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In difficult navigation conditions, there arise situations associated with multifactoriality
[1,2]. The navigator experiences difficulties in such situations, especially if he does not have
sufficient experience [3]. This happens when the situation that has arisen is close in its context to
those ones that were encountered earlier, but in reality, differs in its parameters [4].

In such situations, the navigator has a high probability of error. Considering the limitations
of the size of the locations and the ship's inertia, a tactical error while performing a maneuver can
have negative consequences [5]. In order to prevent such incidents while sailing, it is necessary to
create decision support systems. You also need to take into account the large amount of navigation
data that arrive at the captain's bridge at the same time [6,7]. Such data are difficult to process in
real time using standard statistical methods. To process them, it is necessary to use more complex
systems that are based on the use of artificial neural networks.

Let us consider the implementation of this task in the form of a classification of the phases
of a previously identified navigation situation in the port of Dover. The problem of comparing
incoming navigation data with previously formalized hazardous situations associated with
discrepancies with several ships is considered.

A method is proposed for using automated neural networks for processing a multifactor
array of navigation data when performing complex maneuvers:

1. Give the priority of the operation of decision-making moments in taking into account
ships - targets in the immediate radius, it is proposed to form the situation in the perspective of
phases of events.

2. There are four phases of the situation and codes for training (Train) and control (Select)
samples;

3. Consider the feature space for navigation data. To do this, build a graph of categories -
scattering diagrams with overlap.

4. Then, select the variables for the primary classification of the situation (Fig. 1).
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Fig. 1. Graph data for primary classification

As it can be seen from the graph, the navigation situations are visually well separated in
relation to the "Phases of the situation™. Thus, a preliminary analysis of the data showed that the
task can be classified as areas of display of classification features that are logically related.

5. For a deeper analysis of the data, with their number of variables, it was decided to build
neural network classification models (Fig. 2).
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Fig. 2. Adjust the feature space for classification

The obtained data indicate high accuracy of modeling.

6. We will conduct an interactive study of the neural network based on 1000 epochs of
modeling. As you can see, network performance ranges from 84 to 100%, which is quite high in a
large array of navigation data.

7. Next, build multiple subsamples. Let's increase the data of the neural network: up to 2000
epochs and the number of hidden neurons - 20. This will clarify the elements of network modeling
based on a multilayer perceptron.

The obtained data indicate a deeper processing of the neural network MLP 19-25-6 with
performance indicators of 94.7%. Thus, this network can be taken as a basis for identifying the
phases of the navigation situation in the port area of Dover.

8. Thus, we choose the most effective neural network model Ne7 and perform its detailed
analysis (Fig. 3).
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Fig. 3. Analysis of the effectiveness of the network 7 MLP 19-25-6

Analyzing the distribution of "Unidentified" situations, we can see that the distribution is
quite significant, in turn, the distribution of distances to the courts of objectives 1.2 shows that the
situations have their localized centers, characteristic of the phases of maneuvers. Thus, to identify
situations, it will be sufficient to form models according to the parameters of distances to the
nearest target vessels in the field of radar display or ECDIS. In turn, an indirect sign, with a normal
distribution, for identification can be the course of your own ship, the distance and the course of the
nearest ship - the target. This feature coincides with the rules of the MPPSS on the observation and
execution of maneuvers while controlling the movement of the vessel (Fig. 4).
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Fig. 4. Graph of identification of phases of navigation situation in difficult navigation
conditions

Thus, the process of modeling and classification of the phase of the navigation situation was

carried out at a sufficiently high level, as evidenced by the obtained data of automated neural
networks. The obtained models make it possible to predict the occurrence of dangerous situations
and their phases in the conditions of on-line observations of data of navigation information
networks.
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