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DETERMINING OPTIMAL PARAMETERS OF A NEURAL NETWORK
FOR SEA ICE THICKNESS PREDICTION

In this paper we consider the problem of determining optimal neural
network architecture in order to predict ice thickness. This paper puts forward
an approach to determining the number of neurons in the intermediate layer.
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Pozensioaemvcs numanus GU3HAUEHHA ONMUMANLHOL apXimexmypu
HetpOHHOI Mepedrci 0l NPOSHO3VEAHHS MOBWUHU Tb00Y. [Ipononyemuvcs nioxio
00 8U3HAYEHHS KITbKOCMI HEeUPOHI8 HA NPOMINCHOM) WApi.

Knrouosi cnosa: n160008iHa8AHMANCEHHS, HEUPOHHI Mepedici, YUCIOo
HeUpoHis, aemomMamuyHe nPOSHO3Y8AHHS, OKeaHOMEXHIYHI Cnopyou.

Paccmampusaemces onpoc onpedenenuss OnMUMAIbLHOU apXUMeKmypbl
HeUpOHHOU cemu OJisl NPOSHOZUPOBAHUS MOAWUHBL 1b0d. [Ipednacaemcs noo-
X00 K OnpedeneHuio Koaudecmeaa HelpoH08 Ha NPOMENCYMOUHOM Coe.

Knrouegwie cnosa: nedogvie nazpysku, HeUpoHHble cemu, YUCI0 Helpo-
HO8, A8MOMAMUYECKOe NPOSHOZUPOBAHUE, OKEAHONEXHUYECKUe COOPYIHCEHUSL.

Offshore energy resources development refers to the most promising and
important areas of economic development. Currently, operations in this direction
are carried out by the State Joint-Stock Company (SJSC) «Chernomorneftegazy,
the main facilities of which are located on the shelf of the Azov-Black Sea basin.
Every year in winter those areas are covered with ice. In order to provide reliable
and long-term exploitation of those facilities one has to estimate parameters of ice
loads impact on them [1].

Ice properties produce great influence on ice loads. When calculating
ice loads at early stages of designing one uses standard value of ice parameters,
though there is no consistent approach to selecting such parameters [2; 3].
Some researchers suggest taking the highest possible values as calculated ones
from the available line. Others recommend inputting the most probable values
into calculations. While taking into consideration the physical picture [4] of the
drift ice interaction with objects in the specific areas of the continental shelf the
latter approach is the most reasonable.

The object of the article consists in selecting an optimal neural
network architecture, which allows predicting of ice thickness. The main factor
influencing ice loads value and is required for accounting in the
oceanengineeringconstruction practice when automating calculation is the
computative ice thickness [5].
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Automated ice thickness prediction using information technology and
neural networks in particular is one of the most up-to-date methods of estima-
ting changing of ice cover and thickness.

When building a neural network one of the major problems is the one
of selecting optimal neural network architecture. This article discusses
selection of neural network architecture, in particular the selection of the
number of neurons in the intermediate level.

The principle of building a model of a hybrid neural network. As a
tool which allows predicting sea ice thickness in the Azov Sea for calculation
of the load estimation, while analyzing time-varying specification, we select a
neural network of direct propagation, which is a gradient descent algorithm.

A model of a neural network, which has three layers including an input
layer, hidden layer and output layer has been worked out. The number of
neurons in the each layer is n, m and / respectively.

An important stage when designing a neural network is a process of its
training, which looks like this [6]. The initial weights W;, W, and the
thresholds @, @, of the neural network aregenerated by a random sequence

mat-ching as being the given data. The common sigmoid function with a single
slope parameter and range [0,1] is selected as an activation function between
the layers of the neural network

1
- - (D
/0 I+expéx)

QO groups of training samples

X, ={xp1,X0-- X, S p<O)

should be introduced to the neural network, and then the total average error of
the neural network is calculated
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wherein [, . is the overall average error from the Qgroups of training

samples, TkP and VLp are the expected and the actual outputs of the neural
k

network respectively.
Matching algorithm function is the following

F, = 1 (3)
1+ E usk
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wherein [, is a matching to the V' * svalue in the sample, and £ Y MSE is the
average error of theV’s value (1<v< N). Considering the principle
«survival of the fittest», we mention that the matching between the selection
process, the selection probability pgis calculated using (4), so that the

selection process will be completed.

i “4)

U =ap U+ (=a)pgU) =Pt (- ) - P,
2 /(U

i=1

In the relation (4) o, ff € [O, 1] are the constants, (U i) is the mat-

ching function, Ci is the concentration of the initial population problem U * .

Adaptive crossing probability Pc and the change probability Pm are
calculated using (5) and (6) respectively, the crossing processes and changes
will be completed, so that the new generation values are generated.

kl fmax_fm
Pc = fmax_fMSE
kZ’fm <fMSE

o Sm 2 Fuse | (5)

wherein ki ky € [0,1] are the constants, fmax is the highest matching in the

population crossing, f m 1s the highest matching of two crossed individuals

and fuse is the average matching of the current population.

k3 fmax _fl
Pm = fmax _fMSE
kas J1 < fuse

J12 fuse |, (6)

wherein ks, k4 € [0,1] are the constants, fl is the individual’s mutation.
The calculation is in progress until the average error from the optimal
value F ) op satisfies £ o < g, wherein €] is the global search accuracy.

An adaptive algorithm is used for the neural network weight and threshold
optimization using (7), until the average error of the optimal value E, o

satisfies F MSE < E2> wherein &y is the final accuracy.
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OF avg (7)

A= o

wherein AW is the weight adjustment, 7] is the training rate and is calculated
using (8)

1.057(K), if Eygs(k +D)<E,55.(k)
Nk +1)=10,7(Kk), if Eyyep(k+1)>1,04E,0, (k) b. ®)
nk), another

After all operations trained weights W;, W, and thresholds @1 , @2

of the neural network preserve and are ready for the testing samples.

Selecting the neural network architecture. When building a neural
network one of the major problems is the one of selecting the optimal neural
network architecture. Typically multilayered, and most often three layered
neural networks of direct propagation are used when predicting the timing
series. The external view of such network is presented in the figure 1.

Input Hidden Layer Quiput
Layer Layer

Fig. 1. The external view of the direct propagation neural network

And the standardized sample in this case will take values in the range
[0-1]. Standardizing allows improving the rate and quality of neural network
training. Let us consider ice thickness predicting problem. Experimental data
are given in the table 1.
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Table 1
Ne  |Windspeed, Water Depth, Saltiness, | Icethickness,
mps Temperature, °C m % sm

1 11 -0,2 3,73 1,01 35
2 10 -0,2 3,69 1,03 40
3 10 -0,4 4,0 2,34 35
4 11 -0,4 5,82 6,05 40
5 8 -0,4 7,0 6,66 30
6 10 -0,7 8,08 9,4 20
7 10 -0,7 8,29 11,51 20

8 17 -0,7 8,79 11,22 25
9 0 -0,8 12,00 11,89 40
10 9 -0,8 12,48 11,83 50
11 8 -0,8 13,00 11,86 40
12 6 -0,8 12,28 11,12 30
13 6 -0,8 12,00 11,41 40
14 4 -0,8 11,00 11,70 30
15 6 -0,3 6,61 11,60 25
16 0 -0,2 7,43 11,53 25
17 0 -0,5 6,89 11,72 30
18 17 -0,8 11,27 11,64 40
19 15 -0,8 11,00 11,35 40
20 10 -0,7 11,00 11,24 50

Parameter values are fed to the input, and in output we get the
prediction value. Mathematical formulation of the problem can be described as

follows. Suppose we are given a sample {xi, yi}?zl wherein  X;is the
parameters vector describing the precedent, ); is the value of the dependent
variable in the I precedent, 71 is the number of precedents. We need to build a

neural network that allows getting the prediction y = f'(x). For the case of

multifactor dependency the input parameters can be described in the matrix
form Y i and the prediction needed as following 3 = £(x).

The problem solution of building the predicting network can be carried
out in several stages:

« Selection of the network structure:

« Input data preparation.
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The preparation of data that will be used for the network training is in
progress at the second stage. Most often such preparation comes down to sca-
ling or standardization of data. The following functions may be used for it

o a,—Ma 1 1 =n
a, =——F—; Ma=—) a; — L 2
'Da n; Da n—lgi(al Ma)
or
" 4 =G min |
ai R
ai,max_ai,min

We will use the first 15 rows for the network training, and the last 5 to
verify the functionality.

Network parameters calculation (with one hidden layer):

« We determine the number of inputs N, =4;

« We determine the number of outputs Ny =1;

+ We determine the number of trained samples O =15;

o We calculate the estimate of the required number of the synaptic
weights N, based on the inequality [7]

N,Q o . )
I+log, (0) <N < Ny(Nx +D(Ny+N,+D)+ N,

The estimate of the number of neurons in the hidden layer is calculated
using the relation [4]

_ N, (10)
Ny +N,
It is possible to use another formula for estimating the neurons number
[4]
0 0 (11)
NN, SNSZ-N N,

Using (9) and (10) we get 0,6 < N <5,9. Using the inequality (11)
gives the following result Q< N <2,5. Thus let us take the neurons number in
the hidden layer as 2.

Conclusion.We have considered the problem of determining the
number of neurons in order to select the optimal network architecture that
allows predicting ice thickness in the Azov-Black Sea basin. Using the
suggested algorithm will allow selecting the number of neurons with regard to
the data amount and required data accuracy.
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The calculations showed that the optimal number of neurons in the
intermediate layer for the network considered is two neurons. We plan to
conduct numerical experiments using the gotten network architecture for
getting predicted values of ice thickness and verification with field data.
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