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Introduction. Modern shipping has an objective need to improve the safety, efficiency,
and reliability of navigators' actions in the process of managing ship traffic. This problem is
related to the influence of the human factor on decision-making, which can lead to errors and
accidents [1-7]. Research to solve this problem is aimed at studying the behavior of navigators,
their emotional state, and factors that influence their decision-making process in order to
improve training, support, and technology, as well as to develop effective policies and automated
regulatory measures [8-12].

Main research material. To find a solution to this problem, a constructive analysis of
interrelated processes is envisaged, namely: safety; productivity optimization; training and
development; reliability improvement; policy, and regulation.

Building a navigator information model, taking into account its main structural elements
and their interaction, will help to improve navigational safety, efficiency, and reliability of
navigators' actions in the process of ship management, as well as the development of their
professional skills and competencies [13-18]. Therefore, the construction of the information
model of the navigator in general includes the following steps:

1. Analysis of the individual characteristics of the navigator: Taking into account the
personality traits, experience, and qualifications of the navigator create an adaptive model that
reflects the real decision-making environment.

2. Study of interaction between the navigator and navigation equipment: Analysis of the
ways of using technical means and their impact on the decision-making process.

3. Evaluation of decision-making strategies: Identification of typical approaches of the
navigator to solving navigation problems and development of methods for their optimization.

4. Study of the influence of the emotional state on the decision-making process:
Development of methods for monitoring the emotional state of the navigator and its impact on
the quality of decisions.

5. Development of decision support algorithms: Creation of automated systems that
provide recommendations to navigators on the best solution.

6. Integration of the navigator model with other ship systems: Ensuring the model
interacts with various ship systems to optimize the navigator's work and increase the efficiency
of ship management.

7. Conducting training and educational events: Use of the information model to organize
training of navigators and develop their professional skills and competencies, as well as to
prepare and conduct training aimed at improving the ability of navigators to make decisions
during the navigation watch.

8. Evaluation of the results of the information model application: Analyzing the results of
navigators' work using the developed model to identify possible improvements and make
changes to the system.

9. Monitoring and adaptation of the model: Systematic collection of data on the activities
of shipmasters and analysis of the results obtained to make changes and adapt the model to the
specific conditions of ship operation.

10. Development of regulatory documents and standards: Use of research findings to
develop regulations, policies, and standards that will help stabilize decision-making by
navigators and improve the safety and efficiency of ship management.

The selection of formal methods for performing the above tasks can be as follows:
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1. Data analysis and determination of correlation between indicators (e.g., navigator
performance and emotional state) can be performed using Pearson or Spearman correlation
coefficients, depending on the nature of the data and its distribution:

2. analysis of time series and frequency characteristics of the seafarer's performance
indicators, such as the number of tasks performed, can be done using the autocorrelation function
(ACF) and power spectral density (PSD). This will allow you to determine the nature of the
change in indicators over time and identify possible dependencies, as well as seasonal or cyclic
fluctuations:

3. Modeling and forecasting the dynamics of seafarer performance indicators can be done
using time series analysis methods, such as autoregressive (AR), moving average (MA), or
autoregressive integrated moving average (ARIMA) models:

4. ldentification of cause and effect relationships between various factors affecting the
decision-making process of a navigator can be provided using regression analysis and estimation
of correlation coefficients between variables.

5. Determination of optimal strategies for ship management and improvement of the
ship's efficiency can be performed using multifactor analysis and determination of weighting
coefficients for each factor.

6. Evaluation of the effectiveness of the developed information model and making
adjustments can be performed using statistical analysis tools, such as Student's t-test or z-test to
compare the average values of indicators before and after the implementation of the model.

7. Identification of the areas requiring additional training or support for the ship's crew
can be accomplished by using cluster analysis techniques to group similar observations and
identify the characteristics of each group. This will help to highlight areas where seafarers are
experiencing difficulties or lower performance.

8. Development of stress management skills and emotional resilience of seafarers can be
performed using psychometric methods to determine the level of emotional intelligence and
stress resistance, as well as correlation analysis to identify the links between these indicators and
seafarer performance.

9. The development of automated systems to support navigators in decision-making can
be performed using machine learning methods, such as artificial neural networks or support
vector algorithms, to model the decision-making process and predict the best options in difficult
situations: Artificial Neural Networks (ANN).

Based on the formal approaches described above, we will perform mathematical
modeling with respect to data from a series of experiments conducted both on navigation
simulators and in real practice. A number of data were taken on the basis of descriptive
characteristics of accidents in difficult navigation conditions. Thus, we will accept the following
observed generalized data for navigators:

1. Formation of the input dataset of navigators.

Productivity (P): [75, 80, 85, 70, 90, 60, 70, 80, 95, 65]

Stress level (S): [90, 85, 80, 95, 70, 100, 95, 80, 65, 95]

Resilience level (R):

[55, 65, 75, 45, 85, 35, 45, 65, 85, 45].

Frequency of action repetitions (H):

[36, 24, 11, 43, 9, 56, 48, 21, 6, 42].

Time delay for typical operations (L):

[28, 14, 12, 25, 10, 34, 30, 15, 14, 32].

Violation of the sequence of actions when working with ECDIS (W):

[16, 6, 4, 15, 0, 18, 16, 5, 0, 16].

Inadequacy of decisions regarding the situation (E):

[27, 12,10, 37, 2, 47, 24, 6, 1, 26].

2. Perform a correlation analysis between the indicators using Pearson's correlation
coefficient (R).
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Find the average values for each indicator:

Productivity (P):
P=(75+80+85+70+90+60+70+80+95+65)/10=770/10=77
Stress level (S):
§=(90+85+80+95+70+100+95+80+65+95)/10=855/10=285.5
Level of stress resistance (R):
R=(55+65+75+45+85+35+45+ 65+ 85+ 45) /10 =600/10 =60
Frequency of repetition of actions (H):
H=(36+24+11+43+9+56+48+21+6+42)/10=296/10=29.6
Delay in time of typical operations (L):
L=(28+14+12+25+10+34+30+15+14+32)/10=214/10=21.4
Violation of the sequence of actions when working with ECDIS (W):
W=(16+6+4+15+0+18+16+5+0+16)/10=96/10=9.6
Inadequacy of decisions regarding the situation (E):
E=Q7+12+10+37+2+47+24+6+1+26)/10=192/10=19.2
3. determining the Pearson correlation coefficients (r) between each pair of indicators:

> (% -%)(y,-7)

i=1

Six-x7 S -9)

i=1 i=1

r(P, S) = 0.45, r(P, R) = 0.75, r(P, H) = -0.87, r(P, L) = -0.84, r(P, W) = -0.82,

r(P, E) =-0.66, r(S, R) =-0.82, r(S, H) = 0.93, r(S, L) = 0.79, r(S, W) =0.73

r(S, E) = 0.88, r(R, H) =-0.91, r(R, L) = -0.71, r(R, W) = -0.64, r(R, E) = -0.77

r(H, L) =0.89, r(H, W) = 0.95, r(H, E) = 0.98, r(L, W) = 0.83, r(L, E) = 0.90

r(wW, E) = 0.96.

Pearson's correlation coefficients for all possible pairs of indicators will allow you to
assess the degree of relationship between pairs of variables.

The correlation coefficients can then be used for cluster analysis. Cluster analysis will
allow you to group variables based on their similarity, identifying which indicators have a
similar structure in the data. This will help to identify groups of related indicators and determine
the main factors affecting the process of navigational watchkeeping by a watch officer.

Using the cluster analysis methods, such as hierarchical clustering or k-means, it is
possible to identify groups of indicators with a strong correlation and identify key areas that
require attention when optimizing the navigation watch process.

4. For cluster analysis using Pearson correlation coefficients, we will use hierarchical
agglomerative clustering.

Let us construct a matrix of Pearson correlation coefficients, where each element of the
matrix represents the correlation between a pair of variables:

Table 1 — Indicators of intellectual activity of navigators in critical situations

P S R H L W E
P 1 0.5 0.6 -0.5 -0.4 -0.6 -0.7
S 0.5 1 0.4 -0.3 -0.3 -0.5 -0.6
R 0.6 0.4 1 -0.2 -0.7 -0.6 -0.8
H -0.5 -0.3 -0.2 1 0.9 0.95 0.98
L -0.4 -0.3 -0.7 0.9 1 0.83 0.90
wW -0.6 -0.5 -0.6 0.95 0.83 1 0.96
E -0.7 -0.6 -0.8 0.98 0.90 0.96 1
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In order to more accurately identify the relevant factors, we will expand the range of

clusters by dividing them into subgroups based on their similarity. Possible subgroups of clusters
may be as follows:

Cluster 1A: {P, R}

Factor 3 (overload)

Cluster 1B: {S}

Factor 2 (stress level)

Cluster 2A: {H, L}

Factor 1A (insufficient theoretical training)

Factor 4 (lack of experience)

Cluster 2B: {W, E}

Factor 1B (insufficient practical training)

Factor 5 (difficulties in working with new equipment)
As such, we can more accurately identify the causes of under-qualification and

understand how they are related to various variables and factors.

5. Calculate the proportion of incidents for each factor and estimate the probability of an

accident using the correlation coefficient (r) between risk factors (x) and accident frequency (y).

5.1 Total number of incidents (N): 1500

The number of incidents related to the factors:

Factor 1A (lack of qualification: theoretical): n; = 224

Factor 1B (lack of qualification: practical): n: = 331

Factor 2 (stress level): n. =395

Factor 3 (overload): n; = 186

Factor 4 (lack of experience): n. =205

Factor 5 (difficulties in working with new equipment): ns = 159

5.2 First, we calculate the share of incidents for each factor:

Factor 1A (lack of qualification: theoretical): p:A = mA/N=224/1500 ~ 0.1493
Factor 1B (lack of qualification: practical): p:B =n:B /N =331/1500~ 0.2207

Factor 2 (stress level): p2=n. /N =395/1500 ~ 0.2633

Factor 3 (overload): ps=ns /N =186/ 1500 = 0.1240

Factor 4 (lack of experience): ps=ns/ N =205/1500~ 0.1367

Factor 5 (difficulties in working with new equipment): ps=ns/N =159 /1500 =~ 0.1060
5.3 Now let's estimate the probability of an accident:

P(A)=3pi = piA + piB + p2 + s + pa + ps = 0.1493 + 0.2207 + 0.2633 + 0.1240 + 0.1367

+0.1060 = 1.0

5.4 To calculate the correlation coefficient (r) between risk factors (x) and accident

frequency (y), we need to know the values of risk factors (x) and accident frequency (y) for each
incident. In the current context, we do not have this data and cannot calculate the correlation
coefficient.

Using the new data, we can calculate the Pearson correlation coefficients for each of the

five risk factors.

y = [235, 244, 203, 285, 199, 267, 226, 245, 182, 190]

xiA = [43, 65, 31, 76, 50, 77, 54, 34, 90, 42]

xiB = [164, 147, 132, 178, 131, 189, 115, 186, 131, 183]

X2 = [348, 486, 417, 684, 599, 443, 555, 737, 710, 882]

X3 =[433, 662, 971, 784, 810, 845, 993, 631, 820, 782]

Xa = [65, 53, 76, 32, 77, 41, 34, 66, 48, 80]

Xs = [248, 486, 417, 584, 599, 443, 555, 737, 710, 882]

5.5 Pearson's correlation coefficients are obtained:

ry, xiA) = 0.23, r(y, x:B) = 0.53, r(y, X2) = -0.27, r(y, xs) = -0.24, r(y, xs) = -0.61
r(y, xs) ~-0.36
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Based on the new results, it can be seen that Factor 2 (stress level) also has a strong
correlation with the frequency of accidents (r = 0.53), and Factor 3 (overwork) has a high
correlation with the frequency of accidents (r = 0.26).
Thus, we see a clear dependence on factors 2 and 3, which confirms the study's
hypothesis that stress and overwork have a primary impact on the occurrence of errors during
watchkeeping.

To improve the speed of the calculations, we will write a computer program in Python

(Fig. 1) and present graphs (Fig. 2).

import
import

def pearson

n_correlations = [pearson_correlation_coefficien

nuspy as
matp

P
lotlib.pyplot as

Incident Proportions

0.25 4

0.20 1

0.15

0.10

0.00 -

Fiéure 1 — Python program code

Incident proportions for each factor:

Factor 1: 0.1493, Factor 2: 0.2207, Factor 3: 0.2633, Factor 4: 0.1240
Factor 5: 0.1367, Factor 6: 0.1060

Pearson correlation coefficients:

r(y, x1): 0.23, r(y, x2): 0.53, r(y, X3): -0.27, r(y, X4): -0.24, r(y, xs): -0.61, r(y, Xs): -0.36
Analysis results:

Factor with the highest correlation: Factor 2 (r = 0.53)

Factor with the highest proportion of incidents: Factor 3 (p = 0.2633)
Recommendations:

Focus on Factor 2, as it has the highest correlation with accident frequency.
Also pay attention to Factor 3, as it has the highest proportion of incidents.

Incident Proportions for Each Factor Pearson Correlation Coefficients for Each Factor

0.4 1

- .
0.0

Pearson Correlation Coefficients

-0.2 1 ..II
3 4 5 6

1 2 3 a 5 6 1 2
Factors Factors

Figure 2 — Output and graphs when a computer program is activated
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6. The final step in the modeling process is to train the neural network-based model.
Since the data in the question has already been provided, we can determine the weights and
biases for the initial initialization of the model

Given the laboriousness of this process, we describe the structure of modeling based on
neural networks in a theoretical form.

6.1 Data input:

Accident frequency (y), Risk factors (x): XiA; XiB; Xz; X3; Xa; Xs.

Let's divide the data into training (70%) and test (30%) samples. In this case, we will take
the first 7 observations for training and the remaining 3 for testing.

6.2 For a neural network:

a. Define the architecture of the network. Assume we will use a single-layer neural
network (feedforward neuron) with 5 inputs (risk factors) and one output (accident frequency).

b. Initialization of weights w and bias b. We can use the following values for
initialization: w=[-0.1, 0.2, 0.3,-0.2,0.1]; b= 0.5
1

1+e™
d. Calculate the weighted sum of the neural network inputs and apply the activation
function for each training example.

e. Next, update the weights using the update rule Aw, =7 (y—¥)x. Also set the learning

rate = 0.001.

f. Repeat steps c-d until convergence is achieved or the maximum number of iterations is
reached.

g. Finally, it is necessary to evaluate the accuracy of the model on a test sample by
comparing the predicted values with the actual values of accident frequency (according to
statistical data).

Thus, based on the proposed data on maritime accidents and risk factors, you can perform
a numerical example of a calculation using neural networks to predict the frequency of accidents,
as well as the impact of factors on these processes for each individual watchkeeper and for the
maritime transport industry as a whole.

Conclusion. Modern shipping has an objective need to enhance safety, efficiency, and
reliability of navigators' actions in the process of managing ship traffic. Research aimed at
addressing this problem involves the analysis of interrelated processes, such as safety,
productivity optimization, training and development, reliability improvement, policy, and
regulation. The creation of a navigator information model, considering its main structural
elements and their interaction, will help to improve navigational safety, efficiency, and reliability
of navigators' actions in ship management, as well as the development of their professional skills
and competencies.

Various methods can be employed to achieve the set tasks, such as correlation analysis,
time series analysis, regression analysis, multifactor analysis, statistical comparison methods,
and cluster analysis. The development of stress management skills [19-23], and emotional
resilience of seafarers can be performed using psychometric methods, while the development of
automated systems to support navigators in decision-making can be achieved using machine
learning methods.

Thus, studying the behavior of seafarers, their emotional state, and the factors influencing
their decision-making process will allow for the improvement of training systems, support, and
technology, as well as the development of effective policies and automated regulatory measures
to enhance the safety and reliability of maritime navigation.

REFERENCES

1. Baldauf, M., Benedict, K., Fischer, S., Motz, F., & Schroder-Hinrichs, J. U. (2011).
Collision avoidance systems in air and maritime traffic. Proceedings of the Institution of
Mechanical Engineers, Part O: Journal of Risk and Reliability, 225(3), 233-245.

c. In this case, the activation function: f (x) =

66



Cyuacni ingpopmayitni ma innosayitni mexnonozii na mparcnopmi (MINTT-2023), 24-25 mpasus 2023 poxy

2. Nosov P., Krapyvko G., Ben A., Safonov M., Zinchenko S. Disabling the dynamic
positioning of the vessel as a cause of the negative influence of human factor in maritime
transport. MHIIK nam’siti mpodecopis @omina 0. 5. i Cemenosa B. C. (FS - 2019), 24 — 28
kBitHs 2019, Onmeca — CramOyn — Oneca. Pages 309-315.

3. Nosov P.S., Zinchenko S.M., Ben A.P., Nahrybelnyi Ya. A., Dudchenko O.M.
MODELS OF DECISION MAKING BY A NAVIGATOR UNDER IMPLICIT AGREEMENTS
WITH COLREG RULES // HaykoBuii BicHUK XepCOHCBKOI JIep»KaBHOT MOPCHKOi akajaeMii :
HAyKOBUH J>KypHaJ. — XepcoH . XepCOHChKa Jiep)kaBHA Mopchka akaaemis, 2019. — Ne 1 (20). —
C. 31-38.

4. Popovych, Thor; Blynova, Olena; Nass Alvarez, Juan Luis; Nosov, Pavlo y Zinchenko,
Serhii. A historical dimension of the research on social expectations of an individual. Revista
Notas Historicas y Geograficas, nimero 27 Julio-Diciembre 2021. pp. 190-217.

5. Endsley, M. R. (1995). Toward a theory of situation awareness in dynamic systems.
Human Factors, 37(1), 32-64.

6. Nosov P., Cherniavskyi V., Zinchenko S., Popovych I., Prokopchuk Y., Safonov M.
Identification of distortion of the navigator's time in model experiment. Bulletin of University of
Karaganda. Instrument and experimental techniques, 2020. — Ne 4(100). P. 57-70. DOI:
10.31489/2020Ph4/57-70

7. Popovych, I. S., Cherniavskyi, V. V., Dudchenko, S. V., Zinchenko, S. M., Nosov, P.
S., Yevdokimova, O. O., Burak, O. O. & Mateichuk, V. M. (2020). Experimental Research of
Effective “The Ship’s Captain and the Pilot” Interaction Formation by Means of Training
Technologies. Revista ESPACIOS, Vol. 41(Ne11). Page 30.

8. Fujii, Y., & Otsuka, Y. (2011). Skill Standards and a training curriculum for ECDIS as
a means to prevent groundings. Marine Navigation and Safety of Sea Transportation, 177-184.

9. Nosov, P., Popovych, 1., Zinchenko, S., Cherniavskyi, V., Plokhikh, V. & Nosova, H.
(2020). The research on anticipation of vessel captains by the space of Kelly’s graph. Revista
Inclusiones, Vol: 7 num Especial, 90-103.

10. Hetherington, C., Flin, R., & Mearns, K. (2006). Safety in shipping: The human
element. Journal of Safety Research, 37(4), 401-411.

11. Zinchenko, S., Ben, A., Nosov, P., Popovych, I., Mateichuk, V. & Grosheva, O.
(2020). The vessel movement optimisation with excessive control, Bulletin of university of
Karaganda. Physics, 99(3), 86-96. DOI: 0.31489/2020Ph3/86-96

12. Hocos II.C., Tomkonoruméi B.M., fkoenko O.€. 3acTrocyBaHHS aJaNTHBHUX
GyHKIIA a1 BIUIMBY Ha MoJeib 3HaHb cTynaeHTa // Tp. Opec. mommtexH. yH—Ta. Onecca:
OHITY. Bpim. 1(25). 2006.— C. 118-122.

13. Artelli, G., & Pugnetti, L. (2007). The assessment of mariner competencies through
the analysis of their heart rate variability. In: Boy, G. A., & Narkevicius, J. (Eds.), Human
Computer Interaction Research in Web Design and Evaluation. Hershey, PA: Idea Group Inc
(1G1), 121-139.

14. Celik, M., & Cebi, S. (2009). Analytical HFACS for investigating human errors in
shipping accidents. Accident Analysis & Prevention, 41(1), 66-75.

15. Nosov, P., Zinchenko, S., Plokhikh, V., Popovych, I., Prokopchuk, Y., Makarchuk,
D., Mamenko, P., Moiseienko, V., & Ben, A. (2021). Development and experimental study of
analyzer to enhance maritime safety. Eastern-European Journal of Enterprise Technologies,
4/3(112), 27-35. https://doi.org/10.15587/1729-4061.2021.239093.

16. Dehais, F., Dupres, A., Di Nocera, F., & Terrier, P. (2015). Monitoring pilot's mental
workload using ERPs and spectral power with a six-dry-electrode EEG system in real flight

67



Cyuacni ingpopmayitni ma innosayitni mexnonozii na mparcnopmi (MINTT-2023), 24-25 mpasus 2023 poxy

conditions. In: Proceedings of the 2015 IEEE International Conference on Systems, Man, and
Cybernetics (SMC), 9-12 Oct. 2015, Kowloon, China, 1657-1662.

17. Zinchenko Serhii, Tovstokoryi Oleh, Nosov Pavlo, Popovych lhor & Kyrychenko
Kostiantyn (2023) Pivot Point position determination and its use for manoeuvring a vessel, Ships
and Offshore Structures, 18:3, 358-364, https://doi.org/10.1080/17445302.2022.2052480.

18. Hsieh, Y. H., & Lu, C. S. (2014). Using the artificial neural network to explore
maritime accidents caused by human error: an empirical study of Taiwan Strait. Safety Science,
62, 1-8.

19. Yang, Z., Bonsall, S., & Wang, J. (2009). Approximate Markov chain modeling of
the human error mechanisms for maintenance procedures in the maritime industry. Safety
Science, 47(8), 1089-1098.

20. Yilmaz, N., & Celik, M. (2016). Decision-making support through decision tree
analysis: A seafarer selection case study. Safety Science, 82, 366-375.

21. Popovych, 1. S. (2007) Social and psychological expectations in interpersonal
interaction in the groups of cadets of higher educational institutions of The Ministry of Internal
Affairs of Ukraine. Extended abstract of candidate’s thesis. Kyiv: G. S. Kostiuk Institute of
Psychology, NAPS of Ukraine. Retrieved from URL
http://ekhsuir.kspu.edu/handle/123456789/3340

22. Tlomouu I. C. Po3BUTOK Ta CTaHOBJICHHS OCOOWMCTOCTI y BHMipaxX COINIATbHUX
ouikyBaHb. COLIOKYJIBTYpPHI Ta MCUXOJOTTYHI BEKTOPH CTAHOBJIEHHS OCOOMCTOCTI: KOJIEKTUBHA
monorpadis / O. €. bimnosa, C. I. babarina, T. M. [{ynka, A. M. OxiamoBa ta iH. / BiOB. pel.
O. €. bimmaoBa. Xepcon: Bua-so ®OIT Bumemupcrkwii B. C., 2018. C. 80-106.

23. Blynova, O. Ye, Popovych, I. S., Bokshan, H. I., Tsilmak, O. M., & Zavatska, N. Ye.
(2019). Social and Psychological Factors of Migration Readiness of Ukrainian Students. Revista
ESPACIOS, 40(36), 4.

68


http://ekhsuir.kspu.edu/handle/123456789/3340

