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Abstract. Aiming at the frequent occurrence of safety accidents in engineering
construction and the high time consuming and error-prone problem of accident
report text analysis, this paper proposes an intelligent extraction method based
on semantic understanding for the cause of safety accidents in engineering con-
struction. The core of this method is to use KeyBERT model to mine the cause
factors efficiently and accurately. The model can deeply understand the text con-
tent, capture the key information in the text, and generate a list of keywords rep-
resenting the gist of the text. Compared to traditional manual analysis or simple
word frequency statistics methods, KeyBERT shows significant advantages in
understanding text semantics and capturing contextual information. The experi-
mental results show that this method has excellent performance in accident cau-
sation mining in the text of engineering construction safety accident report. This
study also designed a comparative experiment to prove the superiority of this
method, so as to improve the accuracy and comprehensiveness of accident cau-
sation mining and provide strong support for accident handling and prevention
measures.
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1 Introduction

In the context of accident analysis in engineering construction, the extraction of acci-
dent causation keywords serves as a vital foundation for identifying accident causes,
preventing future accidents, and conducting risk assessments. These keywords might
encompass "operational errors," "equipment failures," "inadequate supervision," "weak
safety awareness," "violation of operating procedures," among others. Accurate extrac-
tion of these keywords facilitates swift identification of the primary causes of accidents,
thereby providing a clear direction for subsequent accident prevention and improve-
ment measures. Keyword extraction methods can be broadly classified into supervised
and unsupervised approaches [1][2].Supervised keyword extraction methods typically
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rely on pre-annotated datasets for training, where machine learning algorithms learn the
association rules between keywords and document content. In contrast, unsupervised
keyword extraction methods do not necessitate pre-annotated datasets; instead, they
leverage statistical information or structural features inherent in the documents to ex-
tract keywords.

Commonly used supervised keyword extraction methods include classification-
based approaches, sequence labeling methods, and other machine learning algorithms
[3][4]. The method based on classification converts the keyword extraction task into
classification of each word in the text, where each word is assigned a label (key or non-
key), and this problem transformation method significantly improves the efficiency of
extraction. After experimental verification, their proposed method based on Support
Vector Machine (SVM) has shown significant superiority in keyword extraction from
text datasets compared with traditional baseline methods.Furthermore, Zhang et al. [5]
introduced the Conditional Random Field (CRF) model into keyword extraction re-
search for the first time, treating it as a string labeling problem. Experimental data
showed that the CRF model outperformed other machine learning methods in keyword
extraction tasks. Unlu et al. [6] put forward a novel hybrid keyword extraction model,
HybridKEM, which treats keyword extraction as a sequence labeling task. Validation
on datasets proved that this model achieved high F1 scores.

Unsupervised keyword extraction methods offer greater flexibility compared to su-
pervised methods, as they do not require annotated data and reduce model training time.
Currently, the TF-IDF method based on statistical metrics is prevalent. Sun et al. [7]
optimized the TF-IDF algorithm for the characteristics of engineering texts to extract
key information from construction report texts, laying a foundation for subsequent text
visualization research. Tian et al. [8] employed an improved TF-IDF model for intelli-
gent knowledge mining in large-scale engineering construction projects. Cao et al. [9]
proposed an optimized text feature extraction method (TF-IDF-Glove-LDA) to delve
into the causes and inherent relationships of accidents from a vast dataset of fatal acci-
dent reports in the power industry. Additionally, the TextRank algorithm based on
graphs is a typical keyword extraction technique. Xiong et al. [10] integrated semantic
clustering and word graph models to construct a Semantic Clustering TextRank (SCTR)
algorithm, which exhibited higher precision, recall, and F1 scores in experimental data.

Each of the aforementioned keyword extraction methods has its strengths but also
limitations. Supervised methods achieve high accuracy in keyword extraction but are
constrained by dataset limitations, weaker model generalization capabilities, and longer
training times. Unsupervised methods like TF-IDF and TextRank offer flexibility with-
out requiring annotated data but have drawbacks; TF-IDF solely considers word fre-
quency and inverse document frequency, neglecting semantic relationships between
words, while TextRank, though accounting for word co-occurrence in text, suffers from
high computational complexity when processing large-scale texts and struggles to cap-
ture deep semantic information. Therefore, to fill the gaps in current methodologies,
this paper introduces the KeyBERT model, which aims to combine the powerful repre-
sentational capabilities of deep learning with the flexibility of unsupervised learning to
capture complex relationships between words, thereby extracting keywords that reflect
accident causes more accurately. Additionally, the accuracy of the method proposed in
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this paper for keyword extraction tasks is significantly higher than that of other tradi-
tional keyword extraction methods, especially when dealing with complex text from
construction safety accident reports, which can significantly enhance the accuracy and
comprehensiveness of keyword extraction, providing more scientific data support for
accident prevention and safety management. This method utilizes a pre-trained BERT
model to obtain deep semantic representations of text, enabling it to capture complex
relationships between words. Secondly, an effective keyword scoring mechanism is de-
signed, taking into account word importance, positional information, and contextual
relevance. Finally, keywords are extracted based on the scoring results. This method
avoids the dependence of supervised methods on data annotation and overcomes the
shortcomings of traditional unsupervised methods in semantic understanding.

2 Key Information Mining Based on KeyBERT Model

It is of great significance to dig out the key cause information from the safety accident
report in the field of engineering construction for revealing the root cause of the acci-
dent, providing the basis for preventive measures and promoting the improvement of
safety management level. This paper proposes an intelligent extraction method of se-
curity incident causative factors considering the understanding of text context semantic
information. The implementation steps of this method are as follows:

1. In order to reduce data noise and improve model processing efficiency, the col-
lected accident report text is preprocessed, including removing non-critical content
such as stops, punctuation marks, numbers and so on.

2. Input the pre-processed accident report text into the KeyBERT model based on
Transformers architecture, and automatically extract candidate keywords or phrases
from the accident text cases of each type of cause factors, calculate cosine similarity,
and extract keywords.

3. Based on the extracted keywords, combined with the actual situation and profes-
sional knowledge of engineering construction safety accidents, the keywords are further
analyzed and classified to identify the specific cause factors of accidents.

2.1 KeyBERT Keyword Extractor

It is of great significance to dig out the key cause information from the safety accident
report in the field of engineering construction for revealing the root cause of the acci-
dent, providing the basis for preventive measures and promoting the improvement of
safety management level. There are many methods to mine the key words of accident
cause, such as TF-IDF, TextRank and LDA algorithm. These techniques provide an
efficient method for text keyword extraction. The TF-IDF algorithm measures the im-
portance of a word by word frequency. TextRank algorithm builds the network based
on the adjacency relationship between words, and then iterates with PageRank to cal-
culate the Rank value of each node and sort the Rank value to determine keywords.
LDA algorithm is based on the topic of the document, according to a certain probability
to select keywords. However, these methods may miss semantic connections between



Intelligent Extraction Method of Engineering Construction Safety 293

words, be susceptible to high-frequency non-keywords, or be less applicable when deal-
ing with complex data. KeyBERT model solves the shortcomings of these methods, it
can capture the deep meaning and context information in the text, so as to extract more
accurate and representative keywords.

KeyBERT is a keyword and key phrase extraction tool built upon the BERT model,
leveraging pre-trained BERT to automatically extract crucial information from text.
The fundamental principles of KeyBERT can be summarized into two stages: pre-train-
ing and keyword extraction. During the pre-training phase, BERT is trained on vast
amounts of unsupervised text data to learn representations of text. In the keyword ex-
traction stage, KeyBERT first preprocesses the input text. Then, it utilizes the pre-
trained BERT model to encode the preprocessed text, converting each word into a cor-
responding word embedding and encoding the entire sentence into a fixed-length vector
representation. Finally, KeyBERT employs an algorithm to extract keywords and key
phrases. This model combines BERT's deep semantic understanding capabilities with
unsupervised keyword extraction performance, offering a novel and effective approach
to keyword extraction. By applying the KeyBERT model, it becomes feasible to effi-
ciently and accurately extract the causes of construction safety accidents, facilitating
rapid identification of primary accident factors and providing clear directions for acci-
dent prevention and the formulation of improvement measures.

2.2 Keyword Extraction Based on Text Semantic Information

KeyBERT model is a key words and key phrases extraction tool based on text semantic
information. It utilizes BERT's deep semantic understanding ability to automatically
extract key information from text in order to better understand and process text data.
The aim is to provide a more accurate and comprehensive list of keywords than tradi-
tional keyword extraction methods that well reflect the core content and themes of the
text. The process of KeyBERT model using unsupervised pre-training model to extract
text keywords can be divided into the following five steps (see Figure 1) :
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Fig. 1. Keyword extraction process based on text semantic information.

(1) Text preprocessing. Before extracting keywords, the text first needs to be pre-
processed, a step that includes removing useless information in the text, such as punc-
tuation marks, special characters, numbers, etc., and possibly stopping words. The pur-
pose of pre-processing is to reduce noise and improve the efficiency and accuracy of
subsequent steps.
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(2) Text encoding. Similar to the model encoding in Section 3.2.1, the final eigen-
vector representation of the text is obtained:

V=V VeV, ] (M

Where Vi represents the I-th text feature vector obtained by KeyBERT model, and n
represents the number of characters in the text sequence.

(3) Candidate word extraction. After text encoding, possible candidate keywords
need to be extracted from the text. This is usually done with word embedding models
Countvectorizers, which generate keyword candidate lists based on the frequency, im-
portance, and so on. In addition, the model also takes n-gram words or phrases as can-
didates, which helps to capture more complex semantic relationships.

(4) Calculate the similarity. For each candidate word, KeyBERT calculates its simi-
larity to the entire document vector. This is usually done by calculating the cosine sim-
ilarity between the candidate word vector and the document vector, the similarity score
reflects the closeness of the candidate word to the topic of the document, as follows:

similarity = cos(0) = ”j”ﬁ 2

Where O is the Angle between vector A (candidate word vector) and vector B (docu-
ment vector); ”A” and ”B ” are the modules (lengths) of vectors A and B, respectively,

which can be calculated by taking the square root of the sum of squares of the elements
of the vector.

(5) Keyword selection. Based on the similarity score, KeyBERT selects the k words
with the highest score as the final keywords. Where k indicates the number of keywords
extracted in advance.

In summary, the KeyBERT model is able to deeply understand the context and se-
mantic relationships in the text, and it can more accurately identify keywords that are
closely related to the topic of the document, rather than just based on word frequency
or simple statistics.

3 Experimental Analysis

3.1 Mining Results of Critical Information of Accident Cause

Based on the text data of accident cases in power plants, power grids, municipalities,
and hydropower projects, this study employed the KeyBERT model to extract key in-
formation from the textual content of each type of accident cause factor, thereby gen-
erating the experimental data in Tables 1 and 2.

Power plants are responsible for generating electric energy, while power grids are
tasked with transmitting this energy from power plants to end-users. The two are closely
interconnected in the processes of electricity production, transmission, and distribution,
collectively forming the core components of the power system. Consequently, they
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often share similar accident causation factors. Firstly, human factors represent a signif-
icant root cause of safety accidents. Human factors such as "lack of safety awareness,"
"violation of operating procedures," and "operational errors" often directly lead to ac-
cidents. Therefore, strengthening personnel training, enhancing employees' safety
awareness and operational skills, and establishing a robust safety responsibility system
are paramount tasks in preventing safety accidents. Secondly, equipment factors con-
stitute another crucial causation. Facilities and equipment in power plants and grids
operate under high loads for extended periods, prone to issues like "aging," "wear and
tear," and "malfunctions." Hence, regular equipment inspections and maintenance,
timely replacement of outdated equipment, and ensuring normal equipment operation
are essential measures to prevent accidents caused by equipment factors. Furthermore,
environmental factors such as "voltage instability," "load fluctuations," and "natural
disasters" pose threats to the safe operation of power plants and grids. In response,
comprehensive monitoring and early warning systems should be established to
promptly detect and address abnormalities. Additionally, reinforcing protective
measures against lightning, wind, rain, and other extreme weather conditions in power
grids ensures their safe and stable operation during adverse weather. Management fac-
tors are also significant contributors to safety accidents. Issues like "inadequate man-
agement" and "unsound safety management systems" often lead to hidden safety haz-
ards that go undetected and uncorrected. Therefore, establishing comprehensive safety
management systems, strengthening safety supervision and inspection efforts, and en-
suring the effective implementation of all safety measures are crucial in preventing ac-
cidents caused by management factors.

In summary, formulating targeted measures aimed at the causes of safety accidents
in power plants and grids can not only effectively prevent and control the occurrence
of such accidents but also enhance the overall safety and reliability of the power system.
This is of great significance in ensuring the stability and reliability of power supply and
promoting sustainable economic and social development.

Table 1. Factors causing safety accidents in power plant and power grid engineering

Types of factors
causing security ac- Causative factor

cidents

Poor safety awareness, illegal operation, operational error, AWOL, off-balance, risk awareness, lack of
Human factor .
safety measures, negligence...

) Facility equipment failure, generator failure, transformer failure, equipment aging, equipment wear,
Equipment factor . . o . . . L .
line failure, distribution cabinet failure, equipment tripping, equipment damage...

Environmental fac- Voltage instability, load fluctuations, lightning, strong winds, heavy rain, high temperature and high
tor pressure, dangerous sources, toxic gases, poor surrounding environment...

Management is not in place, lack of safety measures, risk awareness, safety management system is not
Management fac- ) o o o . .
sound, no investigation of security risks, supervision and management is not in place, unreasonable
tors
organization, lack of safety inspection...

Other external fac- .
External damage, natural disasters, severe weather...
tors
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Municipal engineering covers the construction of infrastructure such as roads,
Bridges, drainage and water supply, while hydropower engineering mainly involves the
development and utilization of hydropower resources. In the whole process of construc-
tion and operation, it is necessary to fully consider the geological conditions, hydrolog-
ical environment and construction technology and other factors, but also face multiple
risks such as natural disasters and man-made damage. A comprehensive analysis of the
two together helps to identify these contributing factors more comprehensively. "Self-
protection consciousness is not strong", "safety awareness is weak", "illegal operation",
"risky operation" and other behaviors, are the factors that directly pose a threat to engi-
neering safety. Therefore, strengthening personnel training, enhancing employees'
safety awareness and self-protection ability, and strictly implementing operating pro-
cedures are the basis for preventing safety accidents. In addition, problems such as "ob-
solete equipment", "frequent equipment failures" and "lack of safety protection" will
also cause serious safety accidents. Therefore, it is necessary to maintain and overhaul
the equipment regularly to ensure that the equipment is in good condition. "Poor geo-
logical conditions", "poor construction site conditions", "adverse weather conditions"
and other factors may increase the difficulty of construction and safety risks. Therefore,
in the construction process, environmental monitoring and early warning should be
strengthened to discover and deal with potential safety hazards in a timely manner.
Management factors are the indirect but important reasons for the occurrence of secu-
rity accidents, "management confusion", "safety supervision is not in place", "safety
education and training is insufficient" and other problems may lead to the occurrence
of security accidents. Therefore, it is necessary to establish a sound safety management
system and strengthen safety supervision and inspection. In summary, the key infor-
mation of the causes of safety accidents in municipal and hydropower projects can be
effectively mined, which provides information support for managers to formulate tar-
geted measures to ensure the safe operation of municipal and hydropower projects.

Table 2. Causes of safety accidents in municipal and hydropower projects

Types of fac-
tors causing se- Causative factor

curity accidents

Self-protection awareness is not strong, safety awareness is weak, violations, safety
Human factor belts, violations of operating procedures, violations of regulations, risky operations,

lack of safety measures, operational errors, paralysis...

Equipment fac- Equipment obsolescence, equipment failure, lack of safety protection, failure of
tor safety protection devices, poor quality, unqualified products, leakage...
. Rock mass, poor geological conditions, poor construction site conditions, unfavora-
Environmental o . . .
ble conditions, Rolling Stones, cracks, landslides, high gas content, sudden heavy
factor rain, insufficient lighting...
Violation command, management chaos, safety supervision is not in place, manage-
Management ment system is not perfect, on-site safety management is not in place, safety educa-
factors tion and training is not in place, security risks are not investigated, safety precautions

are not taken, safety inspections are not carried out.
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3.2 Contrastive Analysis

In the keyword extraction task, the F1 score is a crucial metric for evaluating model
performance, as it comprehensively considers both precision and recall, offering a ho-
listic reflection of the model's performance in extracting keywords. This study analyzed
the F1 scores for varying numbers of extracted keywords (k=1, 3, 5) across text datasets
from four engineering construction domains: power plants, power grids, municipalities,
and hydropower projects (see Figure 2).

0.94
I Hydropower engineering
Municipal engineering
0.8 - W Power grid engineering 0.78
Power plant engineering 0.76 074
: 0.72
0.7 4
0.66
.6 -
8 0.57
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= 0.5
0.4
0.33 (37
0.3 0.29
0.26
0.2

F@1 F@3 F@5
Keyword extraction number of F1 scores

Fig. 2. F1 score of the number of keywords extracted in KeyBERT model

From the F@]1 results, where only one keyword is extracted, the power grid engi-
neering achieved the highest F1 score of 0.33, indicating a relatively high relevance and
accuracy in the context of extracting a single keyword. Conversely, hydropower engi-
neering had a lower F1 score of 0.26. In the case of F@3, where three keywords are
extracted, the power plant engineering demonstrated a high F1 score of 0.66, suggesting
a potential advantage in this dataset when three keywords are targeted. Meanwhile,
municipal engineering also recorded a relatively high F1 score, indicating its solid per-
formance in the keyword extraction task. When the number of extracted keywords in-
creased to five (F@5), the power plant engineering achieved an F1 score of 0.78, con-
firming its suitability for extracting five keywords.

In summary, as the number of extracted keywords increased, the F1 scores across all
four engineering construction domains exhibited an upward trend, suggesting that ex-
tracting more keywords enhances the model's relevance and accuracy. This trend also
indirectly reflects that each safety accident text description may require a relatively
large number of keywords to capture the general theme and key information of the
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content. This discrepancy might stem from the inherent characteristics of the datasets
and the model's adaptability to different datasets. Different engineering construction
domain datasets may exhibit distinct keyword distributions and semantic features, pos-
ing varying challenges for the model during keyword extraction. Therefore, optimizing
the model for specific datasets is necessary to improve its performance across different
numbers of extracted keywords.

08 I 0.7606

0.5568

0.5 F

04

F1 Score

0.3356

03 F
0.2482 0.246

02 L 0.1965
0.1 F
0.0 1 . 1 . .

1 . L
TF-IDF TextRank LDA YAKE Bi-LSTM+CRF KeyBERT

Keyword extraction method
Fig. 3. Performance comparison of different keyword extraction models

To further validate the performance of the KeyBERT model in keyword extraction,
a comparison was conducted against other keyword extraction models, with the F1
scores of each model illustrated in Figure 3. Firstly, TF-IDF, as a statistical-based key-
word extraction method, achieved an F1 score of 0.1965, which is relatively low. This
suggests that TF-IDF has limitations in capturing the semantic information and contex-
tual relationships of keywords, relying more on word frequency statistics, leading to
potentially inaccurate keyword extraction. TextRank and YAKE, as graph-based key-
word extraction methods, achieved F1 scores of 0.2482 and 0.2460, respectively. These
methods construct a graph of associations between words to extract keywords but ex-
hibit relatively limited model performance when processing complex texts. LDA, a
topic modeling approach, recorded an F1 score of 0.3356, enabling it to capture textual
topic information but potentially lacking precision in keyword extraction. Conversely,
Bi-LSTM-CREF, a deep learning model, achieved an F1 score of 0.5568, significantly
outperforming the preceding methods. This underscores the advantages of deep learn-
ing models in capturing textual sequence information and semantic relationships, ena-
bling more accurate keyword extraction. However, this model requires a substantial
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amount of labeled data, which can be time-consuming and labor-intensive. Finally,
KeyBERT, a BERT-based keyword extraction method, attained an impressive F1 score
of 0.7606. Leveraging BERT's pre-trained model and robust semantic comprehension
capabilities, KeyBERT accurately captures textual keywords and phrases, demonstrat-
ing superior performance in keyword extraction tasks.

In summary, there exist performance disparities among different keyword extraction
models. Traditional statistical and graph-based methods exhibit deficiencies in captur-
ing text semantics and contextual relationships, whereas deep learning models demon-
strate stronger semantic comprehension abilities and higher extraction accuracy. There-
fore, in practical applications, selecting an appropriate keyword extraction model based
on specific requirements and text characteristics is crucial to achieving better extraction
outcomes.

4 Conclusion

This study introduces the KeyBERT model to propose an intelligent extraction method
for the causes of engineering construction safety accidents based on semantic infor-
mation understanding, effectively overcoming the limitations of traditional keyword
extraction methods that rely on statistics, graphs, and topics. Leveraging the robust deep
semantic comprehension capabilities of the KeyBERT model, it is able to more accu-
rately extract key factors reflecting accident causes from safety incident reports, provid-
ing more scientific data support for accident prevention and safety management. Ex-
perimental results demonstrate that this method exhibits higher accuracy in the task of
keyword extraction, achieving an F1 score of 0.7606, significantly outperforming tra-
ditional methods. The KeyBERT model combines the semantic understanding abilities
of pre-trained BERT models with unsupervised keyword extraction performance, of-
fering a novel approach and pathway for keyword extraction related to accident causa-
tion.

Going forward, this research will further explore the application of the KeyBERT
model in cross-domain and complex engineering safety accident text analysis, aiming
to build a more comprehensive intelligent system for extracting accident causes. Addi-
tionally, by integrating the latest advancements in natural language processing, such as
the continuous optimization of pre-trained language models and the integration of
multi-modal information processing technologies, we aspire to achieve more ground-
breaking accomplishments in the field of extracting causes of construction safety acci-
dents, thereby contributing to the intellectualization and precision of engineering safety
management.
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