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Prediction of drowning person’s route using machine learning

for meteorological information of maritime observation buoy
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[Abstract]

In the event of a maritime distress accident, rapid search and rescue operations using rescue assets are
very important to ensure the safety and life of drowning person’s at sea. In this paper, we analyzed the
surface layer current in the northwest sea area of Ulleungdo by applying machine learning such as multiple
linear regression, decision tree, support vector machine, vector autoregression, and LSTM to the
meteorological information collected from the maritime observation buoy. And we predicted the drowning
person’s route at sea based on the predicted current direction and speed information by constructing each
prediction model. Comparing the various machine learning models applied in this paper through the
performance evaluation measures of MAE and RMSE, the LSTM model is the best. In addition, LSTM
model showed superior performance compared to the other models in the view of the difference distance

between the actual and predicted movement point of drowning person.

» Key words: Maritime distress accident, Maritime observation buoy, Machine learning,
Prediction of drowning person’s route, Surface layer current, LSTM
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. 1. Maritime Distress Accidents from 2015 to 2019
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II. Preliminaries

1. Related works
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III. The Proposed Scheme
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Fig. 4. The Proposed Research Process

Table 2. The original Data

Date W. Temp Temp Pres Wind Wind Spd Current Current Spd

(°C) (°C) (hPa) (16points) (m/s) (deg) (cm/s)
2020-09-30 23:00 22.85 20.05 1012.15 NNE 3.85 202.5 25.9
2020-09-30 22:00 22.9 20 1012 NNE 4.4 180 29.85
2020-09-30 21:00 23 20 1011.95 NNE 5.2 180 27.15
2020-09-30 20:00 22.95 19.95 1011.75 NNE 5.15 157.5 25.6
2020-09-30 19:00 22.9 - 1011.45 - - 180 26.85
2020-09-30 18:00 22.9 - 1011.15 - - 180 18.4
2020-09-30 17:00 22.9 20.35 1010.6 NNE 3.8 135 9.65
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Table 3. The preprocessed Data

Date W. Temp Temp Pres Wind Wind Spd Current Current Spd
(°C) (°C) (hPa) (deg) (Knots) (deg) (Knots)
2020-09-30 23:00 22.85 20.05 1012.15 2025 7.483784 2025 0.5034546
2020-09-30 22:00 22.9 20 1012 2025 8.552896 180 0.5802362
2020-09-30 21:00 23 20 1011.95 2025 10.10796 180 0.5277526
2020-09-30 20:00 22.95 19.95 1011.75 2025 10.01077 157.5 0.4976230
2020-09-30 19:00 229 20.35 1011.45 2025 7.386592 180 0.5219210
2020-09-30 18:00 229 20.35 1011.15 2025 7.386592 180 0.3576666
2020-09-30 17:00 229 20.35 1010.6 202.5 7.386592 135 0.1875806
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3. Structure of Various Models
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Table 4. LR Result of log(Current Speed)

predictor | estimate | std.error | t-value Pr(>1tl)
intercept | 25.59248 | 1.968997 | 12.998 <2e-16 **x
temp 0.003048 | 0.001926 | 1.583 0.114
press -0.026357 | 0.001905 | -13.835 | <2e-16 **x*
wind spd | 0.013341 | 0.002015 | 6.622 | 3.96e-11%xx
F(3, 4533)=161.1, P-values : <2e-16** R’ : 0.10
K P<0.001, ** P<0.01, ¥ P<0.05, .P<0.1
Table 5. LR Result of Current Direction
predictor | estimate | std.error | t-value Pr(>1tl)
intercept | -787.978 217.333 -3.626 | 0.000291*x=*
temp -5.52864 | 0.48426 | -11.417 | <2e-16 **x
w. temp | 3.26961 0.33764 9.684 <2e-16 **x
press 0.94357 0.21096 4.473 7.91e-06%xx
wind 0.09165 0.01330 6.892 | 6.26e-12%xx*
wind spd | 1.37246 0.22356 6.139 | 9.01e-10%xx*
F(5, 4531)=42.09, P-values : <2e-16**, R’ : 0.05
K P< 0001, ** P< 001, ¥ P<0.05, .P<0.1
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Fig. 7. Decision Tree Result for Current Speed
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Fig. 8. Decision Tree Result for Current Direction

3.3 Support Vector Machine, SVM
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Table 6. Tuning summary of Current Speed

Parameter tuning of SVM
Sampling method 10-fold CV
Best parameter gamma : 1 cost : 10
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Table 7. Tuning summary of Current Direction AlC
4.25
Parameter tuning of SVM
Sampling method 10-fold CV €28
Best parameter gamma : 10 \ cost : 1 4.15
4.10
3.4 Vector AutoRegression, VAR 4.05
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Table 8. Differences and ADF TEST Results

Current Speed Current Direction
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P-values of ADF Test : 6.278009e-30 *** P-values of ADF Test : 0.0000000 xx*
6% P 0,001, ** P< 001, * P<005, .P<0.1




8 Journal of The Korea Society of Computer and Information

input: | [(None, 24, 1)] input: | [(None, 5)] input: | [(None, 24, 1)]
mput_1: InputLayer mput_3: InputLayer mput_2: InputLayer
output: | [(None, 24, 1)] oufput: | [(None, 5)] output: | [(None, 24, 1)]
l r l
mput: one, 24, 1 mput: one, 5 input: one, 24,1
Istn: LSTM ! o ) dense: Dense ! ™ ) lstm_1: LSTM ! ™ )
output: | (None, 24, 64) output: | (None, 16) output: | (None, 24, 64)
L / l
input: one, 24, 64 nput: one, 16 nput: one, 24, 64
Istm_2: LSTM L u ) dropout: Dropout L ™ ) Istm_3: LSTM ! Ll )
- output: {None, 32) output: | (None, 16) - output: (None, 32)

N

concatenate: Concatenate

put: | [(None, 32), (None, 16)]

output: (None, 48)

/

dense 1:Dense

input: | (None, 48)
output: | (None, 128)

dropout_1: Dropout

mput: | (None, 128)
output: | (None, 128)

flow: Dense

mput: | (None, 128)
output: | (None, 1)

T~/

input: | [(None, 32). (None, 16}]
output: (None, 48)

concatenate_1: Concatenate

i
input: | (None, 48)

output: | (None, 128)

denze 2: Dense

mput: | (None, 128)

dropout_2: Dropout
output: | (None, 128)

mput: | (None, 128)
oufput: | (None, 1)

flow_speed: Dense

Fig. 10. 2-branch LSTM Model Structure
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Fig. 11. Learning results of 2-branch LSTM Models

Table 9. Parameters of 2-branch LSTM Model

Parameter Value in LSTM
Epochs 50
Batch_size 72
Learning rate 0.01
Activation Function LeakyRelU
Optimizer adam
Loss Function MAE

4. Analyzing the Results by Evaluation Measure
2 ApoAe oA &S LR, DT, SVM, VAR,
LSTME E3| &5 225 BA5[do] o3F . S04 f|o]
Eloh Al 93 - 94 BY 710 QAL 57 MEQ)
MAEQ} RMSE2 245191t} WA] Table 102 AA| 53}

94 AUl 2 o DY - 84 A5 17
52 CAsp 202 DT VARE MRl Lioixl o5
Yse gAl2 M §F 94 JuE mepis 2ol
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Table 10. True and Predicted plot of Prediction Model

Model Current Speed Current Direction
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Table 11. Performance Evaluation Measure of
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Fig. 12. Actual Route and Predicted Routes by Models of Drowning person at Sea
Table 12. Distance Difference Value Between the Actual and Models by Time Period
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