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Prediction of Vessel Load Based on Vessel Automatic Identification System and Artificial
Neural Network
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School of Information Science and Engineering, Lanzhou University, Lanzhou 730030, China
Abstract Traditional acquisition methods of vessel load are mostly based on manual observation, empirical calculation and regres-
sion analysis. These methods are usually difficult to operate, which may also have a low level of automation. On the other way.the
calculation process is full of a large number of outdated empirical values and statistical formulas which sometimes need to be up-
dated timely with the changes of vessel type. At present,it is a difficult task to obtain vessel’s dynamic load all around the world.
This paper presented a prediction method of vessel load based on vessel automatic identification system and artificial neural net-
work ,analyzed the mathematical relationship between vessel’s length, breadth,draught, vessel types and vessel load, established a
multi-layer artificial neural network with Adam-Dropout optimization,found out the best input types of artificial neural network
and its suitable vessel types. Experiments show that the prediction result is the best when the inputs of ANN are length, breadth,
draught and vessel type,the MAPE values of ANN can reach to 7. 63% while the minimum APE value reaches to 0. 05%. The
prediction result is the best when the number of hidden layers is 4 and the number of neurons is 11. The method is suitable for
crude oil tankers,bulk carriers,chemical tankers,container vessels,liquefied natural gas tankers,liquefied petroleum gas tankers,
oil products tankers,grocery cargos and refrigeration vessels. The MAPE values of them are all less than 15%.

Keywords Vessel load,Draught, Vessel automatic identification system. Artificial neural network,Mean absolute percentage error
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Fig. 1 Schematic diagram of vessel load forecasting method
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Table 2 Prediction of vessel load with different Input combinations

il bR
%Afﬂ/a\ . % . P15 %
RMSE/t MAPE/% RMSE/t MAPE/%
K E L AREE 8616. 69 16. 10 9530. 08 14. 61
KEHE LKEE 4789.57 10. 00 6737.93 11. 36
KELHE CLKRE
) 3215.52 6.99 3381.49 7.63
A 2 AL

BE AL A B 300 AN A 74 56 J1F F50 00 24 5% , A A0 8 A 900 (A
AR LR AR M 4 s, WA R LB, e S B S
HRWIELES . IRK APE %20 38.32% . fi /N APE %
#H50.05%,

40 000
30 000 {5
20 000
10000 | ofb

AR E/

FMR £ APE/%

T 00 5 "0 “500
MAREAE 5
PR A S AP 2 0 A L S Y M AR
Fig.4 Comparison of predicted values and real values

Sz BB R U 100, B4R
BEECH 1~50, B & EM &I ECN 3~13, FLImEs R A 5
FoR R RS R)IREC R 4 B & )R 20 B0 11 B, 50 5%
BB T RMSE 5% 22 5/, 4 3525, 66 t, MAPE iR 2%
8.70%.

60 000
|
= 50000 ‘
8 \ /
%) —— RABNHET
S 40000 —BAEIRET
& -~ A AE T
30 000 — BEE6AHE T
i - RAET AT
% »om o RAEsNmET
= B S Vs
|| i
10000 & l > BEELRMET
o REEBMIZ T
0 10 20 30 0 50
[S=2¢ 9]
B 5 B IR BR8N )
Fig. 5 Influence of number of hidden layers and the number of

neurons on prediction
BI 3 WESHRIERBHENAREEMETAH
S 11, AR B BUEE [ 24 (100,11 000) . 2 R 100, Hit 5k
P K/NH 20, S B H AR AN S B HEAT 43 B 0 R [6) 5 20
FIRE AN 53 R AT 5250, S B 25 Rk 3 in g,
3 AIF ST AR T 45 R

Table 3 Prediction results of different types of vessel
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Fig. 6 Load prediction results of different type of vessel
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Fig. 7 Dynamic load prediction result of crude oil vessel
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