kappa calculations from Cohen’s work are
one of the original and most commonly used IRR indices (Cohen, 1960).
The extended Fleiss’ kappa was developed by Fleiss for use when
nominal categories are assessed by multiple humans (Fleiss, 1971). It is
widely used in the targets being rated (e.g., patients in medical practice,
learners taking a driving test, customers in a shopping mall/center, and
burgers in a fast-food chain).

“Crowdsourcing” and “Ensemble Learning” methods integrated with
human behavioral analysis can automatically predict less reliable parts
of the data or data analysis results based on the behavioral analysis
results.

Crowdsourcing is an emerging and powerful approach for collecting
data and information and making better decisions based on aggregating
knowledge at large scales instead of individuals (Zheng et al., 2020; Liu
et al., 2015; Wang et al., 2019; Howe, 2006). However, the challenge in
crowdsourcing is the quality control of the final results or labels because
the crowd workers have different levels of experience or domain
knowledge (Liu et al., 2015; Wang et al., 2019). Furthermore, humans
make decisions often with significant individual subjective judgments
(Liu et al., 2015). The most common way for crowdsourcing is to make
labels or annotations from different workers and use a majority vote to
infer the defective locations agreed on by most workers. However, the
underlying assumption for the majority vote is that all workers have the
same abilities and share the same possibility of making errors (Oyama
et al., 2013). Every worker has a unique background, experience, and
abilities, Hence, treating the labels generated by different inspectors
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equally is not efficient and reliable for getting defective locations with
high reliability due to a mixture of diverse inspectors. Some researchers
have examined inferring the truths of label results by considering the
differences in abilities between workers, such as using the
expectation-maximization algorithm or confidence scores (Liu et al.,
2015; Oyama et al., 2013; Drapeau et al., 2016). The possibility of using
different confidence scores to improve the quality of crowdsourcing
labels was investigated because the reported difficulty correlates with
the probability of a correct answer (Kazai, 2011). However, some
workers may be overconfident with their judgments and report higher
confidence even though their judgments are wrong. In comparison,
others may be underconfident in their judgments and report lower
confidence even though their judgments are correct. Therefore, it is
significant to calibrate the crowdsourcing results by aggregating the
ground truth labels or information from the domain experts (Liu et al.,
2015).

On the other hand, ensemble learning is a machine learning para-
digm where multiple models (often called “weak learners™) are trained
to solve the same problem and combined to get better results. The hy-
pothesis is that we can obtain more accurate and/or robust models when
weak models are correctly combined. In ensemble learning theory, weak
learner models can be used as building blocks for designing more
complex models by combining several of them. Most of the time, these
basic models perform poorly by themselves either because they have a
high bias or too much variance to be robust. Then, the idea of ensemble
methods is to reduce the bias and variance of such weak learners by
combining several of them to create a strong learner (or ensemble
model) that achieves better performance.

Several types of research reveal the challenges of reliable data
collection with crowdsourcing (Zheng et al., 2020; Liu et al., 2015;
Wang et al., 2019). Wang et al. proposed a new crowdsourcing approach
for labeling images of complex construction scenes with safety-rule vi-
olations by using a Bayesian network-based crowd consensus model
aggregating the labels from annotators to obtain reliable safety-rule
violation labels (Wang et al., 2019). Liu et al. framed the optimal allo-
cation of true labels to calibrate the crowdsourced labels as the sub-
modular optimization problem with a greedy allocation strategy, which
encourages acquiring true labels for the most uncertain items (Liu et al.,
2015). Zhong et al. proposed a temporally calibrated method for iden-
tifying the spatial-temporal distribution of PM2.5 in intra-urban areas
(Zheng et al., 2020). Oyama et al. developed a method for using the
confidence scores from the crowdsourcing workers to integrate labels
because some workers are confident with their labels while others are
underconfident (Oyama et al., 2013). Zhang proposed a novel general
ensemble method for learning from crowds, which does not infer the
true labels of training instances and directly builds learning models from
the crowdsourced labeled data to predict class labels of unlabeled in-
stances (Zhang et al., 2018).

3.4. Research gaps and contributions of the proposed new methods

Unique site conditions and personal knowledge lead to the “subjec-
tive” nature of bridge inspection processes containing uncertain human
factors. One way to assess inspection reliability is to analyze inspectors’
behaviors leading to incorrectly located or missing defects. A review of
related studies reveals three research gaps in quantifying the reliability
of defect localizations from the visual bridge inspection process. First,
bridge inspection largely depends on inspectors’ subjective judgments,
and evidence is lacking to understand inspection strategies and evaluate
inspectors’ performance. Second, there is a dearth of process data ana-
lytics methods for extracting inspection strategies from behavioral data.
Third, the unreliability of element-level defect localizations arises from
the fact that they are typically generated and integrated by multiple
inspectors with varying experience and abilities, making it challenging
to assess their reliability based on inspectors’ behaviors and
performance.
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To address these issues, this paper investigates human inspection
behavior analytics for quantifying the reliability of structural
component-level defect localizations. The contributions of this research
include: (1) designing a bridge inspection game that integrates infor-
mation from the FEM and inspection report to capture inspectors’ be-
haviors and inspection results in various contexts; (2) discovering and
explaining inspectors’ strategies through process mining; and (3)
quantifying bridge element-level defect localization reliability through
inspection behaviors using crowdsourcing and ensemble learning.

4. Methodology

This paper proposes a framework for quantifying the confidence of
defects identified by bridge inspectors through behavioral process graph
analysis from a digital bridge inspection game, as illustrated in Fig. 5.
The framework comprises three steps: (1) gamifying bridge inspection
for collecting inspector behavioral logs; (2) employing process mining to
uncover inspectors’ inspection strategies; and (3) using crowdsourcing
to quantify defect localization reliability.

4.1. Gamification of bridge inspection from multi-modal data

During a bridge inspection, inspectors are onsite and search for
flaws, defects, or potential problem areas that may necessitate mainte-
nance. Obtaining the bridge geometry, defect locations, and related
defect images is crucial to ensure the digital bridge inspection closely
aligns with real-life situations. Our proposed solution integrates multi-
modal data: (1) element positions (X, Y, Z), displacements, and stress
from the FEM simulation software Ansys; (2) basic bridge information
and possible defect types from practical inspection reports; and (3)
bridge geometry information from Revit, as shown in Fig. 6. To accu-
rately represent element-level defects, FEM simulates defective struc-
tural elements based on crack locations from inspection reports
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spanning several years. In this way, inspectors can access various defects
in the bridge inspection game, informed by physics-based FEM simula-
tion results.

Inspectors can click on an element to check its stress and displace-
ment in the properties panel (see Fig. 7). When they identify an element
likely to have defects, they must complete inspection records, including
defect locations (in which section of the bridge, ranging from 0 to 152),
structure types (on which element of the box girder: bottom slab, left
web, right web, or top slab, labeled as 0-3), damage types (transverse
crack, diagonal crack, or unknown), damage severity (good, fair, poor,
severe, or unknown), and the defect’s cause (torsion, bending, shearing,
tension, compression, or unknown) (see Fig. 7). By comparing in-
spectors’ final inspections of the defects with the ground truth simulated
by FEM, inspectors’ performance in bridge inspection can be evaluated.

4.2. Process discovery and conformance checking

4.2.1. Event log preparation

A process is defined as a series of activities or steps executed by
performers to meet specific requirements or objectives (Kouhestani and
Nik-Bakht, 2020). Defining the event log structure is essential to
represent the process as a standard and suitable data structure. A formal
process consists of cases (traces), events, timestamps, activities, related
resources, and costs. Each case includes a collection of events, and each
event is associated with the execution of an activity (Kouhestani and
Nik-Bakht, 2020). The attribute “inspector” represents the event’s case
because each inspector’s bridge inspection is treated as one process. To
protect participants’ privacy, all personal information has been removed
or replaced with a serial number.

Furthermore, activities are the attribute lists “section” (0-152) and
“element” (0-3), which represent the sequences of checked bridge seg-
ments and elements. The resources are the inspectors who executed the
activity. One inspector is responsible for the entire bridge inspection in

Research Question:
1) How to capture detailed inspection process behaviors of inspectors?

2) What behaviors of inspectors can help predict reliable defect localization inspection outcomes?
3) How to quantify the reliability of element-level defects localized by inspectors based on inspection process behaviors?

1) Difficult to capture detailed inspection
process behaviors of inspectors in various
contexts of structural condition assessment

2) No process data analytics method exists
for extracting meaningful inspection
strategies from behavioral process data

3) Little efforts on establishing a rigid statistical
approach for quantifying reliability of inspection
records based on historical performance of
inspectors

Inspectors’ Behaviors Collection

Gamification of Bridge Inspection Inspector Behavioral Capturing

Real Bridge

Crowdsourcing and Ensemble
Learning

g\ Element-Leve

Defect Localizations

4

Fig. 5. Framework for quantifying the reliability of defects located by bridge inspectors through behavioral process analysis.
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Fig. 6. Multi-model data integration-based bridge inspection gamification.
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Fig. 7. Digital inspection records.

our tasks. For statistical purposes, the authors use the classification of
inspectors as resources. However, resources could include several peo-
ple in other cases or domains to accomplish the same task sequence. The
last column is the timestamp of each activity. This information helps
analyze related properties, such as each activity’s duration and the
waiting time between two activities.

4.2.2. Process model representation and process discovery algorithms

A process model is an abstraction of the complex process recorded in
event logs, which can be visualized in different forms to better describe
execution sequences and dependencies in a series of activities. The Petri
net, initially developed in the late 1960s, is one of the most prominent
process modeling languages that combines mathematical formalism and
graphical representation, facilitating the display of both concurrency
and asynchrony in processes. The Petri net is typically a bipartite graph,
where a set of directed arcs connects places in circles and transitions in
squares, representing various associations. There are four basic re-
lations: (1) Direct succession: x > y if, for some case, x is directly fol-
lowed by y; (2) Causality: x—y if x > y and not y > x; (3) Parallel: x||y if
x >y and y > x; (4) Choice: x#y if not x > y and not y > x. Five basic

process patterns can be discovered from event logs, as shown in Fig. 8,
including sequence pattern, XOR-split pattern, XOR-join pattern, AND-
split pattern, and AND-join pattern (van der Aalst, 2010): (a)
Sequence pattern: a—b, activity b occurs immediately after activity a;
(b) XOR-split pattern: a—b, a—c, and b#c, activity b or ¢ occurs after
activity a (takes one outgoing branch); (c¢) XOR-join pattern: b—d, c—d,
and b#c, activity d occurs after either activity b or c occurs (proceeds
when one incoming branch is completed); (d) AND-split pattern: a—b,
a—c, and b||c, activities b and c occur after activity a occurs (takes all
outgoing branches); (e) AND-join pattern: b—d, c—d, and b |c, activity
d occurs after both activities b and ¢ occur (proceeds when all incoming
branches are completed).

4.2.3. Conformance checking for quantity reliability of individual inspector

The process discovery algorithms construct the process model
without any prior information. It is essential to evaluate the generated
process model’s performance in describing the observed behaviors in the
event logs. Conformance checking compares an event log and the mined
process model to quantify the differences between the discovered pro-
cess model and the observed behavior (Buijs et al., 2012). Replay fitness
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Fig. 8. Illustration of the process model.

quantifies the extent to which the discovered model can accurately
reproduce and describe the cases recorded in the event log (Buijs et al.,
2012), defined by an alignment-based calculation in Eq. (1) (Buijs et al.,
2012; Van der Aalst et al., 2012). The generated fitness can be used to
quantify the extent to which an individual inspector follows a behavioral
pattern represented by a process model. Fitness with a process model
indicating processes learning to reliability defect localization results can
serve as an indicator of an inspector’s reliability. In other words, it
measures the similarity between the discovered process model and the
replayed event logs. While aligning events to the process model, a cost is
assigned when events are skipped, or activities are inserted without
expectation. If all cases from logs are fully reproduced, a perfect fitness
score closer to 1 is obtained. Conversely, a fitness of 0 signifies that the
process model fails to replay traces in the log.

feost(L,M)
~ move, (L) + movey (M)

Inspection reliability index, fitness(L,M) = 1 (@D)]

Where the fcost(L,M) function, also known as alignment cost, is a
measure of the extent to which an event log (L) aligns with a process
model (M). It quantifies the deviations between the actual process
captured in the event log and the ideal process defined by the model. A
lower fitness cost indicates better alignment between the log and the
model. For example, if fcost(L, M) = 0, it means that model M can
perfectly replay the log L. For the denominator, it stands for the maximal
possible cost, where mover (L) is the cost of moving through the whole
logs instead of the model, and movey (M) is the cost of making moves on
the model.

To calculate fitness using fcost(L, M), move, (L), and movey(M)),
follow these steps: (1) Find the optimal alignments between the event
log traces and the process model paths using an algorithm like the A*
algorithm or other search heuristics. (2) For each trace in the event log,
calculate the alignment cost as the sum of the costs of the deviations in
the optimal alignment. Commonly, a cost of 1 is assigned to each move
in the log (a recorded event not allowed by the model) and each move in
the model (an allowed transition not observed in the log). (3) Calculate
mover (L) as the total number of moves in the log, and movey (M) as the
total number of moves in the model. (4) Calculate the total alignment

cost as the sum of the alignment costs for all traces in the event log.
For example, consider the following event log and process model:
Event Log (Trace 1): A- > C- > B - > D; Process Model: A->B->C->
D. Assuming we have found the optimal alignments, we can calculate
fitness using fcost(L, M), mover (L), and movey(M)) as follows: 1)
Optimal alignments: Trace : (A, A) -> (C, 1)-> (B, L)->(L,B)->(L,C)
-> (D, D) (4 deviations); 2) Calculate mover (L) = 2 (C and B in Trace)
and movey (M) = 2 (B and C in Trace); 3) Calculate the total alignment
cost: 4; 4) Calculate the fitness: 1 - (4/(2+2)=1-(4/4)=1-1=0.
In this example, the fitness is 0, indicating a low level of conformance
between the event log and the process model. The mover (L) and
movey (M) functions both have a value of 2, representing the deviations
in the log and the model, respectively. These values can be used to
identify areas for improvement in the process model and the event log.

4.3. Quantifying the reliability of defect localization records

4.3.1. Quantifying the performances of inspectors and inspection teams

Bridge inspection is a type of fault detection process. Inspectors aim
to find the defects among all the elements. Compared to normal ele-
ments, the numbers of abnormal elements are scarce. Therefore, the
commonly used metrics in anomaly detection are also suitable for
evaluating the inspectors’ performances. In addition, as shown in
Fig. 13, by comparing the inspectors’ final inspection of the defects and
the ground truth of defects simulated by FEM, inspectors’ performances
in the bridge inspection could be evaluated. In this research, elements
with defects are known as the positive class, whereas defect-free ele-
ments are considered negative. The well-known performance scores are
used in the evaluation process: defect location accuracy for both indi-
vidual inspectors and inspection teams (precision, recall, F1 score, and
false alarm) and defect location reliability for the inspection teams
(Fleiss' kappa) (Falotico and Quatto, 2015; Riicker et al., 2012). The
calculation formula is shown below.

Defect Location Performances:

True Positive

Recall (defect detection rate) = — - (2)
(True Positive + False Negative)
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Where True positive: fault samples correctly diagnosed as a fault;
True negative: normal samples correctly diagnosed as normal; False
positive: fault samples incorrectly identified as normal; False negative:
normal samples incorrectly identified as a fault. Furthermore, precision
measures the proportion of positive test results that are true positives,
also referred to as positive predictive value. Recall measures the pro-
portion of actual failures which are correctly identified. The F1 score is
the harmonic mean of precision and recall.

Defect Location Reliability:

Fleiss kappa :Pi — {“ 6)

e

Fleiss’ kappa (Fleiss, 1971) is a statistical measure for assessing the
reliability of agreement between a fixed number of raters when
assigning categorical ratings to a number of items or classifying items.
Where 1 —p, gives the degree of agreement that is attainable above
chance, and p — p, gives the degree of the agreement achieved above
chance. Fleiss' kappa x < 0 stands for poor agreement, 0.01 < x < 0.20
stands for slight agreement, 0.21 < k < 0.40 stands for fair agreement,
0.41 < k < 0.60 stands for moderate agreement, 0.61 < k < 0.80 stands
for substantial agreement, 0.81 <k <1 stands for almost perfect
agreement.

4.3.2. Problem definition of crowdsourcing for defect localization

The bridge defect localization evaluation could also be considered as
crowdsourcing from multiple inspectors’ subjective judgments and
related historical inspection records. During the bridge inspection,
groups of inspectors check the bridge elements to find the defects and

Process Model

Training N
Data

™
L\
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decide their functional states based on the visual inspection. After the
onsite inspection, the final defect localizations of bridge elements
consider different defect localizations contributed by all inspectors,
indicating that all inspectors have the same experience and abilities.

A crowdsourced labeled dataset D; (defect localizations) consists of
M inspectors, which is denoted by D1 = {{x1i,¥1i, i > }{:1- x; is the
behavior log inspectors i and y; is the true localizations of defect. [; is the
label of inspector i. A process model P(D;) = P({x1;,y1:}._,) is generated
from the labeled dataset D;.

A crowdsourced unlabeled dataset D, (defect localizations) consists
of M inspectors, which is denoted by Dy = {(xai,¥2i,1i > }le. x; is the
behavior log inspectors i and y; is the true localization of defect. r; is the
reliability index of inspector i, is generated from the built process model
P(xoi,y2i) =Ti.

The goal is to learn a hypothesis h(x) that can minimize the defect
localization error:

&(h(x)) = Pr ((h(x2,r) #Y) ]
4.3.3. Ensemble learning framework with crowdsourcing

In this study, according to the inspectors’ performance finding the
defects discussed in subsection 4.3.1, inspectors could be classified into
different skill levels. Next, according to the process model built by in-
spectors during the mining process, we could understand the inspection
strategies of inspectors of different skill levels. Furthermore, the process
model built from the high-performance inspectors could be chosen as the
classifier to get the “inspection reliability index (fitness)" through
conformance checking, as discussed in subsection 4.2.3, to quantify to
what level an individual inspector follows a behavioral pattern repre-
sented by a process model. The generated inspection reliability index
(fitness) stands for the similarity of the behavior between this inspector
and the crowded high-performance inspector. Then we could use the
generated inspection reliability index as weights to calibrate the final
defect localizations of bridge elements. Therefore, we proposed an al-
gorithm with ensemble learning from crowdsourcing, as shown in Fig. 9
and Algorithm 1.

Inspection Reliability Index

Element-Level Defect
Localizations

| -

Testing

Data

F

Fig. 9. Illustration of ensemble learning framework with crowdsourcing.
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Algorithm 1. Ensemble Learning from Crowdsourcing

Input:

The crowdsourced labeled training dataset D; {< x;;, ¥1;,71; >}, from one group

of inspector log

The crowdsourced unlabeled testing dataset D, {< x,;, Vi, T2; >}1L, from another

group of inspector log

The number of base classifiers (inspectors) M

Output:

An ensemble classifier H(x) for calibration of the defect localization

Generate inspection reliability index 7; through conformance checking of the

1. Load the inspector log dataset D; with labels
2. Create process model P from log dataset D
3. Load the inspector log dataset D, without labels
4. Initial M base classifiers (inspectors) h;
5. Fori=1toM do
6.
process model P for the inspector log dataset D,
7. Assign the generated inspection reliability index 7; to base classifiers
(inspectors) h; (ri)
8. End for
9.

F(h1(x21,11), h2(1y), ..., ARM (1))
10. Return H(x)

Aggregate M base classifiers (inspectors) into a strong classifier, i.e., H(x) =

5. Experimental results and discussion

To validate the proposed framework for collecting bridge inspectors’
behaviors and calibrating element-level defect localizations through
weighted inspection behavior analysis, this study gathers and analyzes
BIM event logs from 96 graduate students with basic structural engi-
neering knowledge from the School of Architecture and Department of
Civil and Environmental Engineering at Carnegie Mellon University in
2021 (48 students) and Fall 2022 (48 students). In this validation, the
authors use log data from Fall (2021) to build and test the process model
with data from Fall (2022).

Span 9

120m 120m

5.1. Gamification of bridge inspection for behaviours collection

This paper employs a typical continuous rigid frame bridge (CRFB) as
a case study. This bridge has a total length of 1010 m, including a six-
span main bridge of 612 m (66 m + 4*120 m + 66 m), as illustrated
in Fig. 10. The main bridge uses prestressed concrete continuous rigid
frames with high hollow thin-walled piers (Sun et al., 2019). During the
bridge inspection, dividing a bridge into several segments is common,
allowing inspectors to examine sections sequentially. This study divides
the bridge into 153 segments, numbered from 0 to 152. In each section, a
box girder forms an enclosed tube or hollow box-like structure with
multiple walls. The box girder is divided into four elements, including

120m

120m 6Em

¥

Girder #9 Girder #10 Girder #11

Pier #9 Pier #10

Pier #11

Girder #12 Girder #13 Girder #14

Pier #12 Pier #13

! | |

Span 10 Span 11

| [ 1

Span 12 Span 13

Fig. 10. Continuous rigid frame bridge with four middle spans and two side spans.
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Fig. 11. Possible defects in elements of box girder.

Blue Green
Compression or not much tensions S some tensions
Light Red or from green to red Red
Close to the tension strength of the concrete already exceed the tension strength

Fig. 12. Colors represent the magnitude of stress

bottom slab 0, left web 1, right web 2, and top slab 3, enabling inspectors near ultimate strength; red denotes severe functional states with stress

to click each element to check the functional status, as shown in Fig. 11. exceeding ultimate strength.

We created a FEM to simulate defect developments on the box girders’ During the inspection, inspector behaviors are recorded as BIM event

slabs and webs in the middle of spans 10, 11, and 13 of CRFBs through logs, capturing timestamps, mouse movement coordinates, mouse clicks,

stiffness reduction of those elements in the FEM. selected structural elements, etc. As illustrated in Fig. 13, the logs show
After simulating defective structural elements using FEM, element that the inspector clicked the left mouse button to select the top slab

stresses, and displacements are exported from Ansys through parametric element in segments 37-38 of the bridge on June 04, 2022. Thus, we can

design language into Revit to represent functional states and possible understand the inspector’s strategy via selection sequences, event in-

defects, as depicted in Figs. 11 and 12. For example, transverse cracks terval times, and mouse movements through the BIM event logs.

often appear in the bottom slab of the box girder when bearing tension

exceeds ultimate strength. Diagonal cracks with angles typically occur 5.2. Process mining for inspection strategy discovery

on the box girder’s web when bearing shear surpasses ultimate strength.

Different colors, ranging from blue and green to red, represent stress The F1 score is chosen as the primary metric to evaluate inspectors’

magnitudes, providing inspectors with a visual sense. Blue indicates overall anomaly detection performance. The F1 score is a classification

good functional states with compression or limited tension; green rep- accuracy metric that combines precision and recall, designed to be

resents appropriate functional states with some tension; light red or useful when classifying between unbalanced classes. Based on the F1

colors between green and red signify poor functional states with stress scores, inspectors can be classified into three types: low performance

11
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Fig. 13. Revit logs for recording inspection behaviors.

(0-0.5, 18 inspectors), medium performance (0.5-0.85, 46 inspectors),
and high performance (0.85-1, 34 inspectors).

Because the inspection includes selections of 153 segments and each
section has four elements, the complete process model has hundreds of
nodes and complex connections that are difficult for humans to read and
interpret the process model. Therefore, the authors simplify the 153
segments into side span 9 (from section 0 to section 16), middle span 10
(from section 16 to section 46), middle span 11 (from section 46 to
section 76), middle span 12 (from section 76 to section 106), middle
span 13 (from section 106 to section 136) and side span 14 (from section
136 to section 152) to make the Petri net process model easy to
understand.

5.2.1. Process analysis for inspectors with high inspection performances per
F1-score

Fig. 14 displays the search strategies of bridge inspectors with high
performance (F1 > 0.85), with darker boxes representing more
frequent selections of bridge parts by human subjects. Notably, in-
spectors select right and left webs, top and bottom slabs in span 10, as
shown in the red circle of Fig. 14. The right, left webs, and bottom slabs
in the middle span 10 receive more selections (163, 136, and 194)
compared to top slabs (87). The right and left webs and the bottom slabs
are also consistent with defect locations in span 10. Inspectors exhibit
similar behavior in spans 11 and 13.

In span 12, without obvious defects, inspectors identify only one

12

location with a high likelihood of defects, as shown in the orange circle.
This suggests that high-performing bridge inspectors recognize re-
lationships and stress-transfer mechanisms within spans 10, 11, 12, and
13, leading to high probabilities of jumping between different elements
inside spans. Based on this state transition diagram, inspectors appear to
focus on the structural similarity between middle spans (10, 11, 12, and
13), with arrows connecting different middle spans to represent transi-
tions from one span to another.

5.2.2. Process analysis for inspectors with medium inspection performances
per Fl-score

The process model for inspectors with medium performance (0.5
< F1 < 0.85) displays similar patterns to the Petri net process model of
inspectors with high performance, as shown in Fig. 15. Inspectors with
medium performance can identify relationships between and within
spans. However, as shown in the green circle, they overlook the rela-
tionship of elements in span 13, where the right web is isolated from the
bottom and left slabs.

Fig. 15 also shows span 11 in two blue circles, representing different
elements (slabs or webs) of that cross-section, without clear connections
between different spans. In summary, compared to inspectors with high
performance, those with medium performance tend to ignore relation-
ships and stress-transfer mechanisms within and between spans 10, 11,
12, and 13.
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Fig. 16. Process mining for inspectors with low performances.

5.2.3. Process analysis for inspectors with low performances per F1-score

For inspectors with low performance (F1 < 0.5), the process model
reveals that different elements in the same span are separated into
several parts, as shown in different circles in Fig. 16, for example, from
one another. The process model indicates that low-performance in-
spectors may employ random search strategies and disregard the re-
lationships and stress-transfer mechanisms within and between spans
10, 11, 12, and 13.

5.3. Quantifying the reliability of reported locations of bridge element
cracks through weighted inspection behaviour analysis

The fundamental concept is that bridge defect locations can be
considered a crowdsourcing process stemming from multiple inspectors’
subjective judgments and related inspection records. During bridge in-
spection, groups of inspectors assess bridge elements to determine defect
locations based on visual inspection. After the onsite inspection, the
reliability and performance of the final defect locations can be calcu-
lated using two methods. One method involves calculating the mean
value of different defect locations, assuming all inspectors have the same
skill level. As discussed in subsection 4.3, the second method involves
evaluating inspectors’ inspection behavior through a process graph
model to generate an inspection reliability index. This generated in-
spection reliability index can be used as a weight to account for in-
spectors’ skill levels when voting for defect locations of bridge elements,
thereby improving reliability.

5.3.1. Generation of inspection reliability index (fitness)
The inspectors’ previous behaviors are recorded in a process model.

14

It is a graph model with directional arrows between actions and events
in inspection processes. The similarity between the current and previous
ones is calculated based on conformance checking through the token-
based replay, as discussed in subsection 4.2.3. Based on the process
model, we can understand the inspection strategies of inspectors with
different skill levels. Furthermore, the process model built from high-
and medium-performance inspectors can be selected as the classifier to
obtain fitness through conformance checking using token-based replay,
as shown in Fig. 17. Since we collected data from 96 graduate students at
Carnegie Mellon University in the fall of 2021 and 2022, we used the
BIM event logs from high- and medium-performance inspectors in the
fall of 2021 to build the process model. We then evaluated the model on
data from the fall of 2021 (including training data), as shown in Fig. 17
(a), and data from the fall of 2022, as shown in Fig. 17(b). The generated
fitness represents the similarity of behaviors between a given inspector
and the collective high- or medium-performance inspectors. We find
that the rebuilt process model from the data of inspectors with high and
medium performance can classify new inspectors’ behaviors and
generate the inspection reliability index (fitness).

5.3.2. Reliability quantification of localized defect records

The authors compare average and calibrated defect locations to
evaluate whether the proposed weighted approach can improve the
reliability of element-level defect locations voted on by multiple in-
spectors. Fleiss’ kappa is an index that assesses the reliability of agree-
ment between a fixed number of inspectors when assigning categorical
ratings to several items or classifying items (Fleiss, 1971; Falotico and
Quatto, 2015). In this study, 96 participants are required to classify 612
bridge elements (153 segments, with four elements in each segment) as
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Fig. 17. Performances of the built process model.

normal or defective. Fleiss’ kappa was applied to analyze the variations
between multiple inspectors’ defect locations. The reliability of defect
locations improved from 0.343 (with a 95% confidence interval (CI) of
0.341-0.345) to 0.468 (95% CI 0.466-0.469). The p-values of both tests
are less than 0.0005, indicating statistical significance (see Table 1). The
experiment results show that the overall reliability of defect locations
changes from fair agreement to moderate agreement.

5.3.3. Performance quantification of localized defect records

To evaluate whether the proposed framework with ensemble
learning from crowdsourcing, as discussed in subsection 4.3.3, can
improve the accuracy of element-level defect locations, the authors
compare average and calibrated defect locations. Table 2 and Fig. 17
show that the weighted average can significantly calibrate the element-
level defect locations to the ground truth.

An average recall (fault detection rate) of 90.72% for ten defects was
achieved for element-level defect locations by aggregating multiple in-
spectors with ensemble learning through the process model compared to
the 82.61% recall (fault detection rate) without using their inspection
reliability indices as weights (see Table 3). We also compared the false

Table 1
Reliability quantification of the localized defect records.

Table 3
Comparison of performances of average and weighted average ensemble
learning for all defect localizations.

Method Accuracy Precision Recall F1 False Alarm
Average 0.9342 0.3267 0.8261 0.4682 0.0619
Weight Average 0.9533 0.3594 0.9087 0.5151 0.0451

alarms of ten selected locations to illustrate that the proposed approach
could identify false alarms and reduce the probabilities for those erro-
neously reported defects by some inspectors, as shown in Table 2 and
Fig. 18. An average of 13.48% false alarms for ten defects was achieved
for element-level defect locations by aggregating multiple inspectors
with ensemble learning through the process model compared to the
17.83% false alarm rate without using their inspection reliability indices
as weights (see Table 3).

Moreover, we compared the average and weighted average ensemble
learning for all defect localizations in terms of accuracy, precision,
recall, F1, and false alarm rate. The results indicate that the weighted

Kappa Asymptotic Asymptotic 95% Confidence Interval
Standard Error z Sig. Lower Bound Upper Bound

Overall Reliability 0.343 0.001 384.765 0.000 0.341 0.345
Overall reliability with weight 0.468 0.001 547.538 0.000 0.466 0.469

Table 2

Comparison of recall from the average and weighted average ensemble learning.
Defect Location Recall (Fault Detection Rate) Defect Location False Alarm

Average Weight Average Average Weight Average

119 Section - Left Web 97.83% 100.00% 61 Section -Left web 21.74% 15.22%
30 Section - Bottom Slab 95.65% 99.72% 120 Section-Right web 19.57% 17.39%
28 Section - Right Web 91.30% 95.96% 31 Section-Bottom Slab 19.57% 13.04%
60 Section - Left Web 89.13% 95.32% 119 Section-Bottom Slab 19.57% 17.39%
28 Section - Left Web 86.96% 95.02% 32 Section-Left web 17.39% 13.04%
119 Section-Right Web 82.61% 91.64% 45 Section-Top Slab 17.39% 15.22%
60 Section - Right Web 82.61% 92.61% 121 Section-Left web 17.39% 10.87%
59 Section -Left Web 80.43% 91.24% 117 Section-Bottom Slab 15.22% 10.87%
91 Section - Right Web 63.04% 76.22% 15 Section-Top Slab 15.22% 10.87%
89 Section - Right Web 56.52% 69.51% 16 Section-Top Slab 15.22% 10.87%
Average 82.61% 90.72% 17.83% 13.48%
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Fig. 18. Comparison of recall and false alarm rates of defect localizations between the average methods and weighted average methods.

average, by aggregating multiple inspectors with ensemble learning
through process analysis, achieves better performance than without
using their inspection reliability indices as weights, particularly in recall
(increasing from 0.8261 to 0.9087) and false alarm rate (decreasing
from 0.0619 to 0.0451).

6. Discussion

Several technical and scientific considerations could influence the
technical feasibility and reliability of the proposed method in bridge
inspection practice. These considerations include 1) differences between
the mouse clicking and eye tracking methods for observation behavior
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tracking; 2) pros and cons of different process data analysis methods; 3)
explanation of the discovered strategies through the process mining; 4)
consideration about using the behavioral data collected in the virtual
environment for calibrating the defect localization records obtained in
physical environments. The following paragraphs detail these consid-
erations and their implications for future studies and field
implementations.

The first consideration is observing behavior tracking by mouse
clicking and eye tracking. In most situations, inspectors click on ele-
ments of interest, enabling the BIM log to record click time, selected
elements, and sequences, representing inspectors’ behaviors. However,
in some cases, inspectors notice elements without clicking on them,
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leading to missed capture of essential behaviors. Several ways to over-
come this problem include using eye-tracking equipment or integrating
mouse movement and rotation data for better behavior understanding.

The second consideration is the pros and cons of different process
data analysis methods. Process mining analyzes event logs and extracts
data from sources like databases and spreadsheets. Recently, deep
learning-based models like bidirectional encoder representations from
transformers (BERT), a deep learning-based natural language model, are
designed for unstructured data like natural language processing tasks.
While it is possible to adapt BERT for other applications, such as process
mining, it may not be the most efficient or effective approach for pro-
cessing raw event logs and observation histories. Such event logs and
observation histories’ semantic information are rather limited compared
with words in natural language. BERT could work with a pre-processing
step that interprets the raw logs into more meaningful units of human
actions and attributes of observed objects for capturing repetitive in-
spection strategies. However, designing a process ontology to help with
that pre-processing is out of the scope of this work. The authors added
these discussions to the discussion section to highlight plans for
designing process formalism to interpret the event logs for leveraging
the BERT approach. In summary, BERT may have some limited use cases
in process mining, but it is not a primary method for process mining
analysis. In future work, we are considering using the knowledge graph
or fine-tuning large language models to represent human knowledge.

The third concern is about the explanation of the discovered strate-
gies through process mining. Inspection strategy discovery methods
allow explaining and reusing defect search strategies. However, this
paper focuses on revealing repetitive inspection behaviors without
explanation and reuse mechanisms. Section 5.2 compares inspection
strategies through process analysis of inspectors with varying perfor-
mance levels (low, medium, and high). In summary, compared to in-
spectors with low performance, those with high and medium
performance tend to adopt a searching strategy to find connections be-
tween elements in the same section and across different spans due to
their understanding of structural mechanics and stress redistributions.
Consequently, we can rebuild the process graph from event logs of high
and medium-performance inspectors to identify essential activities and
searching strategies. This method can be applied to other scenarios,
demonstrating its strong versatility. Through the generated inspection
reliability index (individual inspector reliability) by process analysis,
the reliability of entire inspector groups for defect location can be
improved using the proposed ensemble learning framework in Section
5.3. Additionally, the recall and false alarm rates for defect locations
with a high degree of disagreement can significantly improve, as
demonstrated by 91 Section - Right Web and 89 Section - Right Web,
proving the effectiveness of the proposed framework.

The fourth consideration involves understanding the differences
between virtual and real-world inspections as they impact the tool’s
usefulness in actual projects. Key differences include (1) Environmental
factors: Virtual environments lack complex factors like weather condi-
tions, temperature fluctuations, and wind loads that affect real-world
inspections. (2) Structural complexity: Virtual models may not capture
real-world bridge structures’ complexity, affecting tool performance. (3)
Sensor and interaction limitations: Virtual environments provide limited
sensory input compared to real-world scenarios where inspectors use
multiple senses to gather information. (4) Consequences and risk: Vir-
tual environments assume easy accessibility, while real-world in-
spections involve risks and consequences that affect inspector behavior.
(5) Human factors: Virtual environments may not account for factors
like fatigue and physical fitness, affecting inspectors’ real-world
performance.

7. Conclusion and future work

This study presents a bridge inspection game utilizing multi-data
sources (BIM, FEM, and inspection reports) to address the challenges
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of capturing detailed inspection process behaviors of inspectors. By
employing process mining for inspection strategy discovery, inspectors’
behaviors are represented and evaluated using a process graph as in-
spection reliability indexes. The generated reliability serves as the
crowdsourcing weight in ensemble learning to quantify and calibrate the
final crack location results.

We discovered that the BIM log captures inspectors’ detailed in-
spection behaviors, and search strategies focusing on connections be-
tween elements within the same section and across different spans
typically yield better defect locations. The proposed approach achieves
an average 90.72% defect detection rate (recall), compared to the
82.61% rate obtained by aggregating defect detection results of multiple
inspectors without behavioral assessment. Inspection reliability analysis
of inspectors and inspection teams indicates that using behavioral
analysis to weight defect detection results enhances the overall inspec-
tion team reliability, improving from “fair agreement” (0.343) to
“moderate agreement” (0.69), according to Fleiss’ kappa k. Thus, the
proposed framework can increase the accuracy and reliability of defect
locations.

However, there are some limitations to our work. First, certain vague
defects improve with new approaches, while others do not. Causal
analysis and sensitivity analysis may help identify underlying features
and reasons for this scenario. Second, future work should incorporate
more detailed task-level inspection actions, such as eye tracking, mouse
movement, and rotation, to better understand inspectors’ search
policies.
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