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Abstract : Positions of five drifting buoys deployed on August 2020 near southwestern area of Jeju Island and
numerically predicted velocities were used to develop five Artificial Intelligence-based models (Al models) for the
prediction of particle tracks. Five Al models consisted of three machine learning models (Extra Trees, LightGBM,
and Support Vector Machine) and two deep learning models (DNN and RBFN). To evaluate the prediction accuracy
for six models, the predicted positions from five Al models and one numerical model were compared with the
observed positions from five drifting buoys. Three skills (MAE, RMSE, and NCLS) for the five buoys and their
averaged values were calculated. DNN model showed the best prediction accuracy in MAE, RMSE, and NCLS.

Keywords : drifting buoy, particle tracking, machine learning, deep learning, numerical model
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Fig. 1. Initial positions for the five deployed buoys in this study.
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Table 1. Overview of collected drifting buoy data
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Buoy Buoy . . Number

data code Location (WGS-84) Period of data
I-1 32°56.209N 125°49.953 1 Aug~2 Sep. 2020 1,382

Trainin 12 32°43.507N 125°38.344°E 1 Aug~28 Oct. 2020 2,464

aset 8 I3 32°29.857'N 125°31.069E 1 Aug~5 Oct. 2020 2,283
14 32°21.005N 125°21.547E 1~8 Aug. 2020 212
I-5 32°7.570N 125°12.499°E 31 Jul~2 Sep. 2020 1,077
IE-1 32°59.483N 125°58.283E
IE-2 32°51.267N 125°45.700'E

:eeit IE3 32°30.083N 125°35.567E ~1293 i‘f’ 22002211 eiglobfzg
IE-4 32°20.167'N 125°22.517E & Y
IE-5 32°5.467N 125°9.350'E
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Table 2. Overview of two numerical models for producing input
data of particle tracking model

Category (model) ROMS WRF
Number of grid 610 x 642 270 x 270
Horizontal grid size About 3 km About 4 km
Output data Current (U, V) Wind (U, V)

Interval 1 hour
Period 1 Aug.~28 Oct. 2020

19~24 Aug. 2021

AR (IE-1~5) A4 2de] 27 Jrhe 93t AoAts
(test set)= E-&-3}31Tt.
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(D Deep Neural Network(DNN)
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Table 4. Test data for skill evaluation
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Table 3. Training data for particle tracking model

Category Contents
Period 1 Aug.~28 Oct. 2020
Predict interval 30 min

X, Y coordinates

Input data U, V current data of ROMS numerical model
U, V wind data of WRF numerical model
Output data X, oY
distance)= 7|RFO 2 FAMES SA S} w3l B AR

Al 1R o] =8k (Sigmoid function, SAFS &)L slo]oi =€
BRI E Sh= thal 719-A1QF $=(Gaussian function)E A
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7 d]o A
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aage AN
(scikit-learn) 1.0.13} X Z2 % (tensorflow) 2.3.0 HAS 3L
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Point Location (WGS-84) Predict period Predict interval
IE-1 32959.483'N 125°58.283'E

IE-2 32°51.267N 125°45.700E 09:00 19 Aug.

IE-3 32°30.083'N 125°35.567E ~13:00 23 Aug. 30 min
IE-4 32920.167N 125°22.517E 2021

IE-5 32°5.467'N 125°9.350'E
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Table 5. Hyperparameters for five Al models

ot
M
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Hyperparameter ET LightGBM SVM DNN RBFN
X Y X Y X Y X Y X Y
Loss function MSE MSE MSE MSE MSE
Max depth 15 -1
N estimators 200 50
Objective Regression
Num leaves 31
Boosting type GBDT
Optimizer Adam RMSProp
Hidden layer 1 (64 nodes, Relu) 1 (50 nodes)
Batch size 32 32
Learning rate 0.1 0.01 0.001
C 30 1
Gamma 0.1 0.5
Kernel linear poly

Description of Hyperparameters

Loss function

The function that quantifies the difference between the expected
outcome and the outcome produced by the machine learning model

Max depth

The maximum depth of the tree

N estimators

The number of trees

Num leaves

The number of leaves in the tree

Boosting type

RF (Random Forest) / GBDT (Gradient Boosted Decision Trees) / DART (Dropouts meet
Multiple Additive Regression Trees) / GOSS (Gradient-based One-Side Sampling)

Optimizer Algorithms used to minimize an loss function
Hidden layer The layer located between input and output layer in neural network
Batch size The number of samples to pass to the network at one time

Learning rate

The tuning parameter in an optimization algorithm that determines the step
size at each iteration while moving toward a minimum of a loss function

C Regularization parameter. The strength of the regularization is inversely proportional to C.
Gamma Kernel coefficient
Kernel Specifies the Kernel type to be used in the algorithm.

2o AE vlwskr] 918 4
o7 AFE FH 37HA
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0 (S>n)

U502 2)(8)2] RMSE(Root Mean Squared Error) 7

Ao oAfSgh pel A5 0, ALel9] Aol
Al S Algsto) wla) AR} AR 7 glo] AR

AFE
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o e

®)

o

upx]ulo 2 219)2} 2](10)2] NCLS(Normalized Cumulative
Lagrangian Separation} Liu and Wiesberg(2011)°] A3t

BT, o7\, di= BAEA ¥ Bele] A Yehd 1=
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ol el Joj&= - 4 9lom, §S #hel 10l 7t
= TS e 3 7l o7 wtke 5= QItK(Table 6).
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Table 6. Explanation of skill assessments

77

Skill assessments

Explanation

MAE (km) Demonstrate the error quantity as a number.
RMSE demonstrates the error quantity as a number.
RMSE (km) The larger discrepancy becomes, the bigger average error is.
NCLS SS values change with tolerance threshold 7.

SS=1 (Perfect simulation); SS=0 (No skill)

Table 7. Skill evaluaion for six particle tracking models in the test set

MAE (km) RMSE (km)
Model Point NCLS
X Y X Y
I-1 19.44 21.01 17.77 17.42 0.74
-2 17.29 14.62 15.27 13.67 0.73
-3 737 21.23 6.46 15.74 0.73
ROMS -4 19.29 15.54 17.22 13.81 0.75
I-5 1422 19.94 1227 14.72 0.82
Average 15.52 18.47 13.80 15.07 075
Mean 17.00 14.44 i
I-1 9.84 20.50 7.58 17.59 0.80
-2 7.45 10.11 5.48 7.02 0.88
I-3 7.06 23.75 5.98 16.52 0.71
Extra Trees I-4 6.48 21.93 5.77 20.14 0.76
I-5 13.47 7.05 12.19 5.69 0.87
Average 8.86 16.67 7.40 13.39 f
Mean 12.76 10.40 ’
I-1 11.78 16.19 8.90 14.00 0.82
-2 831 10.28 6.95 724 0.86
I-3 5.79 21.20 4.96 1523 0.75
LightGBM I-4 5.79 35.85 491 33.16 0.62
I-5 8.20 5.81 6.84 4.74 0.92
Average 7.97 17.87 6.51 14.87 0
Mean 12.92 10.69 ’
I-1 12.05 30.47 8.98 2630 0.71
-2 497 6.56 4.15 5.20 0.91
I-3 532 21.66 4.67 15.49 0.75
SVM I-4 7.71 12.52 6.89 11.25 0.85
I-5 19.95 16.15 17.87 13.48 0.79
Average 10.00 17.47 8.51 1434 0.0
Mean 13.74 11.43 ’
I-1 4.69 11.79 3.28 10.82 0.88
-2 11.17 12.26 8.64 837 0.84
I-3 5.66 23.65 4.82 17.05 0.72
DNN I-4 4.17 14.92 3.34 14.92 0.84
I-5 6.38 5.50 5.05 3.98 0.94
Average 6.41 13.62 5.03 11.03 04
Mean 10.02 8.03 ’
I-1 27.41 28.19 21.19 24.59 0.65
I-2 18.32 7.85 16.43 6.43 0.77
-3 18.14 20.69 13.64 14.64 0.70
RBEN -4 18.10 11.64 13.71 10.01 0.79
I-5 9.52 23.04 7.85 19.37 0.81
Average 18.30 18.28 14.56 15.01 074
Mean 18.29 14.79 ’
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Fig. 2. MAE and RMSE for six particle tracking models.
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