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Abstract
In recent years, numerous casualties have been associated with a lack of safe navigation of ships. Despite advanced navigation systems
and the implementation of safety management systems onboard ships, maritime safety is still one of the major concerns for the shipping
industry. This research proposes a proactive modeling approach that utilizes Fuzzy Logic and Adaptive Neuro-Fuzzy Inference Systems
(ANFIS). The model primarily provides continuous meteorological risk assessment for ships to improve marine navigational safety. In the
study, Wind Speed, Sea Conditions, Visibility, and Day/Night Ratio are converted to meteorological risk factors using meteorological risk
assessment system. Supported by ANFIS, the meteorological risk assessment system has demonstrated that the database contains details
of over 180 marine casualty information involving navigation and traffic accidents. The results emphasize that environmental factors, as
well as the Day/Night Ratio, significantly influence ship navigational safety. Hence, a meteorological risk assessment system can enhance
navigational safety and prevent loss of life in the shipping industry. As a result, a meteorological risk assessment framework has enormous
potential for preventing accidents and improving the safety and sustainability of the shipping industry. In this regard, the proposed model
is a one-of-a-kind framework that will be extremely useful for mitigating and preventing the effects of maritime accidents.
Keywords: Decision support system, Fuzzy logic, Maritime accident dataset, Meteorological risk assessment, Ship navigation safety

1. Introduction
Marine science is progressing fast with the advancement of
technology and engineering sciences [1]. Scientists study
in various fields on advanced engineering models to tackle
many issues in the marine industry [2]. Therefore, many
jobs and transactions on ships are unmanned, even being
planned for the future [3] and unmanned safety navigation
is the most significant improvement [4]. One of the
essential stages of making safety navigation unmanned is
conducting the necessary risk assessments [5]. Afterward,
it is possible to make safety navigation unmanned by taking
the necessary action according to risk assessments [6].
From the first Day of maritime transportation, various risk
assessments, such as maritime risk assessment (MARISA),
have been carried out to prevent accidents and keep to a

minimum risk for safety navigation [7]. However, MARISA
has formed the basis for many other studies on adaptation
to new technologies in shipping. This study presents a
specific subject in the MARISA system in more detail, and
meteorological risk assessment (MERISA) is created based
on fuzzy logic and ANFIS.

There are two risk factors in the MARISA system: dynamic
and static. MARISA is carried out bearing those risk factors
in mind [8]. In this study, the dynamic risk factor, one of the
risk factors in MARISA, has been handled with a different
structure. The focus is on the meteorological risk factor.
MERISA, which is the subject of this study, assesses this
risk factor and is created based on detailed fuzzy logic. In
this study, the dataset, which has information pertaining to
181 accidents from 1988 to 2019, is created according to
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accident reports prepared by the authorities of the United
Kingdom and Turkey. MERISA has been tested on this
accident dataset, and the meteorological risk factor has
been created for each accident.

Experienced master mariners have previously assessed the
meteorological risk for each accident. MERISA was then
compared with the master mariners’ assessment, and the
program created by fuzzy logic was assessed.

The International Maritime Organization (IMO) has three
conventions on the safety of navigation. These conventions
refer to the International Convention for the Safety of Life
at Sea, 1974 (SOLAS), the Convention on the International
Regulations for Preventing Collisions at Sea, 1972
(COLREG), and the International Convention on Standards
of Training, Certification, and Watchkeeping for Seafarers,
1978 (STCW). The IMO has also issued a series of resolutions
and codes, including guidelines on navigation issues and
performance standards for shipborne navigational and
radiocommunications equipment. These convention codes
and regulations offer seafarers standards on what to do in
specific meteorological conditions. If conditions such as
Wind, Sea Condition, Visibility, and Day/Night situation are
considered together, it would be seen that they have a rather
complex structure, and other factors such as fatigue and
inexperience combine with those effects and could lead to
marine accidents. A meteorological risk assessment system
with a certain standard would be beneficial as a decision
support tool for seafarers [9].

There are numerous studies on safe navigation in the
literature, but only a few were considered for this study. A
systematic literature review of the studies on navigational
collision risk assessment provides studies conducted close
to the subject of this article [10]. However, no articles were
found that specifically discussed MERISA. Thus, this is the
first study to address this issue in detail. A marine accident
dataset has also been created with the present study.
Besides, the present study has been focused only on the sea
state following meteorological variables [11]. Therefore,
this study is unique in the dataset by considering Wind, Sea
State, Visibility, and Day/Night Rate. There are reports on the
ship-bridge collision alert system [12]. Also, some maritime
studies were made using fuzzy logic on navigational safety
[13-16], which mentioned meteorological conditions. For
instance, a study on bad weather as one of the vulnerabilities
factors was involved in the fuzzy reasoning engines to
evaluate the maritime conditions and environment; it has
examined bad water in the vulnerabilities module [13].
However, the meteorological risk is an important issue and
should be discussed in detail for safe navigation. Vessel
traffic service also considers meteorological conditions for
collision avoidance, using fuzzy logic [14]. Meteorological
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conditions are one of the factors considered while designing
a two-dimensional (2D) asymmetrical polygonal ship
domain [15]. The meteorological risk factor is created
and handled in 29 marine accidents in the literature [16];
however, the handling is not as detailed and specific as the
present study. This study is the most comprehensive study in
the literature dealing with meteorological risk assessment
on marine accidents and studying them in detail.
While some of the many studies on preventing marine
accidents are more general, other studies such as this are
more specific. The article entitled “Identifying Factors
Influencing Total-loss Marine Accidents in the World: analysis
and Evaluation based on Ship Types and Sea Regions” selects
the dataset on the total-loss marine accidents that occurred
in the world from 1998 to 2018, involving 16 ship types and
13 main navigation sea regions and is based on an improved
the entropy weight-TOPSIS model. The results show that the
most influential factors in both models, for ship type and
sea region, are foundering, stranding, and fires/explosions
[17]. However, it has no information about meteorological
factors. The article “Maritime Navigation Accidents and
Risk Indicators: an Exploratory Statistical Analysis using
AIS Data and Accident Reports” presents the results of
statistical analyses of maritime accidents datasets and AIS
data from Norwegian waters to identify conditions that are
associated with navigation-related accidents (groundings
and collisions) and could be used as risk indicators [18].

Weather conditions are usually handled as one variable,
but other variables such as Wind Speed, Sea Conditions,
Visibility, and Day/Night Ratio are also considered in the
present study. Heavy weather is a factor in most marine
accidents, as indicated by marine accident analysis [19].
Furthermore, a unique meteorological risk assessment was
made in this study to prevent marine accidents. Therefore,
the dataset formed by maritime accidents serves as the
starting point of this study. The assessment in this study
was carried out using a real accident dataset.

Fuzzy logic has been used in maritime science of MARISA
systems and many other studies. Examples include the
assessment and mapping of maritime transportation risk in
the South China Sea [20]; dynamic decision-making systems
for intelligent navigation strategies within inland traffic
separation schemes to the base [21]; comprehensive risk
estimations of maritime accidents focusing on fishing vessel
accidents in Korean waters [22]. Fuzzy logic is also used to
create fuzzy cognitive maps, AHP, and other fuzzy-based
hybrid models. These methods are designed to address
specific issues in the literature. Meteorological risk factors
are generally assessed as only one factor in the literature;
therefore, fuzzy logic should be used when evaluating
meteorology for ship safety navigation, as in MERISA. For
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this reason, the MERISA system created in this study is
designed based on fuzzy logic.

MERISA provides navigational safety by establishing
a decision support system in this paper. A continuous
meteorological risk assessment based on fuzzy logic that
handles MERISA in detail will improve safety standards by
ensuring full clarity of the impact of weather conditions on
shipping. If the MERISA system is integrated with systems
designed to ensure safe navigation, it would be possible to
switch to automatic ships in a shorter amount of time.
In this article, a dataset that could be used in other maritime
studies has also been created. The dataset contains 181
accident data with 15 variables. Furthermore, with the
assessment of MERISA to be made in this study, a program
based on fuzzy logic is compared with expert opinions and
is found to provide superior results. As a result, in cases
where expert opinion is essential to the operation of the
ship, this program may be used in its place.
Figure 1 presents the framework of this study. Before
explaining modeling, the dataset has been explained.

2. Dataset

This paper used datasets with data pre-processing stages
accepted in the literature with marine accident data
[23]. Data collection, data reduction, data cleaning, data
transformation, and data integration were involved.
Figure 2 presents a summary of what has been done in the
chapter within the scope of this study.

2.1. Data Pre-processing Stages
In the first stage, marine accident reports and annexes
were collected from the Marine Accident Research Center

[Marine Accident Investigation Branch (MAIB)] and the
Turkish Ministry of Transport and Infrastructure, Transport
Safety Investigation Center (TSIC). From the MAIB and TSIC
websites, 357 files containing marine accident reports and
annexes were collected. The authors have checked to ensure
no duplicate reports of the same accidents.

In the second stage for data reduction, It was decided
to create 15 variables in the dataset by examining all
accident reports and annexes. These variables are vessel
details, accident classification, accident type, vessel type,
flag, latitude, longitude, location of incident, date/hours,
injuries/fatalities, damage/environmental impact, wind,
sea state, visibility, and weather conditions. This dataset
of the 181 accidents was directly taken as written in the
accident reports and annexes, and the relevant accident data
now makes up a dataset of 181 accidents with 15 variables.
This dataset will be helpful in many fields of marine science.
This study aims to assess meteorological risk, where 15
variables should have been reduced for clear and effective
work. According to the literature [6-8,16], Wind Speed,
Sea Condition, Visibility, and Day/Night ratio variables
are widely used for meteorological risk assessment. Thus,
the dataset is divided into four variables and contains 181
accidents. Due to the absence of marine accident reports
and annexes, 40 accidents data were not included as
meteorological variables in this dataset. Hence, 40 errors
were removed from the dataset at the third stage as a data
cleaning. The dataset was then organized by including four
variables and 141 accidents.
MERISA is a meteorological risk assessment, so it is a specific
assessment and has been tested on only marine accidents in

Figure 1. The framework of this study
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this study. Weather conditions may not be directly related
to accidents, but it is safe to say that meteorology always
has an indirect effect. In order to clear up any doubts,
before removing 11 variables in the data cleaning stage, the
distribution of the dataset according to maritime accident
types is examined, and the resulting graph is shown in
Figure 3.

For a simple and effective study, making a constant
conversion for each variable unit is necessary. Wind
speed and sea condition variables had to be converted to
constant according to the Meteorological Beaufort Scale, the
Visibility variable had to be converted to standard values in
the optical range Table, and the Day/Night variables had to
be converted to standard values in the range of numbers

Figure 2. Data pre-processing stages

Figure 3. Distribution of the dataset according to maritime accident types
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from 1 to 24. Therefore, units for all variables for accidents
are transformed to a constant value in data transformation.

The dataset was arranged after the first four pre-processing
stages, including values according to their constant
conservation of four meteorological variables for 141
accidents.

2.2. Expert Assessment
In this study, the meteorological risk estimation is aimed
at the ship. In maritime practice, no system determines
this risk. Also, target values were needed to compare the
accuracy of the proposed models. In other studies, no
system calculated only meteorological risk values. For this
reason, the dataset was needed for expert assessment to
evaluate the proposed models in this study.
Based on the dataset mentioned in Chapter 2.1, the
MERISA form is presented. MERISA form that explains the
research content asked them to indicate their experience
and contained only the meteorological variables for each
accident. There are two parts to MERISA form. In the first
part, there are two questions about the expert’s professional
experience. In the second part of the form, a Table has five
columns and 142 lines. The first line has variable names, and
other lines express 141 marine accidents information. Four
of the columns include the variables entered in MERISA,
and the last column remains blank. Experts anticipated
determining meteorological risk as a percentage for 141
accidents to the blank columns. Thus, the MERISA form has
been sent to the experts, and they have been expected to
assess the dataset and determine the Expert Risk Factor
(ERF) for each accident.

MERISA form was sent to seven experienced master
mariners whose watchkeeping experience onboard ranges
from 1 to 18 years. These experts have been asked to assess

the meteorological data for each accident data separately.
They were asked to assess the meteorological risk rather
than the general risk on the bridge and determine a value
range between 0-100 applicable in all conditions.

ERF = x̄ = = _n1∑ k=n
x 
k=1 k

(1)

x̄ is the risk factor determined by the experts for each
accident, and n is the number of experts. The average of the
values given by the experts for each accident was calculated
as shown in equation (1). ERF is thereby calculated for each
accident.

Expert portraits who will best evaluate meteorological
variables for ships were determined. While choosing
experts, we paid attention to the experts’ experience and
their current activeness to have representatives from
different positions. It was asked seven experts to assess
meteorological risk carefully by explaining the content and
scope within the research. Professional experience periods
of experts are 18 (Master), 13 (Master), 10 (Master), 7
(Chief Officer), 5 (Chief Officer), 3 (Second Officer), 1 (Third
Officer) years from highest to lowest. Experts have not been
informed about other variables of the dataset outside the
research scope because they were asked to make a general
assessment.
Therefore, ERF values and target values for each accident
have been determined for the modeling of this study. In this
way, a pure and general assessment is conducted, and the
necessary data are accessed for the final arrangement in the
dataset. It was needed to add ERF values to the dataset. Data
integration is the final stage of data pre-processing for this
study. In this stage, ERF values are added being as variables.
Finally, the dataset has been arranged by including values of
four variables and ERF. Table 1 presents the sample dataset
used in this study.

Table 1. Sample of the dataset used in this study

Number

Wind Speed

Sea Conditions

Visibility

Day/Night

ERF

1

2

2

7

00:00

22.14

3

3

2

2

08:00

62.86

2
4
5
6
7
8

2
4
9
2
2

1
4
5
1
1

7
7
7
7
7

2

7

141

9

6

0

03:00
23:00

73.57
22.57
40

18:00

57.86

05:00

22.86

12:00
05:00
18:00
16:00

15.71
67.86
21.43

…

2

07:00

…

10

…

7

…

7

1

…

9

3

…

9

4

93.57
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3. Methodology
The dataset was designed following the data pre-processing
stages in the previous chapter. The dataset has been
arranged following this study about meteorological risk
assessment. In this chapter, MERISA system is designed
based on fuzzy logic with a fuzzy inference system (FIS)
considering expert opinions. In this study, ANFIS is used
to estimate meteorological risk factors. Therefore, in
this chapter, fuzzy logic that is the basis of FIS and ANFIS
methods is explained. After this explanation, information
about evaluation methods in this study is presented. In the
next chapter, the Implementation of MERISA is performed,
and modeling is explained.

3.1. Fuzzy Logic and Systems
According to the fuzzy set theory, a proposition is either a
member (1) or not (0) [24,25]. While this theory is used in
many areas, it is impossible to accept it in areas such as risk
assessment. Fuzzy logic and fuzzy clusters can be used in
risk assessments because no event can be completely risky
or completely risk-free [25,26]. A Meteorological Risk Factor
(MRF) has been calculated in this study. While calculating
MRF, a proposition underlying fuzzy logic must be
expressed as membership values in the range 0-1 as true or
false. Moreover, for MERISA, the Mamdani type FIS accepted
in the literature is used [27]. Therefore, according to fuzzy
logic theory, the MERISA system has been designed based
on fuzzy logic by paying attention to membership functions
and fuzzy relationships and rules. While determining these,
opinions of experts on safe navigation were taken, and IMO
codes and conventions such as COLREG, SOLAS, and MLC
were examined. Literature on this subject and accident
information has also been considered. Simultaneously, the
conformity of the established rules and relationships is
tested by scientists who are experts in fuzzy logic.
ANFIS is a widely used method for modeling non-linear or
chaotic systems and was first described as suggested [28]. It
requires previously collected data about the problem to be
modeled. It uses fuzzy logic and artificial neural networks
together while modeling. In the fuzzy logic and fuzzy
inference part, Sugeno FIS (Sugeno FIS) is usually included.
The training model in the artificial neural network combines
least squares and the least squares and backpropagation
algorithms. ANFIS has a single output in its structure and
uses weighted average defuzzification. It supports various
fuzzy membership functions. The fuzzy rules in its structure
have equal priority. After the model is created with a
specific data group, it can be tested with a different test data
group. In this study, ANFIS was used to compare MERISA
using meteorological variables and expert evaluation. The
102

ERF values represent the risk assessment of experts. These
values are target values for meteorological risk assessment.

3.2. Evaluation Methods
In this study, expert evaluation, in which meteorological
variables turn into a risk factor, was used both in the
formation of mean error (ME), mean absolute error (MAE),
mean squared error (MSE), root mean square error (RMSE),
mean absolute percentage error (MAPE) and symmetric
mean absolute percentage error (sMAPE) methods, which
are the evaluation methods of the MERISA program created
by FIS, and the ANFIS application, which we compared with
MERISA.
Assessment of a machine learning application is a critical
part of the process. Therefore, in this study, ERF values are
target values after creating MRF. t is the number of marine
accidents; m is a difference when MRF (for each accident) is
subtracted, and then the ME was calculated according to the
following equation,
k=t
ME = _1t ∑ k=0
mk 

ME was calculated according to equation (2);
MAE = _1t ∑ k=t
 m  
k=0 | k|

(2)
(3)

e is ERF (for each accident), MAE was calculated according
to equation (3);
| |
100
MAPE = _
 t ∑ k=t
_

k=0 |e |
 mk  
k

MAPE was calculated according to equation (4);
k=t
MSE = _1t ∑ k=0
mk2		

MSE was calculated according to equation (5);
_

RMSE=√MSE 		

RMSE was calculated according to equation (6);
2  mk  

100
sMAPE = _
 t ∑ k=t
_
s |+ e| 
k=0 | | | |
k

k

(4)
(5)
(6)

(7)

And s is MRF (for each accident), sMAPE values were
calculated according to equation (7) to compare MRF and
ERF values [28-30].

4. Implementation

The first step of a good scientific study is to identify the
problem correctly. The most appropriate method for solving
this problem should be chosen to achieve success. However,
despite all this, a study could fail if the application of a
scientific method is not carried out correctly. In this chapter,
the methods described so far have been applied, and this
application has been explained in detail. MERISA is applied
in Chapter 4.1, and then ANFIS is applied in Chapter 4.2.
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4.1. Implementation of MERISA
In this chapter, MERISA modeling is explained in detail.
MATLAB Fuzzy Toolbox is used for this study.

There are four inputs and one output in MERISA based
fuzzy logic. There are three fuzzy sets for each input
and five sets for the output. MERISA is designed with 81
rules considering all input sets. Rules, function members,
and sets are determined for MERISA model based on
experience and similar studies in the literature [6-8]. Wind
speed, Sea Condition, Visibility, Day/Night variables of
29 marine accidents have been validated by three expert
assessments in [16]. While determining the rules and
membership functions, every possibility was made by
considering literature and accidental information, and the
best results were obtained. Thus, MERISA has been revised
and improved. The minimum is used as “and method” and
“implication”; maximum (max) is used as “or method” and
“aggregation” for MERISA. The Mamdani inference system is

used for MERISA as the defuzzification method is central to
MERISA. Figure 4 presents a FIS.

The MERISA system has four inputs, and one output variable
is shown in Figure 5. These four inputs are Wind Speed,
Sea Conditions, Visibility, Day/Night, and the one output is
the risk factor. Table 2 presents the information on these
functions.
Wind speed, Sea Conditions, Visibility, Day/Night are inputs,
and MRF is the output for MERISA system. Limits and
membership function types have been made specifically for
this study to obtain the most accurate result by doing trial
and error, considering the previously mentioned literature
and marine accident data.

Wind speed is another input function for the MERISA
system. It has three fuzzy sets: Light Air, Breeze, and High
Wind. Figure 5 depicts membership function plots for Wind
Speed. The Meteorological Beaufort Scale has been used for
these membership functions limits, where the range is 0-12.

Figure 4. Fuzzy box for MERISA system

Figure 5. Membership function plots for MERISA system
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Table 2. Fuzzy membership functions’ details
Function

Wind Speed

Sea Condition

Visibility

Day/Night

Risk Factor

Input/Output

Input

Input

Input

Input

Output

3

3

3

3

Range

0-12

Number of Fuzzy Sets

0-12

Light Air

Fuzzy Sets

Breeze

Dense Fog

Night

High Wave

Clear

Night 2

Sea Conditions is the second input function for the MERISA
system. It has three fuzzy sets: Calm, Slight, and High
Wave. Figure 5 presents membership function plots for Sea
Conditions. The Meteorological Beaufort Scale has been
used for these membership functions, where the range is
0-12.
Visibility is the third input function for the MERISA system.
It has three fuzzy sets: Dense Fog, Light Fog, and clear.
Membership function plots for Visibility are shown in
Figure 5. An optical range Table has been used for these
membership functions, where the range is 0-9.

Day/Night Ratio is the fourth input function for the MERISA
system. It has three fuzzy sets: Night, Day, and Night 2.
Membership function plots for Day/Night Ratio are shown
in Figure 5. Local time has been used for these membership
functions, where the range is 0-24.
MRF is the output function for the MERISA system. It has
five fuzzy sets: Very Little Risk, Little Risk, Medium Risk,
High Risk, and Very High Risk. Membership function plots
for MRF are shown in Figure 5. Percentage evaluation has
been used for MRF’s 5 membership functions, where the
range is 0-100.

4.2. Implementation of ANFIS
In this study, the second system is designed for
meteorological risk assessment based on ANFIS.

ANFIS models have a different structure that gives the
best results sought by giving alternative values. Table 3
presents the parameter determined in this study. A 2-fold
cross-validation method was chosen to evaluate ANFIS. For
Table 3. Information about the ANFIS

Fuzzy Information

Explanation

Generate FIS

Grid partition

Number of Membership Functions
Type of Input Membership Functions
Optimal Method
Type of Output Membership Functions
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3+3+3+3
Triangle
Hybrid

Constant

0-24

Calm

Slight

High Wind

0-9

Light Fog

Day

0-100
5

Very Little Risk
Little Risk

Medium Risk
High Risk

Very High Risk

2-fold cross-validation, the dataset is divided into two parts:
training data and test data., The system is run twice. The
dataset in this study contains 141 accidents, divided into
two parts: 70 accidents and 71 accidents. Each part is used
for both training data and test data.

5. Evaluation

In this chapter, there are evaluations for MERISA and ANFIS
modeling.

A detailed evaluation of MERISA suggested in this study is
given in Table 4, which contains the results obtained from
the six statistical evaluation methods given in Chapter 3.2.
The use of these various statistical evaluation methods
reveals the performance of the MERISA system from
different perspectives.

The RMSE value should be essential in evaluating the
MERISA program since it increases the error rate in the
larger values. Because the MERISA program is a risk
assessment program, it is expected to be error-free in risky
situations. Conversely, the MAPE value is also important
because it gives MERISA’s percentage error.
Because MERISA is a decision support program for
meteorological risk assessment, it is required to know
which value ranges MERISA works better according to the
variables. Thus, a more accurate decision in risky situations
is desired. Also, it is necessary to examine RMSE and MAPE
values of MERISA according to variables ranges. Table 5
presents these values. Also, RMSE and MAPE values for
variables have informed the performance of MERISA. Apart
from these, Table 5 provides the range distribution of the
dataset according to the variables.
Table 5 shows the values of RMSE and MAPE for Wind
Speed. When these values were analyzed, it was found that
our MAPE value is lower in the range of 7-11 bft, where
the meteorological risk should be higher. This shows that
MERISA provides more accurate results at increased risk for
Wind Speed. Values of RMSE and MAPE for Sea Conditions
are shown in Table 4.
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Table 5 depicts the values of RMSE and MAPE for Sea
Conditions. When the values in Table 5 are analyzed, it
is clear that our MAPE value is lower in the range of 7-9
bft, where the meteorological risk should be higher. This
demonstrates that MERISA provides more accurate results
in high risk Sea Conditions.
Table 5 also presents the values of RMSE and MAPE for
Visibility. When these values were analyzed, it was found
that our MAPE value is lower in the range of 3-0, where the
meteorological risk should be higher, implying that MERISA
gives more accurate results at increased risk for Visibility.
Table 4. Evaluation results for MERISA

Evaluation method

Result

ME

-4.94

MAE

6.63

MSE

64.70

RMSE
MAPE
sMAPE

8.04

Values of RMSE and MAPE for the Day/Night Ratio are
shown in Table 5. When these values were analyzed, it was
found that our MAPE value is lower in the range of 20-23
and 8-13, where the meteorological risk should be higher,
implying that MERISA gives more accurate results at higher
risk for Day/Night Ratio. MAPE value lies between 0–3 in
the range of 0–4, which is expected to be high due to the
effect of all variables in the MERISA system.
Values of RMSE and MAPE for MRF are shown in Table
5. Analyzing these values shows that our MAPE value
is lower in the ranges 50.1-75 and 75.1-100, where the
meteorological risk is higher.

It has been observed that MERISA gives values closer to the
target value in risky ranges for all variables. This means that
MERISA meets the target. Subsequently, modeling that will
be introduced in this topic can improve MERISA. For this, it
is necessary to give better results than the values given

in
Tables 4 and 5.
A detailed evaluation of ANFIS mentioned in Chapter 4.2,
RMSE value, 9,131, is obtained. RMSE value of MERISA is
8,043. MERISA, which is designed in this study, is better
than ANFIS for RMSE value. Consequently, two fuzzy logic

21.15
18.43

Table 5. Values of RMSE and MAPE for variables
Variable

Range
0-2 Beaufort (bft)

Wind Speed

3-5 bft
6-7 bft
7-11 bft
0-2 bft

Sea Condition

3-4 bft
5-6 bft
7-9 bft
8-7

Visibility (Optical Range Table)

6-4
3-0
0-3
4-7

Day/Night Ratio

8-11
12-15
16-19
20-23
0-25
25.1-37.5

MRF

37.5-50
50.1-75
75.1-100

Number of
Accident

RMSE

MAPE

35

5.97

22.46

13

12.22

23.10

61

8.04

26.49

9.88

14.67

75
18
55
17
8

107
16
18
24
21
16
31
32
17
11
54
35
36
5

8.32
6.41
7.57
8.56
8.29
7.37
7.07

23.47
7.50

18.65
11.43
24.62
13.84
4.86

9.17

26.81

5.69

17.25

8.67
7.66
8.54
7.07
3.52
6.49
9.93
8.93
8.80

19.79
21.97
23.26
18.24
15.70
24.51
27.86
12.88
9.58
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models are designed and evaluated in this study. For future
studies, this study will be an incentive.

6. Conclusion

It is a well-known fact that meteorological and Sea
Conditions are unstable, which can have a significant
impact on the safe navigation of ships. In this unique
working environment, the risks and hazards associated
with work on the sea are specific. At this point, continuous
risk assessment is required to create and maintain a safe
working condition and/or environment. Continuous risk
assessment is a form of evaluation that should be integrated
with existing safety management systems. Navigational
safety, however, remains one of the shipping industry’s top
priorities, despite advanced navigation systems and the
deployment of safety management systems onboard ships.
Furthermore, numerous deaths have been linked to a lack of
safe ship navigation in recent years. Thus, the present study
provides continuous meteorological risk assessment for
ships to improve marine navigational safety. The suggested
model is a proactive modeling approach that uses fuzzy
logic and ANFIS. The dataset, consisting of 181 accidents
and 15 variables, has been presented in this study. To
develop the MERISA system, fuzzy sets, fuzzy relationships,
and fuzzy functions have been established. It clearly shows
that fuzzy logic and ANFIS can prove robust modeling that
could be used in meteorological risk assessments and
other risk assessments in shipping operations. Based on
the findings, the proposed risk assessment model, MERISA,
can provide reasonably competitive results when assessing
risky situations in terms of meteorological variables. It is a
key factor influencing decision-making regarding accident
prevention onboard ships. However, further studies are
required to speed up the launch of smart ships and help to
improve the technology associated with them. Especially,
data analytics approaches are demanded to improve ship
navigation safety.
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