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Introduction. The characteristics of the vessel change significantly over time due to the
aggressiveness of the environment, the overgrowth of the hull with plankton, mollusks, which
leads to the need to periodically refine them by conducting field tests. At the time of field tests,
the vessel is decommissioned, which is associated with financial costs. In addition, the
characteristics of the vessel change between field tests, increasingly different from the passport
at the time of the last tests, which increases the risk of error in various operations (divergence,
maneuvering near dangerous facilities for ships servicing oil and gas platforms, etc.). The
theoretical foundations of classical identification methods are set out, for example, in [1] and
other sources. Classical methods of parametric identification are focused on obtaining estimates
of individual parameters of the mathematical model of the control object. For complex dynamic
systems, which is a ship, obtaining the mathematical model itself is problematic and is based on
the use of empirical formulas and coefficients [2]. All this makes significant errors in the
mathematical model. Many works have been devoted to improving maritime safety, in particular,
the study of psychological effects on control processes, the use of ergatic systems and automatic
modules in automated systems [3-12]. The aim of this article is to develop algorithms that allow
to estimate with mathematical accuracy the maneuverability of the vessel taking into account its
individual characteristics and real parameters of immersion (displacement, depth and trim) by
identifying its mathematical model and its further use to assess maneuverability.

Relevance of research. Recently, neural networks have become increasingly used in
control systems, which has allowed to perform a variety of vessel control tasks, including
identification tasks. Unlike classical identification methods, neural networks can identify not
only individual parameters of a mathematical model, but also the whole mathematical model as a
whole. This is especially important for purely nonlinear control objects, for which knowledge of
the nature of interaction with the immersion medium is approximate (interaction of the propeller
with water, interaction of the jet of water from the propeller with the rudder and hull, shallow
water, precipitation and trim, etc.). Therefore, the solution of this problem is relevant.

Problem statement. In the general case, the vector equation of motion of the ship, as a
nonlinear control object, can be written as finite differences:

X(n+)=FX(n-j),Un-j),P(n-j),j=1.m (1)
where F(*) is a nonlinear operator for converting a sequence of ship state vectors
X(n-j), j=0.m, sequences of control vectors U(n- j), j=0.m and sequences of immersion
parameter vectors P(n— j), j=0..m, on the current and previous steps of calculation in the

vessel state vector X (n+1) in the next calculation step (mathematical model of the vessel).

To identify the mathematical model represented by equation (1), the neural network (2) is
chosen:

[X (n+1)]= NNgyo,[X (n),U (), P(M)] (2

consisting of input, output and one hidden layer. The input layer consists of 8 neurons,
the input of which receives: 3 parameters of the state vector X (n) = (Vx(n),Vy(n),Qz(n)), 2

control parameters U (n) = (€(n),5(n)) and 3 dive parameters P(n) = (d(n), h(n), A(n)) .
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The hidden layer consists of 10 neurons. The number of hidden layers and the number of
neurons in the hidden layers were selected experimentally by training the neural network. The
output layer consists of 3 neurons for deriving the parameters of the state vector:

X(n+1)=Wx(n+1),Vy(n+1),Qz(n+1))

at the (n + 1) calculation step.

All parameters included in equation (2) are available for direct measurement using the
ship's linear and angular velocity sensors, telegraph and rudder angle deflection sensors, as well
as draft, depth of keel and trim sensors. Thus, it is possible to obtain all the necessary training
and reference samples for training the neural network during the normal operation of the vessel.

Research results. The research was conducted in the MATLAB environment. Neural
network learning parameters: array of normalized training samples pn [8x3500], array size of
normalized reference samples tn [3x3500], hidden tansig layer initialization function, purelin
output layer initialization function, trainlm learning algorithm, m001 learning criterion, learning
accuracy epochs 50. Figure 1 shows the results of neural network training on the collected
training and reference samples. The training results showed a good quality of training for the
selected structure.
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Figure 1 — The results of neural network training
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Figure 2 — Modeling results in MATLAB

Figure 2 shows the simulation results obtained using the original model (blue curve) and
the simulation results obtained using the neural network (red line).
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Conclusions. As the results of mathematical modeling show, assessment of the
maneuverability of the vessel using a neural network model synthesized during its normal
operation on the measured parameters of the state and control vector, is possible for all types of
maneuvering (acceleration, braking, change of course, circulation) with high accuracy.
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