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Abstract: SOLAS regulation 11-2/17 (MSC/Circ. 1002) allows the use of performance-based fire engineering design to demonstrate
that design solutions not complying with traditional prescriptive-based regulations are as safe as equivalent design solutions. Howev-
er, in the field of fire simulation, which constitutes a large part of performance-based design, there is a paucity of data to set a de-
tailed design of a ship fire scenario. Therefore, the importance of fire hazard elements in designing fire scenarios can vary based on
the user’s judgments. The purpose of the study is to identify the topics of the causes and hazard of fire accidents for use in the design
of fire scenarios. Hence, we used topic modeling of text mining techniques (a text data analysis method) to analyze the written ver-
dict of fire accidents over the past decade. The analysis results are summarized as follows. First, the result of topic modeling indicat-
ed that fires due to electrical, mechanical, and carelessness accounted for 69.4%, 17%, and 12.2%, respectively, of the total analyzed
fires. Second, fire hazard keywords as per the cause of fire were identified based on the fire cause group obtained through topic mod-

eling. Electrical fire hazard keywords with the highest frequency include “engine room” for fire occurrence location, “electric wire”

for flammable material, a “short circuit” for ignition factor, and “flame” for an ignition source.
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1. Introduction

1.1 Background and Objectives of the Study

Ships include long-narrow corridors and are composed of
steel with high thermal conductivity, which allows fires to
spread rapidly on a ship. Additionally, it is not easy to extin-
guish a fire due to the complex internal structural characteristics
of a ship. Furthermore, in the case of initial suppression failure,
a ship not only incurs significant damage but also loss of lives
[1112].

Thus, ships are equipped with firefighting and evacuation fa-
cilities as per Safety of Life at Sea (SOLAS) rules and regula-
tions to ensure ship fire safety. However, ships in which the
regulation is not applicable, the fire safety design can be ap-
proved in accordance with SOLAS regulation 11-2 / 17 “Alter-
native design and arrangements”. Based on SOLAS regulation
11-2 / 17, alternative design and arrangements correspond to fire
safety measures that deviate from the prescriptive require-
ment(s) of SOLAS chapter Il. However, they satisfy fire safety
objective(s) and functional requirements.

For alternative designs and arrangements, design fire scenari-
os should be applied to ship designs and computer-based simu-
lations should be used to predict and evaluate fire safety. To
develop design fire scenarios that assume a disaster situation, it
is necessary to obtain fire hazard data on the sources of ignition,
causes of ignition, combustibles, and place of occurrence by fire
cause type [3][4].

However, as per statistics of the Korean Maritime Safety Tri-
bunal (KMST), the cause of an accident due to fire is only pre-
sented as fire carelessness, namely a defect in the machinery
equipment and faulty handling [5]. Additionally, 474 keywords
related to the cause of the fire accident can be collected from
the written verdict summary of the KMST portal [6]. However,
it is difficult to identify the cause type and the fire hazard ele-
ments due to the high number of keywords. Given the lack of
historical data, it is difficult for naval architects to set up risk
modeling such as fire scenario design.

Therefore, the goal of the present study is to obtain information
on the topics of fire accident cause and fire hazard factors from

written verdicts of ship fire accidents. Hence, in the study, we
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applied text mining and topic modeling techniques, which are text
data analysis methodology, to extract topics related to causes of
fire accidents and to derive keywords. Additionally, the words
corresponding to sources of ignition, causes of ignition, combus-
tibles, and place of occurrence by fire accident cause were classi-

fied in the order of increasing frequency.

1.2 Literature Review

A few studies examined application of text mining to acci-
dent analysis. Kim et al. [7] used text mining and topic model-
ing techniques to derive types of accidents from text data con-
tained in chemical plant accident report documents to support
the safety managers. Additionally, the relationship between
accident type and keywords was represented by the cause-and-
effect diagram, and the trend of accident occurrence type with
time was summarized. Kang and Suh [8] applied text mining to
investigate the common causes of the accident, main work type
and accident form included in the disaster report documents of
the construction industry. Furthermore, self-organizing Map
(SOM) algorithm was conducted to visualize the risk factor
map. Kang et al. [9] quantitatively analyzed marine accident
data by applying big data techniques to predict the marine acci-
dent trend. Thus, they confirmed that it is possible to provide
information on preventive measures by grasping objective
tendencies for marine incidents that can occur in the future.

However, there is a paucity of studies that apply text mining
techniques in the analysis of ship fire written verdicts to derive
the topics of fire accident causes and apply them in the design

of fire scenarios.

Table 1: Construction of a written verdict of a ship fire accident

Individuals involved in a marine accident

Text of the judicial decision

Purport of the claim

Written reason

Actual fact of marine accident

- Name of the ship, Owner of the ship

- Port of registration

1 - Gross tonnage, Engine type and power

- Individuals involved in the marine accident
- Date and location of the marine accident

- Location of fire occurrence

2 Cause
3 Action of individuals involved in the marine
accident

4 Lessons of accident prevention

2. Scope and Methodology

2.1 Scope

In the study, 147 written verdicts of fire accidents for the last
10 years (2009-2018) were collected from the KMST portal. As
shown in Table 1, the written verdicts of fire accidents consist
of the individual involved in marine accidents, text of a judicial
decision, purport of the claim, and written reason. It includes
basic information such as the name of the ship, port of registra-
tion, gross tonnage, type and power of the engine, date and
location of the marine accident, and information on location and

cause of fire occurrence, ignition sources, and combustibles.
2.2 Methodology

2.2.1 Text Mining

The written verdict of KMST consists of unstructured data
composed of text, and there exists a qualitative analysis method
to directly read and arrange the text data although there is a
limit to the implementation in the case of high amount of text
data. Additionally, the subjective perspective of the individual
analyzing the text data can be involved. Thus, it is efficient to
use quantitative analysis methods to systematically process text
data. Text mining is an unstructured data processing method and
refers to a technique that derives useful patterns or relationships
and finds meaningful information via applying algorithms or
machine learning to unstructured data composed of natural lan-
guage. It involves data collection, pre-processing, structuring,
and frequency or pattern analysis. The text mining process is
shown in Figure 1 [10][11].

EN M

s @

Collect the
text data

Discover the term
frequency

Pre-process the
text data

Figure 1: Text mining process

2.2.2 Topic Modeling

The Latent Dirichlet Allocation (LDA) algorithm of the topic
modeling method is utilized to classify the types of fire accident
causes from the written verdict. Topic modeling is a statistical
technique that is used to determine latent topics from the words
that make up a large set of documents. It obtains the subject of a
document and represents them as clusters of words [12][13].
For example, if the cause of fire occurrence is “electrical factor’
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in a written verdict of a ship fire accident, then it is inferred that
words including ‘battery’ and ‘electrical equipment’ appear
frequently. Hence, the latent topic can be deduced from the
observed words.

The LDA algorithm is a representative method of topic mod-
eling. From the observed variables, such as words in the docu-
ment, infer hidden variables, such as the topics that make up the
documents in each document. The concept of the LDA model is

shown in Figure 2.

“ Oy Zin Wen N P )
i 2
o Dirichlet | 8 Per-document  Z,,: Per-word topic assignment| | fi:Per-topic word 1. Dirichlet
parameter | {opic proportions Wy, Observed word proportions parameter
Document d | ship fire, engine room. Topic k (Causes)
| electric equipment, battery, || §
4 i —— . = g
0.3 CIew room, overcurrent W« nl &
switchboard, electric wirin;

causes  locations switchboard overcurrent
Tapies Words

Figure 2: LDA model [14]

Specifically, N denotes the total number of words collected in
the document, D denotes the total number of documents, and K
denotes the number of topics. Node denotes a probability variable
and shaded node, Wqn denotes the observed variable in the docu-
ment as the nth word of document d. When applied to a written
verdict of a fire accident, it is observed as words such as ‘switch-
board' and ‘overcurrent'. Furthermore, the hidden variable, Zqn, is
the topic of the nth word of document d. Figure 2 shows that the
words ‘switchboard’ and “overcurrent’ correspond to the ‘causes’
of the topics. Furthermore, ©q denotes a topic distribution in-
cluded in the d-th document, and Sk is a word distribution consti-
tuting the K-th topic. Figure 2 shows that the distribution of the
topic 'Causes' is 60%, and the distribution of the word 'switches'
in the topic 'Causes' is 30%. Finally, o and # are parameters that
determine 84 and Sk and can be obtained from the Dirichlet distri-

bution.
k

D
p(B1:xs01:p) Z1:p, W1:p) = np(ﬁih?) p(64la)
d=1

i=1

N
(1_[ P(Zd,n|9a)P(Wa,n|ﬁ1:k,Zd,n)> €]
n=1

The LDA probability model is shown in Equation (1)
[11][14][15].
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2.2.3 Statistical Analysis Tool

In the study, the open-source statistical analysis program R
version 3.5.3 is used to analyze ship fire accident written verdict
data. We also used the following packages for text data analy-
sis. The KoNLP package is used to remove punctuation and
noun extraction from written verdict data, and the tm package is
used to generate ‘word x document matrix’ and to apply text
mining techniques such as word frequency checking. Further-

more, the topic models package is used for topic modeling.

2.3 Data Pre-Processing

In order to analyze the document of the written verdict com-
posed of text, preprocessing is necessary such that the computer
can recognize it. In the study, the data of the written verdict is
composed of the corpus. After pre-processing, it is structured
into term document matrix (TDM) and statistical analysis is
conducted.

The corpus is a collection of documents for analysis and con-
sists of 147 written verdicts of fire accidents. We perform R
programming to remove unnecessary information, such as spe-
cial characters, spaces, punctuation marks, and prepositions of
each document in the corpus, for analysis. Additionally, general
and non-significant words, such as ‘marine accident’, “fire acci-
dent’, and ‘adjudication’ in the corpus, are also removed to
ensure an effective analysis. Hence, the number of words de-
creased from 6,788 to 3,401, as shown in Table 2.

Table 2: Pre-processing of written verdicts of fire accidents

Text data after pre-processing
Corpus, representing a collection of text doc-
147
uments
Before pre-processing 6,788
Number of terms— ¢ - pre-processing 3,401
Non-/sparse entries 11,934/488,013
Sparsity 98%

Thus, TDM is generated after the process. Specifically, TDM
represents the frequency of appearance of a specific word in a
specific document in a matrix form in which a document is
arranged in a horizontal line and a word is arranged in a vertical
line. This involves a matrix of 147 documents and 3,401 words.
Additionally, 'Non- / sparse entries' in Table 2 denote the num-
ber of spaces in which frequency information is provided in
TDM and the spaces in which frequency information is not
provided. Hence, at least 1 frequency is observed in 11,934 cells
among 499,947 (= 147 x 3,401) cells although 0 frequency is
observed in 488013 cells. Hence, 'Sparsity: 98%' means that
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approximately 98% of the cells exhibit a frequency of zero.

Table 3: Sample of term document matrix for the 5 documents

Document 1 2 3 4 5
Term

engine room 3 31 59 65 29
chief engineer 0 20 35 33 13
Switchboard 0 0 9 2 8
upper deck 14 0 13 6 26
Crew room 0 0 2 5 40
owner 0 2 8 6 11

fuel oil 19 17 6 2 1
electric equipment 0 0 8 0 40
wheelhouse 0 5 14 6 5
storage battery 9 0 5 0 0

Table 3 shows part of the TDM that is written for words with
high frequency. Therefore, it is possible to understand which
words are mainly composed of each document. Documents
with many words that can be estimated as a fire location (for
e.g., an engine room) can be estimated as a fire accident factor
such as a switchboard or electric equipment. Thus, it is possible
to infer the relation between words.

3.443
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Figure 3: Frequency of words

3. Results

3.1 Word Frequency

To grasp the trend of ship fire accidents in the last 10 years,
keywords that are frequently mentioned were extracted from the
written verdict data of pre-processed ship fire accidents.

Figure 3 is a graph that shows the frequency of words. The
word with the highest frequency (3,443) in the text of the writ-
ten verdict data is 'engine room', which is inferred as the place
of the fire accident. Additionally, other words including “fuel oil
(699)’, “electrical equipment (578)’, ‘switchboard (536)’, ‘stor-

age battery (520)’, and ‘battery (235)’ appear in several docu-
ments. The words can be considered as the cause of fire in the
engine room. Furthermore, words including ‘wheelhouse
(1,028)’, ‘crew room (576)’, ‘upper deck (427)’, and ‘cargo
space (193)’ can be viewed as the place of fire or the place of
due to fire. Besides, the words ‘chief engineer (1,235)’, ‘engi-
neer (267)’, and “officer (264)’ refer to job titles related to ma-
rine accidents. Figure 3 shows the overall trends of the location
of fire, causes of fire, and individuals involved in a fire accident

over the past decade.

3.2 Topic Analysis of Ship Fire Accident

The LDA algorithm of the topic modeling method was ap-
plied to derive a fire accident topic group from the written ver-
dict of a ship fire accident

Prior to applying topic modeling, it is necessary to specify
the number of topic groups in advance. There are methods to
assume the number of topics based on the subjective judgment
of the researcher. However, in the study, the number of subjects
was determined by using statistically calculated values as objec-
tive indicators [12][16]. The number of topics was determined
based on the complexity value. The topic group was set up to 50
topics and sampling was repeated 4000 times to select four
topic groups with the lowest reduction.

Four topics and seven related keywords were derived as a re-
sult of the LDA. Furthermore, the fires caused by electrical,
mechanical, and carelessness accounted for 69.4%, 17%, and

12.2%, respectively, of the total analyzed fires.

Table 4: Causes of fire accidents based on topic modeling

Topic Group Keywords Frequency
engine room, crew room,
. electric equipment, switch-
Electrical factors board, electrical outlet,a | 60(40.8%)
1) N
short circuit, fluorescent
light
engine room, engineer,
Electrical factors | storage battery, battery, | 42028.6%)
2) overcurrent, source of igni-
tion, electric wiring
engine room, cylinder,
Mechanical factors| P1Ston: €quipment connec- 25(17.0%)
tion, lubricant, long hours,
crank
engine room, cargo space,
Carelessness, |source of ignition, oil mist, o
arson and other | combustibility, gas stove, 20(13.6%)
heater
sum 147(100%)
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Table 4 shows the number and frequency of the documents
by subject group. The first and second topics correspond to fires
caused by electrical factors because the words indicate fires
caused by electrical factors such as electrical equipment,
switchboard, electrical outlet, short circuit, and overcurrent. The
third topic appears to correspond to words, such as engine
room, cylinder, piston, connection, and lubricant, thereby indi-
cating that this is a group of fires due to mechanical factors.
Finally, the fourth topic can be viewed as a group wherein the
cause of fire accidents is due to carelessness because of words,
such as gas, stove, heater, and factors other than those men-

tioned above.

Locati engine room wheelhouse crew room
ocation (2542) (768) (419)

electric wire electrical equipment switchboard
| . (1361) (559) (499)
material storage battery battery motor electrical outlet
(467) (192) (102) (77

. 2

Ignition short circuit Electric leakage overcurrent overload
factor (677) (169) (59) (16)

I n flame fri spark
source (355) ( (13)
[ Fire

¥

Term
(Term frequency)

Figure 4: Elements of electrical fire hazard

3.3 Identification of Fire Hazard

Based on the results obtained through the topic analysis, the
fire hazard elements for the causes of fire accident are presented
in the order of frequency. Fire hazard factors include sources of
ignition, causes of ignition, combustibles, and place of occur-
rence.

As shown in Figure 4, an electrical fire can be composed of a
scenario where the fire is caused by a flame due to a short cir-
cuit of electrical wire and electrical equipment in an engine
room. Furthermore, the mechanical fire scenario is shown in
Figure 5. Mechanical fire scenarios can consist of a fire due to
contact with hot components, such as the exhaust pipe of the
main engine, and after a fuel oil leak due to damage to the cyl-
inder and piston system. Moreover, the fire scenario can be

configured as a fire due to overheating of the heater in the en-

gine room or bedroom. Finally, the carelessness fire scenario
consists of a fire that occurs due to a flame near the combusti-
bles in the heater or gas stove in the crew room, as shown in

Figure 6.

Location [ engine room ] crew room bed room
0ca (1977) (162) (60)

. 2 . 2
=

M [ fuel oil j[ lubricant ][ exhaust j
Flammable (1392) (414) (312) heater
93)

material cylinder piston
261) (222)

4 N [scaucrmg ]( leakage ][ overload }
Ignition (294) (270) (114)

factor [ deterioration J [wcar and n:ar]

overheating
(252)
\_ J (108) (51)

Ignition flame spark static
source (165) (63) (33)
\

[ Fire

«

Term
(Term frequency)

Figure 5: Elements of mechanical fire hazard

Locati engine room wheelhouse crew room
ocation (2542) (768) (419)

[ gas stove j heater )
Flammab (53) (25) (10)

(6) (6) (3)
Ignition poor mai carel flammable proximity
factor (85) (6) (2)

toilet paper

Ignition welding flame cigarette butt spark

source (66) (15) (14) (13)
' ™
| Fire |
. /

*

Term
(Term frequency)

Figure 6: Elements of carelessness fire hazard

4. Conclusion
Based on the Alternative Design and Arrangements for Fire
Safety Regulation of SOLAS, performance-based design
measures can be applied to evaluate fire safety in the case of
ships where it is not possible to apply existing fire safety
equipment regulations. As a part of performance-based design,
computer-based simulation tools should be used to assign and

predict fire scenarios in ship design and safety. However, the
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fire safety performance of the ship depends on the user’s own
judgment given the lack of data and no formal guidelines.

The purpose of the study was to obtain data for use in the de-
sign of fire scenarios for evaluating ship fire safety perfor-
mance. Thus, we applied the text mining technique and LDA
algorithm to written verdicts of ship fire accidents in the last 10
years to derive the causes of fire accidents and fire hazard fac-
tors. The major research results are summarized as follows:

First, the topic analysis on the causes of ship fire accidents
indicated that the main causes were electrical factors (69.4%),
mechanical factors (17%), carelessness, arson, and other factors
(13.6%).

Second, the location of the fire occurrence, flammable mate-
rial, ignition factor, and ignition source were obtained as fire
hazard elements. Electrical fires were observed as the highest in
the engine room due to short circuits in the electrical wires.
Additionally, fuel oil fire was the most frequent fire due to me-
chanical factors and scattering acted as an ignition factor. Fur-
thermore, carelessness fires were determined as due to the prox-
imity of flammables in gas stoves or heaters and fires due to
welding embers being transferred to flammables during weld-
ing.

The text mining and topic modeling techniques used in the
study can effectively identify the causes of ship fire accidents
and fire hazard elements included in the written verdict. In the
future, it is necessary to examine how the results of the study
can be used in prescribing design fire. Additionally, we plan to
apply the fire risk factors obtained in the study to actual fire
simulation scenarios and use the same in fire safety perfor-

mance evaluation.
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