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The construction industry records more hazards compared to any other sector. Protective equipment, such as
guardrail systems, is essential for protecting workers from deadly falls but may quickly become incompliant after
installation. Yet, many construction projects do not have the resources to dedicate personnel to perform the
inspection as frequently as needed. Therefore, this paper proposes an automated rule-based inspection and
compliance-checking system that can assist the responsible personnel in detecting faulty guardrails in live work
environments. The classification approach utilizes safety design and mimics the steps of human guardrailing
compliance assessment, which enforces simplicity and transparency, allowing the human domain expert to
remain in control. Even under scarce data availability, this first-of-a-kind classification approach is reliable and
scalable and successfully classifies 21 predefined and 9 validation scenarios of guardrail systems for fall

1. Introduction

The construction industry has abysmal records regarding fatal haz-
ards compared to other sectors. One of the factors playing a significant
role in these records is the dynamic environment in which the con-
struction process is carried out. There are no two identical construction
sites, and barely two days of production are performed in identical sit-
uations as the building state progresses. Therefore, the location and
environment of tasks are constantly changing [1]. The ever-changing
environment makes it hard to keep the safety plan up to date, but it is
even harder to keep installed hazard mitigation equipment compliant
with the safety plan and regulations. Tremendous effort is allocated to
safety planning and inspection, but the manual processes are subject to
errors for several reasons, e.g., fatigue of repetition, unplanned removal
of safety equipment to perform work, lack of reinstallation by workers,
and fast addition of new potentially hazardous areas. In fact, 38 % of all
work-related fatalities in the U.S. stem from falls from height hazards,
which makes it the deadliest hazard type in construction [2]. The
preferred protection equipment for fall hazards is guardrails, but those
need frequent inspections to ensure safe work environments. This work
investigates how an automated inspection procedure that can cope with
the dynamic environment of a construction site can facilitate the
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identification of safety mitigation equipment compliance issues,
enabling the safety-responsible person to focus on correcting identified
issues instead of spending as much time searching for them.

While the safety compliance checking task is labor-intensive and
time-consuming, it is a critical task that can potentially prevent acci-
dents in the construction industry and, thus, cannot be omitted [3]. This
also means that solutions that seek to automate the task must be highly
reliable. A reliable solution includes properties such as being trans-
parent, completeness-assessable, explainable, extensible, and pessi-
mistic (we further explain the meaning of these properties in our
methodology Section 3). Additionally, the approach must be reliable
even when sensor data about the construction site is scarce. Collecting
data about hazardous situations in construction is a complex and chal-
lenging task, as these situations cannot persist until data has been
captured (i.e., such hazardous situations must be made safe as soon as
possible to maximize worker safety).

Example: An active construction site, e.g., a high-rise building
currently being built, that contains falls from height hazards. The con-
struction project Building Information Modeling (BIM) model assembles
the hazards and their required mitigation measures, such as guardrails,
are modeled. Utilizing the safety-assessed BIM, a new safety analysis
tool that takes sensor data input from the construction site (e.g., video or
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images captured by a drone) to perform compliance checking and
highlights hazardous locations in red in a BIM model viewer. The areas
should be highlighted when the mitigation measures do not comply with
safety regulations. Moreover, the safety analysis tool would associate
these uncompliant locations with a description of the violation to let the
safety inspector know exactly what to bring to repair or replace the
faulty pieces and maintain site safety before workers get hurt.

Identification and classification of objects often rely on computer
vision and machine learning [4]. The functionality of both approaches is
based on a training procedure, where the neurons in the network are
optimized to predict a class based on the similarity to instances in a
labeled training data set. This means that training a neural network to
classify instances of guardrails requires a good representation of each
violation with several instances, i.e., data that captures the violation.

An alternative approach is rule-based, which we investigate in this
study. The rule-based approach is initiated by formalizing the properties
of the guardrails into logic facts and rules. A set of facts and rules is
referred to as a knowledge base, and a reasoning engine is used to infer
new facts that are logically consistent with the knowledge base.
Different kinds of inferences are made using different kinds of rule-based
systems, e.g., via query answering (e.g., Prolog [5]), (stable) model
generation (e.g., Answer Set Programming [6]), rule execution (e.g.,
production systems [7]), rule-based constraint programming (e.g.,
Constraint Handling Rules [8]), and others. For example, the guardrail
regulation specifies the number of required boards, and therefore, a
guardrail would violate this rule if it does not meet the requirement.
Formalizing the regulations as rules and encoding the guardrails on a
particular construction site as facts makes it possible to find all guard-
rails that violate the regulation and categorize them as incompliant with
the regulation.

In this work, we conduct a case study-based investigation to address
our research questions. Specifically, we propose and develop a rule-
based strategy for automatically classifying guardrails on construction
sites. Our approach has the potential to enhance compliance by allowing
safety-responsible individuals to focus on identified violations rather
than non-violating installations. We explore practical methods for
automating guardrail inspection, addressing research questions RQ1-
RQ3. Through the investigation, we introduce a novel compliance
classification strategy that considers real-world requirements and limi-
tations. The contributions of our work, summarized as C1-C4, offer in-
sights into a less explored yet highly effective approach.

Research questions:

RQ 1: How can a declarative, knowledge-based approach be used to
perform compliance checking of temporary guardrails in an
automated approach under scarce data availability?

RQ 2: How can a small set of predefined scenarios (e.g., 10-50) be
sufficient to form a working compliance-checking approach to
classify a set of validation scenarios captured around the con-
struction scenario?

RQ 3: Does the classification approach scale to be feasible in realistic
full-size construction site scenarios consisting of hundreds or
thousands of mitigation strategy instances (i.e., instances of the
planned placement of guardrails, safety nets, cones, fences, etc.)?

Contributions:

C 1: We present a new strategy to capture guardrailing conditions
from point cloud data.

C 2: We present and validate a novel, scalable, and reliable approach
to perform compliance classification on temporary safety guard-
rails on construction sites where sensor data is scarce.

C 3: We freely share the knowledge base for the predefined scenarios
and the validation scenarios on GitHub for others to advance and
compare.
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C 4: We freely share the synthetic knowledge base created for the
feasibility study on GitHub.

2. Related work
2.1. Safety planning

BIM models comprise essential information about the building. This
includes but is not limited to the geometry, which can be used in the
assessment of rule compliance. Rule compliance covers many different
areas, such as fire simulation [9], accessibility [10], and visible access
[11]. BIM also plays a vital role in construction worker safety rule
checking. Several researchers have been investigating the identification
of hazards based on the BIM model and its element’s geometries. Safety
considerations can be included in the guidance of design choices that are
based on formalized construction worker suggestions [12]. However,
some of the hazards, specifically fall hazards, can also be mitigated
directly based on the BIM element geometries [13-15]. The analysis is
performed and disseminated using different approaches. Some use se-
mantic approaches, where hazards are shared with the designer or
safety-responsible person [16-19]. An alternative approach is to inject
mitigations into the BIM model when hazards are identified
[13,15,20-23]. This often means that the scope of hazard types is nar-
rower and that the geometry and location of the mitigation equipment
can be extracted directly from the BIM model. The digitally captured
safety design can be used to facilitate the automatization of other safety
tasks, e.g., inspection, as the knowledge about where and what kind of
protection equipment to expect.

2.2. Progress monitoring

Safety equipment inspection is highly related to construction prog-
ress monitoring, which compares the as-built state to the as-planned
state of a construction project [24]. Progress monitoring is performed
in different resolutions, i.e., binary, stating if an object is completed or
not, and percentage-wise, where an object can be considered partially
done. The percentage-wise approach, depending on the tasks, often re-
quires images to assess which tasks have been completed for an object, e.
g., if a wall is built but not yet painted, which depends on the resolution
of the expected output. For some tasks, though, it is possible to assess the
percentage completion of a masonry wall based on a point cloud [25],
but at the same time, this has been studied using RGB (red, green, blue
colored) images and Convolutional Neural Networks (CNN) [26]. Most
of the studies mentioned in [24] are based on point cloud data from
Light Detection and Ranging (LiDAR), photogrammetry processed im-
agery data, or Simultaneous Localization and Mapping (SLAM). The data
acquisition technique impacts the quality of the resulting point cloud
and must be selected to correspond with the application’s requirements.
The overall topic is also referred to as Scan-to-BIM and has been
investigated recently in [27], and in a robotic-assisted approach [28].

2.3. Safety equipment detection

Specifically for safety equipment detection, which is more related to
this work, existing studies also include data collection and compliance
checking of safety properties in the as-built environment. Similar to the
overall progress monitoring, some studies are based on images, and
others are based on point clouds from various sources. One example of a
study based on two-dimensional (2D) images and CNN is [29]. The
approach utilizes transfer learning, allowing the authors to benefit from
training performed on the network to solve another similar task. The
(Visual Geometry Group)VGG-16 [30] model can be adopted and further
trained specifically for guardrail detection. Their training dataset con-
sisted of 4000 augmented images, and another 4000 evenly collected
from real construction sites and Google was used to validate the model’s
performance. With the data set and the transfer learning strategy, the
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model performance becomes 96.5 % for one type of manufactory-
produced guardrails. [31] is another image-based study, but instead of
regular images collected from the ground, the study is based on video
recording from an Unmanned Aerial Vehicle (UAV). Key-frames are
automatically identified from the video recording, and topology-based
detection of guardrails posts is performed. The authors improve the
detection through definitions of constraint where the relationship and
distance between railing poles and the floor are constrained. Their
approach is based on Machine Learning (ML) rather than Deep Learning
(DL); thus, the training data set size requirements are lowered. While the
data requirements are lowered, ML approaches still need large amounts
of training data to represent the many ways safety equipment can be
incompliant. The training data is cumbersome to collect in live con-
struction sites with a reasonable variety to make the network perform
well, as it requires the existence of unsafe situations until data is
collected.

2.4. Safety compliance checking approaches

Automated safety inspection, which is yet more relevant to this work,
has been based on many different data sources and analyzed using
different approaches. One way is to apply a DL approach on images to
mask the railings and changes between subsequent frames [32]. The study
utilizes a U-Net segmentation model [33], which allowed the training to be
done on a relatively small data set compared to other DL approaches. In
the study, 1560 images were used during training, and an additional 129
images were used for testing. All images were taken from the construction
site’s tower crane and labeled for model training and testing. The study
also identifies where the railings are missing based on the previous frames,
which means that the detection is limited to the lack of railings that have
once been installed. To do so, the authors utilize and compare The Mask
Comparison Approach (MCA) and the Missing Object Detection Approach
(MODA), where the latter performs best in detecting where guardrails
have been removed in the construction situation. While the results of this
work look promising, it requires the line of sight from the crane video
camera, which is often not possible to ensure.

Point cloud data (PCD) has been used for many applications in
construction research, and guardrail inspection is no exception. One
study presented a workflow in which individual guardrails can be
inspected for regulation compliance [34]. The PCD was created from
images collected with a UAV that were subsequently processed with
Structure from Motion (SfM) [61]. The compliance checking approach is
based on finding openings between guardrail boards and flooring in the
PCD. Based on the regulation, the openings are classified and used to
identify hazards in the collection environment. The investigation was
performed under controlled circumstances in a lab, where the individual
cases were introduced subsequently. Instead of creating the PCD from
images in an SfM approach, it has also been investigated using a
terrestrial laser scanner, which drastically increases the resolution of the
acquired data [35]. Additionally, Mobile Laser Scanners (MLS) have
been applied in the data collection to collect data for the safety assess-
ment [36]. These studies surveyed scaffolding and their work platforms
in an orientation-based stepwise approach, which (1) extracts the scaf-
fold from the complete PCD, (2) extracts the work platforms, (3) iden-
tifies vertical railing components, and (4) identifies the horizontal
railing components. Subsequently, each component is checked for
compliance with the regulation. The results yielded promising potential.
However, the authors state limitations regarding the complexity of
scaffold shape and time-consuming manual data collection.

Besides collecting on-site data, studies have used other available
information sources, such as the BIM model, which can be further
facilitated by studies such as [15,16,37]. Using a tower crane-mounted
camera in combination with the information in the BIM model for
investigation of construction is, for example, done by [38]. Through
matrix operation, the authors translated and rotated the images from the
camera to the BIM model, which allows them to find objects and
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locations in the video frames. The process enabled the identification of
safety-related objects, such as planned hazard zones, and the dissemi-
nation of hazardous situations found in the video frames through the
BIM model. The identification of hazards in the video is mainly focused
on detecting human workers, unprotected, and protected openings. With
these detections, it is possible to identify workers approaching unpro-
tected openings, which can lead to hazardous situations. Including in-
formation from the BIM model relieves some responsibility from the
detection algorithm but also requires the BIM model to hold additional
information, which can add manual tasks to the safety-responsible
person.

Automated compliance checking approaches in the literature have
shown very promising results in different applications of construction
safety equipment. However, many of these approaches also rely on large
data sets for the algorithm or network training. The data sets are seldom
shared and represent specific guarding components (e.g., boards with
markers or specific paintings). While these resources are major contri-
butions to the body of research, there is still room for improvement
towards more generally applicable frameworks. Such frameworks
should require less training data collection to make them easily appli-
cable, utilize existing information to reduce the responsibility of the
compliance checking task and enforce transparency to keep humans in
control.

2.5. Rule-based approaches in construction

Rule-based approaches have been researched for around a half-century
in construction, but mostly concerning automated construction code
compliance checking [39]. There have been applications in all lifecycle
phases of the construction industry (i.e., architecture, engineering, con-
struction, operation and management, decommissioning, or repurposing).
Compliance checking can be done by formalizing natural language rules
and building model knowledge. The latter has been positively affected by
the creation and promotion of OpenBIM as extraction and utilization of
BIM data is easier across compliance-checking applications [40]. The
usage of BIM, and especially OpenBIM, allows for, in addition to semantic
information, geometry extraction and in combination with a spatial query
language, it is possible to automate compliance checking of rules that rely
on geometric properties [11,41].

As all rule-based approaches are initiated with formalizing the
domain, much effort has been put into creating ontologies to facilitate
the formalization procedure for different areas of code compliance
checking applications [10,40,42-45]. They aim to formalize a specific
domain regarding rules that apply, domain expert knowledge, and the
information needed to check compliance (e.g., building objects in
building design regulation studies). The normative representation of a
rule usually ends up in the form if x then y, which can be implemented
in most logic inference frameworks. The implementation is human-
readable, and with proper implementation and documentation, it is
possible to perform checking of instances in a domain while also
accessing the detailed reasoning steps that lead to the inference. At the
same time, it is possible to express the domain expert knowledge and
even regional- or company-specific best practices, allowing the
approach to perform the same checks as a human safety responsible
person in a white-box strategy.

3. Methodology

This section describes how our research questions were approached
to achieve the envisioned automated inspection and classification of
safety mitigation equipment, such as temporary guardrails. The overall
framework is illustrated in Fig. 1, which is split into three main steps:
planning, data collection and preparation, and classification. The frame-
work illustrates the full pipeline, but this study limits the scope due to
the existing research [27,28,35,46,47,62,63] that already achieves as-
built capture and registration with high-quality results. Due to the



K.W. Johansen et al.

Automation in Construction 168 (2024) 105849

o 4D BIM SafeConAl —7 Safe BIM ,L
=
c 3D geometry 3D Geometry
g Schedule Schedule
o Safety equipment
Safety tasks
‘ Missio // ; Automated
Ission / = » | utoma |
} planning / Flight path ”| | Data collection
Waypoints

/ / | / 7
/ Point cloud data / Point cloud Registered /
/: (PCD) / ‘ registration ‘ / PCD /
L / L /
X,Y,and Z X,Y,and Z

Extract protect.
equipment

47/Separa*ed PCDs Fomalization | | |

Extraction and

Data Collection and preparation

Object ID, PCD
- Formalized safety
o regulation queries
—
8 Logic predicates
= .
] f Knowledge base L} Classification —7/ Classified ;
— equipment
o Logic facts Object ID, Class
©
g Process Data
o Data Flow
3 Content

Fig. 1. Proposed framework for automated safety mitigation equipment inspection. The grayed boxes are assumed to exist and are not part of the concrete scope of

this work.

existing work covering mission planning, automated data collection, point
cloud registration, and automated extraction are not part of the scope of
this work. Specifically in [46], The authors of this work also previously
investigated an autonomous approach for mission planning, data
collection, and point cloud registration, which, together with the results
of the community, allow us to focus on the remaining part of the
framework presented in Fig. 1.

3.1. Safety design and planning

The planning part of Fig. 1 refers to the process of creating a safe BIM
model, which we assume to exist based on previous work by the authors (i.
e., the application called SafeConAI [2.3]) but could also be based on other
similar approaches [17,20,45,48-50]. SafeConAI’s result, which is called
the SafeBIM, holds the original information from the incoming BIM model
and the safety-related protective equipment, such as guardrails, cover
panels, and safety nets. Based on the SafeBIM, it is known where to look for
mitigation equipment, and the PCD can be cropped using a bounding box
strategy. This is done with the location and geometry of the safety pro-
tection equipment, which is used to create the bounding box that is sub-
sequently dilated so it also incorporates the surroundings of the protective
equipment. The points from the PCD that fall inside the bounding box are

split into separate PCDs and labeled with the object’s global unique
identifier (GUID) from SafeBIM. This way, the link between the PCD and
BIM object is maintained and can be utilized to disseminate the inspection
results, e.g., compliance reporting through the BIM model, where the in-
dividual elements are colored based on their compliance.

3.2. Data collection and preparation

The proposed framework relies on PCD as the primary data source
such that the collection can also happen when the construction site is
less active or inactive as the PCD collecting devices do not rely on light
(e.g., at night to avoid exposing the hazards that flying UAVs introduce
[511). As the PCD does not need daylight, a specialized UAV can
autonomously collect the data without endangering workers, and the
safety manager’s fresh report of safety compliance is ready the next day
before the work is continued. The UAV also means that the protection
equipment can be accessed from outside the building, where obstruc-
tions are highly unexpected and unusual.

Integrating a digital safety plan to locate mitigation equipment and
the selection of PCD enables the UAV to operate at night in an optimized
pattern. Although continuously improving, given that battery life is a
critical constraint for operating UAVs, it is essential for them to follow
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the most efficient flight route. If the construction site and building are
too large for a single UAV or flight to handle, the task can be distributed
among multiple UAVs. The proposed framework identifies flights when
no workers are present, for example during night or weekends, as the
most viable solution for automated data collection. The risk of missing
or faulty guardrails remains a concern during daytime operations when
the construction site is typically very active. Only once the automated
UAV flights are proven to be secure, safe, and stable, daytime operations
should be considered. Proper regulations that yet need to be established
can guide users. Such an approach would then also support the assess-
ment of guardrails from the exterior, minimizing worker exposure to
UAV presence and reducing the potential for collisions with other ma-
chinery and objects.

For this study, the broad scope of temporary construction safety
equipment is narrowed to mainly focus on guardrailings, which are used
frequently in the construction industry to prevent falls from height haz-
ards. Temporary safety guardrails can be module-based or built in a
particular situation, consisting of poles and wooden boards. The regu-
lation on fall prevention is often clearly defined and straightforward for
humans to check using a stepwise approach (e.g., German [52] or U.S.
[53] regulation). The number of boards, poles per meter, minimum
height, etc., are the things that a human would look for while per-
forming the assessment.

3.3. Classification

As we require a transparent, explainable, extensible, and reliable clas-
sification method, we are basing this study on a logic inference approach
that requires the mitigation equipment instance to be captured formally.
The formalized knowledge consists of two main categories of expressions:
boards and poles (i.e., collected data) and SafeBIM-related facts. The
extraction utilizes a Hough transformation [54] to identify the prominent
lines in a bitmap representation of the points in the bounding box cut PCD.
With some additional preprocessing steps (shown in Fig. 4), the logic fact-
representations of boards and poles are identified and collected in the
formalized knowledge base (further explained in Section 4).

Table 1 explains the four pivotal operational properties of the pro-
posed classification methodology: transparency, explainability, exten-
sibility, and pessimism. These properties, initially introduced in the
introductory section and further discussed in the literature review, are
now explicated in the context of ML and rule-based approaches. In
addition to these operational aspects, it is imperative to evaluate the
creational attributes, such as community size and applicability, where
ML approaches exhibit superiority. The ML paradigm, driven by data,
discerns patterns within datasets, whereas the rule-based paradigm
operates on explicitly formalized domain knowledge, necessitating
manual encapsulation. This process of knowledge encapsulation lowers
the need for data, relying instead on the meticulous articulation of
domain expertise for computational interpretation. Moreover, rule-
based systems do not inherently detect latent patterns in data, which
could be instrumental in scenario identification; however, this also
means they are devoid of inherent negative biases. Both paradigms
present distinct advantages and limitations. Notwithstanding these
considerations, the present study explores the rule-based approach’s
competencies within the guardrail classification realm.

Deciding on the approach used in the research presented in this
paper came down to the nature and complexity of the problem, as well as
the data collection circumstances. For this study, it has not been inves-
tigated how many samples we need to train a neural network, due to
data availability and resources (neither for regular ML nor DL). How-
ever, we argue that more than one representation of each scenario is

Table 1
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Explanation and comparisons of desired operational properties of a rigid auto-
mated safety compliance analysis system.

Explanation

Machine learning
approach

Rule-based
approach

Transparency

Explainability

Extensibility

Pessimism

Transparency means

clearly stating what
the system looks for
(i.e., observations)

that are required for a

chunk of data to
belong to a certain
category.

1t should be possible

to make the system
explain what
observations led to
the specific

classification and vice
versa to explain why
it did not pick another

class. This
functionality allows
the system user to

prepare for the repair,

enabling them to
bring the necessary
parts right away.

Extending the system
to identify additional

observations should
not require a lot of
effort. At the same
time, it should be
easy to identify if
these introduce
misclassifications or
bias and the
performance of old
cases is decreases.

A pessimistic

approach is a positive

property for safety

analysis. It is better to

classify a compliant
scenario as a faulty

non-compliant rather

than non-compliant
as compliant. It is
comparable to

assuming it is a faulty

Machine learning
is identifying
features that
distinguish
different classes in
the training data
automatically. It
may identify
features that are or
are not obvious,
but the user would
not be able to
know.

As it is not possible
to gain access to
the specific
observations that
describe a class, it
is also not possible
to gain access to
the observations
that lead to a
specific prediction.
However
explainability is a
heavily
investigated topic
in ML research.

It is hard to know if
an observation is
considered by the
machine learning
network or not.
Observations on a
semantic level are
not used in this
approach and thus
have not to be
manually added.
There are options
for adding
semantics in
machine learning
approaches, and a
lower
representation of
the compliant
scenarios would
also make it less
probable for the
machine learning
network to go for
these classes, even
though thatis nota
viable solution as

The nature of the
rule-based
approach is based
on if x then 'y
rules, which
allow the user to
follow the reason
behind a verdict.
The x can
describe the
observations that
are needed for a
predicate y to be
true.

While a
prediction is
proved by the
engine, its
violation
predicates can
become true or
false. This means
that classification
would necessarily
include a set of
observations that
are identified,
and these can be
queried by the
human operator
to get an
explanation of
the verdict.

The new
observation can
be added to the
rule base.
Additionally, it
can be
determined if the
addition of the
observation
brings any
ambiguity to the
definitions of the
other classes.

While building
the rule-base and
queries, it is
possible to force
the engine to
consult all the
described
violations and,
therefore let it try
investigating if
they exist. This
means that the

scenario and trying to compliant

prove it differently by it may affect classification is
finding the necessary classification the last resort for
observations. negatively. the engine.




K.W. Johansen et al.

needed for training, considering the training sample size described in the
related work. While we get a high level of insight into what happens
when the computer makes the decisions in the rule-based approach, we
are also trading off some explorativeness. It is plausible that certain
underlying information in the data is not explicitly known by the human
experts whose domain knowledge is being captured and formalized,
which the ML approach could potentially exploit. The issue is that we do
not know, and we do not have full control. This means that if a data-
driven system behaves differently than expected, we can only collect
more data and continue training as users [55,56]. Therefore, this study
uses a rule-based white-box approach [57], where all the decisions can
be explained and supported by concrete evidence.

Based on the decision to go for a rule-based approach, the subsequent
classification process relies on the formalized safety regulation queries,
which, as the name hints, are created based on the regulation. Queries
(questions) such as “Does a railing have three boards?”, “Are the three
boards parallel?” and “Are the distance between all boards less than the
maximum allowable distance?” can be formalized and answered by the
query engine. This study specifically relies on Prolog [58,59], to answer
these queries. The formalized safety query and classification process are
further described in the following Section 4. This covers the facts (i.e.,
observations) and the predicates (i.e., formalized domain rules) that are
captured in the knowledge base to allow for classification and compliance
reporting.

4. Rules and domain formalizartion procedure

The following describes the principal steps of preparing our rule-based
guardrail compliance checking system, to determine if a semantic,
knowledge-driven approach can be used to automate and improve safety
inspection frequency. The first step is to predefine the scenarios repre-
senting the conceptual conditions where guardrails can be found on the
construction site. The second step is to formalize the concept from the
predefined scenarios to define their violations and the observations that
are expected for those to exist. The third step is to get BIM model data and
PCD to a logic fact representation in a way that is as simple and less biased
as possible. The objective is to employ a semantic, knowledge-based
approach when assessing a guardrail. Thus, we need to enable the com-
puter to separate the toe, middle, and top boards from each other. This task
is trivial for a human, but for a computer, it is necessary to describe the
logic behind it. Listing 1 shows how the top board is identified from the list
of objects. The PCD formalization procedure generates the object facts and
consists of a way to identify the object-type (i.e., either board or pole),
shown in line 2. Line 3 captures a way to identify the relationship between
the object id, in this case, Board _id, and the File_id (i.e., the individually cut
PCD). In line 4, the Y-coordinates are extracted from the line segment called
seg, which is connected to the Board id. The regulation often mentions a
minimum height (Required height) and a maximum distance between
boards and poles. In line 6, the upper third of the railing is identified and
stored in the Start and End variable, which is then used in our is between
predicate that takes care of the comparison (i.e., if Y1 OR Y2 is in the upper
third of the railing). The disjunction is because we still associate a board as
the top board if at least one of the ends is at the top, which is handy if a top
board falls down behind another. This enables us to say that the top board
is sloped because the board is identified as the top board. If the top_board
predicate is satisfiable, we have an association between a File id and the
Board id.

1 top_board(File_id, Board_id):-

2 object(type, Board_id, board),

3. object(file_id, Board_id, File_id),

4. object(geometry, Board_id, seg(_, Y1, _, Y2)),

5 railing_height(File_id, Required_height),

6 Start is Required_height*2/3, End is Required_height*3/3,
7 (is_between(Start, Y1, End);is_between(Start, Y2, End)).

Listing 1. Predicate for identification of the top board (prolog code)
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A similar approach has been used to identify the middle- and toe
boards. The main difference is the Start and End variables being set to
[1/3-2/3] and [0-1/3] for the middle and toe board identification,
respectively. The thirds represent the inaccuracy in temporary equip-
ment but are easily replaced by concrete numbers from the regulation or
based on domain expert experience. Additionally, the approach has been
used for poles, where the identification is based on the X-coordinates
and railing length instead of the Y-coordinates and height. It should be
mentioned that it only makes sense to talk about a middle pole in the
case, where the installation requires 3 poles and that the same goes for
boards, thus it has been handled with an additional requirement.

Listing 2 shows an example of the missing board violations. It has
been decided to index the boards from the top and down, which means
that the violation should only be satisfiable when there is a demand for
three or more boards.

1 violation(toe_board_missing, File_id):-
2. file_record(_,File_id),

3. min_num_boards(File_id, Req_B)

4 Req_B>=3,

5 not(toe_board(File_id,_)).

Listing 2. Predicate for toe board missing violation (prolog code)

Example: In the case of a window, where the height of the window
removes the requirement of a toe and middle board, it is not correct to
conclude that there is a violation in lacking these. Therefore, this in-
formation is extracted from the BIM model and associated with the Fil-
e id, shown in lines 3 and 4. Line 2 ensures that the predicate is tested for
all the files, i.e., if there is a file record, it should be tested if the violation
is satisfied. Line 5 checks if the toe board predicate is not satisfied (i.e.,
not satisfied), which would result in a violation for the specific File_id, i.
e., the violation-predicate is true.

The violations that regard the length of the boards are implemented
in both right- and left-oriented predicates to distinguish the Part 1 and
Part 2 scenarios in Fig. 2. Listing 3 shows an example of implementing a
right-oriented board_too_short predicate for the toe board. Line 2, simi-
larly to the previous example, makes sure that the violation is checked if
there is a file record. Lines 3 to 6 are making sure that there is a toe board
associated to the File_id, and that the length of that board is not similar to
the Required length. The similar-predicate is satisfied if the given
numbers are within the margin (in this case, 20 cm), and the negation
would mean that the board is shorter than expected. Lines 7 and 8 are
introduced to check if it is to the right or the left (for the left-oriented

version, the check is X1 > (Required,length 7X2)). The 20 cm is cho-

sen to represent a gab that would not expose humans to fall and based on
experience exist in real construction sites. The number can however
easily be replaced by concrete numbers from the safety regulation or
company practices.

1 violation(toe_board_too_short_right, File_id):-
2 file_record(_,File_id),

3 toe_board(File_id, Board_id),

4. board_length(Board_id, Length),

5. railing_length(File_id,Required_length),

6 not(similar(Required_length,Length,20)),

7 object(geometry, Board_id, seg(X1,_,X2,_)),
8 X1<(Required_length -X2).

Listing 3. Predicate for toe board too short right violation (prolog code)
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Horizontal 1
(Toe board missing)
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(None)
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(Middle pole missing)
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(Left pole missing)
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(Toe board, Middle board
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(Middle board too short)
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(Top board sloped)
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(Middle board sloped,
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Correct 2
(None) NB only two poles

Spacing 3
(Middle pole too far left)

Legend: Scenario identifier (bold), violations in the scenario are listed in **()”. The black railing parts are correctly placed, solid red is
wrongly placed, and faded stamped red parts are missing

Fig. 2. Overview of the predefined scenarios used for rule-base creation. Those scenarios are later used as and referred to as classes for the guardrail classification.

Listing 4 shows the implementation of the violation, which checks if
the middle board is installed too low (i.e., if the spacing between the top
and middle is too big). In line 3 and 4, it is checked whether a middle
board is expected, then Line 5 checks if there was not found any middle
boards associated with the File id. Line 6 then creates a set of the asso-
ciated toe boards where the last parameter ([_, _|_]) isaway to check
whether the set has two elements. Conceptually, we check if we have
two toe boards and no middle boards. The middle board too high
violation is implemented similarly, but with respect to the top board, i.
e., expecting two top boards.

1 violation(middle_board_too_low, File_id):-

2 file_record(_,File_id),

3. min_num_boards(File_id, Req_B),

4. Req_B>=2,

5 not(middle_board(File_id,_)),

6 setof(Object_id, toe_board(File_id, Object_id), [_,_|_1).

Listing 4. Predicate middle board too low (prolog code)

1. violation(top_board_sloped, File_id):-

2. file_record(_,File_id),

3. top_board(File_id,Board_id),

4. board_direction(Board_id, TopVector),

5. parallel_margin(Margin),

6. (

7. (

8. toe_board(File_id, ToeBoard_id),

9. board_direction(ToeBoard_id, ToeVec),
10. not(similar_V(TopVector,ToeVec,Margin))
11. )5

12. (

13. not(toe_board(File_id, _)),

14. not(similar_V(TopVector,(1.0,0.0),Margin))
15. )

16. ).

Listing 5. Predicate top board sloped (prolog code)

Listing 5 shows the implementation of the board sloped violation,
specifically for the top board. There is a similar implementation for the
middle board. Line 3 identifies the Board_id of the top board, and Line 4
extracts the direction vector of it. Line 5 extracts the Margin, which is set
as a parameter in the instance creation and determines when vectors are
considered parallel. Lines 6 to 16 hold an OR statement (disjunction),
where the top board must be parallel to the toe board, which is assumed
to be parallel to the surface on which the railing is placed. If no toe board
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is associated with the railing instance, it must be assumed that the top
board is parallel to the horizontal vector (i.e., [1,0,0]). The similar V
predicate is a predicate that has been made to compare vectors to the
Margin. Conceptually it says that if a toe board exists and the top board’s
direction vector is not parallel to its direction vector, there is a violation,
and if there is no toe board, the top board must be directly horizontal.

The above listings provide an overview of the predicates used to
determine if the formalized railing scenarios include any violations and
thus are incompliant with the regulation. The following section explains
how the railing instances are formalized into the object-facts. Readers are
as mentioned referred to the GitHub repository [60] for the remaining
implementation of the rule-base.

4.1. Point cloud data collection and formalization

The previous section presented a selection of the rules in the rule
base. In Listing 1, it was shown how the observations of objects were
turned into observations of top, middle, and toe boards using logic
inference. A similar approach is, as mentioned, done for the poles. The
logic inference and the transformation from information to knowledge
are, on purpose, kept in the logic part of our framework. This decision
relaxes the information extraction requirement, keeping it simpler, and
separates concerns. In this section it is described how the PCD was
collected and processed into the observation needed in the inference and
classification step, i.e., getting from the PCD to object(File_id, Instance_id,
Type, seg(X1, Y1, X2, Y2)), that can be split into the observations used in
Listing 1 (Lines 2 to 4). The involved steps are visualized in Fig. 4.

Fig. 3 provides an overview of the construction site, where pre-
defined and validation scenarios were collected for this study. The top
and bottom images show the progress during the data collection
campaign (28th until 30th of May 2024), and the three images between
are, in orange, an example of a predefined scenario, and in dark blue,
examples of two validation scenarios. Both kinds of collection areas have
been pointed out with the colored areas in the two overview images (top
and bottom).

After the point cloud has been cropped, it is paired with the corre-
sponding planned element from the SafeBIM, and information about the
expected number of poles and boards is extracted, their geometry, and
location. To continue the process, a rasterization can be made to remove
the depth dimension, turning it into a two-dimensional (2D) represen-
tation of the 1 by 1 cm grid. In the rasterization process, it is checked
whether there is a point in the grid for any slice of the depth, and if so,
the coordinate is activated (set to one) or otherwise deactivated (set to
zero), which helps to remove potential depth noise in the 2D-
representation.

The skeletonization procedure [64] is applied to obtain a one-pixel-
wide representation of the active areas in the rasterization before
applying the Hough transform. The procedure erodes the input, which
can be several pixels wide, and makes the individual components more
distinguishable and easier to identify in the subsequent Hough
transformation.

The Hough transformation [54] is carried out on the skeletonized
rasterization in two steps. In the first step, the Hough transform is
focused on the boards, which means that it is tasked to search for lines
from 45° to 135°, as shown in the upper part of Fig. 5. Secondly, the same
Hough transformation procedure is performed but focused on poles,
which are expected to be found between —45° to 45°, with the
convention that the y-axis is 0°, as shown in the lower part of Fig. 5. For
both cases, rather distinct peaks are found due to the skeletonization
procedure. As mentioned, it is known on forehand how many boards and
poles the Hough transformation procedure should identify, as these are
determined by the dimensions of the fall hazard and the regulation and
modeled in the SafeBIM. However, these numbers can only be used as an
upper boundary because it is unknown if the expected number of poles
or boards is installed. In the example in Fig. 5, the Hough transform is
tasked to look for three poles and three boards but can only find two of
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each.

The output of the Hough transform is formed as regular line de-
scriptors (i.e., a set of start coordinates and the slope of the lines).
However, these line descriptors do not say anything about the contin-
uation and length of the railing parts (i.e., there could be a situation
where one meter of the top board is cut away but still identified as a
predominant line in the Hough transformation).

Input: M, LDs (Rasterized railing and line descriptors)
Output: S (a set of start and end coordinates of consecutive parts)

1. for each line_descriptor in LDs

2. index= Lline_descriptor([0]

3. slope= Lline_descriptor[1]

4. start_coordinate = index

5. while index.x <= M.shape.x and index.y <= M.shape.y
6. search_vector := ones(5 * slope.x, 5 * slope.y)
7. active_pixels := sum(M[index + seach_vector])
8. if active_pixels == 0:

9. if index != start_coordinate:

10. S := S*[[start_coordinate, index]]

11. start_coordinate := index

12. index := int(index+slope)

13. if index != start_coordinate:

14. S := S”[[start_coordinate, index]]

15. return S

Listing 6. Binary pixel search algorithm (pseudo code)

Therefore, whether there are active pixels (pixels with value one) all
along the identified lines must be checked. Listing 6 shows the algorithm
for identifying the consecutive railing parts based on the rasterization
(M), and line descriptors (LDs), which are the two inputs. The output, S,
is a set of the start- and end-coordinates of the consecutive railing parts.
Each line descriptor in LDs consists of an index (the start coordinates of
the line) and a slope (the normalized direction vector format of the line).
Line 4 initiates the start coordinate with the value of the index. The
remainder is an iterative process, which continues while the search is
still within the boundaries of the rasterized railing matrix. Line 6 creates
the search vector (an extended version of the slope that relaxes the re-
quirements to the point cloud quality). Conceptually, it looks for active
pixels within a five cm range and allows for small gaps. In line 7, the
search_vector is applied at the current index, and the sum of ones is
returned to the active pixel variable. This process continues until the sum
of pixels is zero, meaning there are no active points in the pixels at the
search_vector, and the end of a part has been reached. The if-statement in
line 9 ensure that the algorithm finds a part before it is allowed to reach
the ‘end’. Line 10 shows the concatenation () of the newly identified
part’s start and end-coordinate. Line 12 moves the index along the slope
for the next iteration. Line 14 adds the part even if the end cannot be
found within the boundaries of the rasterization, ensuring that parts are
also considered if they extend the bounding box.

The last step of Fig. 5 is the formalization procedure, which turns the
extracted information about the railing parts (i.e., boards and poles) into
logic facts that can be used by the rule-base and the logic inference
engine. Besides the railing parts, this step also formalized the basic
SafeBIM information, such as the expected number of poles and boards
and the expected height and length of the railing. With the rule base
described previously and the recently added observations from the data,
it is possible to build queries to investigate an instance from the con-
struction site data. These queries are described in the following section
and combine the regulation, best practices, and data into knowledge
about the on-site installation of fall protection equipment.

4.2. Classification capabilities of proposed system

One of the strengths of the rule-based white-box approach is that it
can provide a lot of insight into different categories of information for
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Fig. 3. Data collection environment from showing two days of progress, predefined scenario collection area (orange), and the validation scenarios (VO-8) collection
areas (dark blue). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

different use cases. Its flexibility allows the user to specify in the query
what, and how, the results should be presented and sorted. This section
describes some of the queries used during the development of the pre-
sented classification system and proposes other advancements that
could be made to e other kinds of information.

In a situation where one would like to know where a specific viola-
tion is found based on a set of observations. To do so, we rely on the
violations(Violation, File_id), which is true for all the files that contain the
specific violation. Depending on the instantiation of the Violation- and
File id-variables in the query, we can ask the engine to return all the
violations for all the files, the violations for a specific file, all the files
with this violation, or even if a specific file contains a specific violation.

The same approach has been used in the file violation(File_id, Set),
shown in Listing 7, which identifies all the violations for a particular
File_id and returns the Set of all associated violations. The Set is also used
in later classification-related queries. The cut-operator (!) in Line 3 en-
sures that the engine does not backtrack if a solution has been found.
Consequently, it does not return the empty set if it has already returned a
set of violations. This is necessary as the Correct 1 and 2 classes, as
shown in Fig. 2, do not have any violations.

1. file_violations(File_id, Set):-
2. file_record(_, File_id),
3. setof(Vio, violation(Vio, File_id),Set),!; Set=[].

Listing 7. Predicate for listing all the violations of a file in a Set (prolog code)

Similarly, a predicate has been created that extracts the Set of the
violations listed for a class in the ground truth for the predefined sce-
narios. This predicate is called class violations(Class_id, Set), where the
Class_id refers to the bold text in Fig. 2, and the Set to the list of violations
listed in “()”. The two predicates can be used to compare True Positive
(TP), False Negative (FN), and False Positives (FP) for the individual
instances, i.e., comparing what has been found (i.e., file violations-
predicate) and what should have been found (i.e., class violation-predi-
cate). The data and software implementation of the mentioned and
additional predicates are freely shared on GitHub [60] for others to use.
The additional predicates cover functionality to compute a fit based on
the TP, FP, FN, and sort for the best fitting class, thereby, the file’s
classification. The example that has been brought forward assembles
sorting, isolation of specific details, and general overviews with sets.



K.W. Johansen et al.

Structure form
Motion (SfM)

Guard rail images

Automation in Construction 168 (2024) 105849

Point cloud data

PCD
registration and
cropping

SafeBIM

Rasterize

N .
]

Skeletonize

> Hough
7| | tranformation
Identification of
start and end
Poles: -
[420, 0] -> [422, 133] min_num_boards(3)
<! [88, 0] >[92, 131] E iizati min_num_poles(3)
"|Boards: SR railing_height(130)
E) ;g? ]:[ 4[3236: ]23] railing_length(400)
d : object(12, 0, pole, seg(X1, Y1, X2, Y2)).

object(12, 1, pole, seg(88, 0, 92, 131)).
object(12, 2, board, seg(X1, Y1, X2, Y2)).
object(12, 3, board, seg(0, 58, 433, 61)).

Fig. 4. Processing steps to get from point cloud data to observations in the knowledge base.

Angles (degrees)

Angles (degrees)

100

Hough transform [45°, 135°]

T

200 300

Distance (pixels)

Hough transform [-45°, 45°]

200 300
Distance (pixels)

400

Fig. 5. Visualization of the Hough transformation step in Fig. 4.
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Legend: identifier (bold), classification (italic), actual class (underlined), identified violations (true positives shown in ()), falsely
identified violations (false positives shown in []), and the missing identified violations (False negatives shown in{})

Fig. 6. Visualization of the analysis results of the predefined scenarios. The scenarios are presented in the same sequence as in Fig. 2.
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Suppose a company had records about the severity of the different vi-
olations, it would be straightforward to provide the information and sort
the railings based on this information, which would allow the safety
manager to address the most severe cases first before continuing to the
others. Also, it would be possible to isolate the cases from a specific
construction site area if that area would have increased activity during
the previous and forthcoming days, or sorting the cases such that a more
optimal route around the construction site can be selected while cor-
recting the violations.

5. Results

This section presents the obtained results of the study. The section is
introduced with the results from the predefined scenarios presented in
Fig. 2, which has been making the basis for what could be referred to as
an adjusting phase. The adjustments have, for example, involved
handling cases with less than three poles, in which case a middle pole
does not make sense. Subsequently, the results of the rule-base have
been validated on guardrailing installations found around the same
construction site. The validation phase does, therefore, not include any
staged scenarios but solely real installations of fall protection equipment
set up at the construction site to protect the workers, as shown in Fig. 3.

5.1. Adjustment phase on predefined scenarios

This section presents the results of the proposed framework applied

#V0: Horizontal 1 #V1: Vertical 3

Horizontal 1 Correct 1
(toe_board_missing) 0
1 [right_pole_missing]
{} {}

£

#V5: Horizontal 3
Horizontal 3
0 (top_board_missing)
1] [l

{} {

#V8.1: Horizontal 2

Horizontal 2
(middle_board_missing)
1
{
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to the predefined scenarios in the adjustment phase. It has been done in
an iterative process, where flaws were identified and fixed, like a
training procedure of other approaches, e.g., machine learning. The
fixings mainly regarded adjustments of margins and incorrect formula-
tion of the rules, such as falsely selected predicates. Thus, the adjust-
ments were minor. To quickly assess the correctness of the developed
rule base, a query has been created to classify all the files and afterward
only show the files that are falsely classified compared to the ground
truth. This query only works on the predefined scenarios and can be run
when changes are performed in the rule base, e.g., when the system
needs extension in case of new scenarios.

Fig. 6 shows an overview of the predefined scenarios. Each scenario
is represented by one of the images used in SfM-procedure. The five lines
below the images explain the identifier in bold (e.g., #P0) and the
framework’s classification in italics (e.g., Correct 1). The second line
describes the ground truth classification underlined (e.g., Correct 1).
The third line shown in “()” is the set of correctly identified violations,
also called True Positives (TP). The fourth line shown in “[]” is the set of
violations identified without existing, i.e., False Positives (FP). The fifth
and last line shown in “{}” is the set of violations that exist but were not
identified, also referred to as False Negatives (FN).There remains an FP
violation in #P4, which has not been removed through adjustment in
the rule base because the top board is too short; thus, the “Diagonal 1”
class was just not represented perfectly in reality as the board slide a bit
to the left leaving it a too short in the right side. This means that
compared to “Diagonal 17, the best-fitted class, it has a false positive, but

#V2: Horizontal 1
Horizontal 1
(toe_board_missing)

#V3: correct 2
Correct 2

#V6: Horizontal 3
Horizontal 3
(top_board_missing)

#V8.2: Correct 2
Correct 2

#V7: Horizontal 3
Horizontal 3

(top_board_missing)

[

{}

Legend: identifier (bold), classification (italic), actual class (underlined), identified violations (true positives shown in ()), falsely
identified violations (false positives shown in []), and the missing identified violations (False negatives shown in{})

Fig. 7. Visualization of the analysis results of the validation scenarios. Collected as shown in Fig. 3.
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the violation exists in reality. The classification, therefore, remains true.
This information that enables the concrete identification of the issue is
fostered by the knowledge-driven approach, where classification and
result can be reasoned through the Explainability ability mentioned in
the methodology.

5.2. Validation phase on real scenarios

Like the predefined scenarios, Fig. 7 shows the results of the
framework validation. Validation was performed on scenarios that were
not staged but found on the construction site: the scenarios cover fall
mitigation, different elevations of leading edges, and door and window
holes.

In the figure, #V3 and #V4 are two windows in the same facade,
likewise are #V5, #V6, and #V7. Validation scenarios #V8.1 and #V8.2
are recorded during the installation, where the middle board has not yet
been installed in #V8.1, but in #V8.2, the guardrail becomes compliant
after the installation. The figure shows that #V1 is misclassified as being a
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scenario of Vertical 3, while being a compliant installation (i.e., Correct 1).
#V1 is discussed further in the following Section 6.

5.3. Performance and feasibility of framework

To assess the performance of the proposed framework, it has been
decided to use the common practice of assessing other detection stra-
tegies. The assessment is captured in Table 2 and shows the precision,
recall, and combined F1-score for both individual violations and classes
(i.e., the combination of violations). (See Table 3.)

To investigate the feasibility of the proposed method in a realistic
construction scenario, it is necessary to increase the size of the problem.
The data collection efforts are not considered in this feasibility study, as
that step is not part of the concrete scope and should be investigated in
the relevant studies. Therefore, this feasibility study considers only the
classification process. This part of the study is, therefore, not about the
correctness of the classification but the number of classifications. Thus,
it was chosen to create replications of the predefined scenarios, which
exploit the whole rule base and its predicates, i.e., all the considered
violations. This should make the basis for a realistic extrapolation of the

Table _2 . "  h d classification N performance of the proposed rule-based compliance checking system.
Quantitative performance of the proposed classification framework. Fig. 8 shows the results of the feasibility study, where the lower x-
Predefined Validation axis shows the number of replications, i.e., the how many times the 21
violations classes violation classes scenarios were replicated, the upper x-axis shows the number of
Total 39 20 6 10 guardrail instances, i.e., (N = R*21). On the y-axis, it is possible to read
TP 38 20 5 9 the processing times in seconds (left) and minutes (right) for each iter-
FN 0 0 0 0 ation of the feasible study. The number of replicas selected are shown in
Fp 1 0 1 1 Table 3, resulting in the corresponding number of guardrailing instances
isi 0 [\ 0 [\ . .
Precision 97 % 100 % 83 % 90 % and processing times. The study was performed on an Apple MacBook
Recall 100 % 100 % 100 % 100 %
F1 score 99 % 100 % 91 % 95 % Pro M1 Max.
Table 3
Results of the feasibility study showing the number of replications, instances, and processing time.
Replica (R) 1 10 20 30 40 50 60 70 80 90 100 150 200 250 300
Instances (N) 21 210 420 630 840 1050 1260 1470 1680 1890 2100 3150 4200 5250 6300
Proc time (sec) 1 7 14 22 29 37 43 49 56 62 69 104 138 173 210
Replicas (R) 350 400 450 500 550 600 650 700 750 800 850 900 950 1000 10,000
Instances (N) 7350 8400 9450 1500 11,550 12,600 13,650 14,700 15750 16,800 17,850 18,900 19,950 21,000 210,000
Proc time (sec) 242 276 314 361 399 423 452 485 546 583 619 654 688 718 7138
Number of guardrail instances (R*21) [N]
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Fig. 8. Visualization of the feasibility study results showing a linear relationship between the processing time, and the number of instances (N) and replicas(R).
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6. Discussion

The results show that it has been possible to represent all (i.e., 100 %
Fl-score in predefined classes) the cases in the predefined scenarios
(Fig. 6). This has been accomplished by describing the combination of
violations in each scenario and the logic behind them. While it is
possible to identify all violations and perform a correct classification for
all presented scenarios, it does not fully express the applicability of the
proposed rule-based solution. Therefore, it was decided also to collect
the images of existing scenarios around the construction site.

The validation results also yield promising capabilities for the
framework, even though there is a misclassification, as shown in Fig. 7
(#V1). The overall F1-score for the validation classes is 95 %, as shown
in Table 2. The cause of the misclassification was identified in the point
cloud and later rasterization, where the pole does not appear very well.
This can be reasoned by the fact that the scenario was collected only
with eight images from almost the same drone elevation, which was
insufficient to find image features on the pole in the SfM-procedure.
Fig. 9(a) shows how poorly the rightmost pole is represented in raster-
ization; thus, it is fair that it is not identified by the following Hough
transform. However, the fact that the remaining parts of Fig. 9(a) are
identified is impressive. Fig. 9(b) and (c) are two other examples that
show the robustness of the proposed rasterization, skeletonization,
Hough transformation, and binary pixel search procedure, where dis-
continued and sparsely represented parts are still identified.

The proposed framework allowed us to use a knowledge-driven
approach where observations of parts and their placement can be
turned into eventual violations and classification. Even though a single
violation is enough to make a guardrailing non-compliant with the
regulation, it was decided to classify them further into 21 classes,
defined by the predefined scenarios presented in Fig. 2. These classes
can help the safety manager query the rule and knowledge base in
different levels of abstraction (i.e., observation, violation, and classifi-
cation) in the same way as a manual assessment. The 21 classes that have
been identified may not be exhaustive; however, they cover a wide se-
lection of cases, which could be expected for a railing. Also, it is
important to mention that the rule base has not been tightly coupled to
the count of poles and boards of three but is dynamically extracted from
the BIM model.

While it is a clear strength that, based on only 21 scenarios, the
proposed system can start classifying actual guardrailings from a con-
struction site, it is still not fully validated for the construction site as the
validation should consist of several hundreds of scenarios that are
checked by humans. Therefore, applying the proposed system cautiously
and collecting more validation data is necessary. Still, the system has
been made pessimistic, where a lack of information will turn out as a
violation rather than optimistically believing that the unavailability of
information is good. Additionally, the knowledge modeling of the rule
base instead of a data-based approach, for example, machine learning,
lowers the number of required input examples. The faulty and non-
compliant scenarios are hard to collect in a live construction situation
as these represent actual dangers to the workers. Therefore, collecting a
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sufficiently sized and representing data set of hazardous situations is
impractical in the construction industry. Therefore, it is strongly rec-
ommended that an automated compliance checking system like the one
proposed is used as a second opinion tool until an extensive amount of
classification has been performed successfully and trust has been built.

In terms of feasibility and scalability, this study provided results that
show a linear tendency until at least 210,000 safety equipment in-
stances, where 18 different violation types are considered. It was shown
that the processing time for 2100 instances took around 69 s, which is
sufficient considering the time it takes to collect the data, which by any
means would be longer. The reason for including scenarios with what
seems like unrealistic amounts of instances (i.e., 2100 to 210,000) was
that the instances are not limited to guardrailing instances but could also
consider other types of equipment and even other types of safety hazards
that could be checked against an extended version of the rule base. In
this case, it would be necessary to carefully model which equipment
types the individual rules apply to keep similar performance (i.e., to
limit the search space). However, as the automated data collection effort
was not considered in the scope of this work it should be noted that the
feasibility also does not consider this part.

7. Conclusion and outlook

This paper presented a knowledge-driven strategy for automating
compliance checking of construction safety guardrails. The approach
considers reliability regarding defined parameters, scalability regarding
realistic problem sizes, and feasibility regarding data requirements
during data collection, analysis, and reporting. The guardrails are
frequently used in construction, and their purpose is to prevent one of
the deadliest hazards. It has been possible to achieve impressive per-
formance in classifying predefined and validation scenarios, even with
relatively low amounts of data available. Even though it was not possible
to find all possible scenarios on the construction site in the validation
phase, the ones found were identified and assessed correctly by the
system when the data quality was sufficient. The semantic knowledge-
based approach of compliance checking of guardrails has yielded
promising results that could be applied in other cases of safety compli-
ance checking. One of the strengths of the chosen approach is that it does
not require many examples of each situation before being able to classify
it. This is important as hazardous examples of guardrails are not
straightforward to collect in a live construction situation as they
represent actual hazards to the workers. Furthermore, our feasibility
study shows that the rule-based approach performs the classification
quickly and scales linearly until at least 210,000 guardrailing instances.
This also means the task of classification will not be the bottleneck of the
proposed automated inspection and compliance checking framework.

The system correctly identifies compliance issues in all 21 predefined
scenarios and the 9 validation scenarios (when data quality is adequate),
which is sufficient to prove the initial applicability of the proposed
approach. However, we will continue data collection of additional sce-
narios at construction sites in the future. The additional data collection
and further validation may yield the need for additional classes and

Input rasterization

Identified poles and boards binary search

a) Example validation scenario 1 b) Example predefined scenario 16 c) Example predefined scenario 18

Fig. 9. Examples of identification performance in a) validation scenario #V1, b) predefined scenario #P16, and c) predefined scenario #P18.
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other changes. Additionally, it would be interesting to investigate how
cover panels and safety nets could be included in the solution to have a
more complete solution. Moreover, it would be interesting to perform a
study where the full pipeline is performed in sequence, potentially
revealing new relevant topics to investigate and share with end users, as
outlined in the Digital Twin for Construction Safety (DTCS) [65,66]. Our
preprocessing code, knowledge base, and rule base have been freely
shared for others to get inspired, confirm the results, investigate the
remaining implementation, and even continue the work if desired. We
encourage the community to investigate this further.
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