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[Abstract]

Red tide outbreaks cause severe damage to marine ecosystems, necessitating robust early warning

systems. However, traditional models based on single data sources struggle with the nonlinear
complexity of environmental factors. This study proposes a multimodal prediction model integrating
GOCI satellite imagery and oceanographic numerical data. By combining spatial-temporal satellite
features with time-series environmental variables, the model predicts red tide occurrences across 31
Korean coastal regions. The proposed model achieved a Precision of 0.64, Recall of 0.82, and Fl-score
of 0.72, significantly outperforming existing LSTM-based methods (Fl-score = 0.574). These results
demonstrate the potential of multimodal integration for real-time red tide forecasting and decision

support.

» Key words: Multimodal Artificial Intelligence, Red Tide, Deep Learning, LSTM, Cross Attention,
Multi-Head Learning
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I. Introduction
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3] H(Linear Regression), SVM(Support Vector
Machine) & HMEA HAlZ{dEE CNNs(Convolutional
Neural Network), RNNs(Recurrent Neural Network)
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II. Preliminaries
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1.2 Multimodal Artificial Intelligence
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1.3 Convolutional LSTM(ConvLSTM)
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2.1 Satellite-based Red Tide Detection
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2.2 Numerical Data-based Red Tide Prediction
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2.3 Multimodal Approaches for Marine
Environmental Prediction
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Table 1. Existing studies on red tide detection and prediction
Reference Data Type Method
[6] Image(PlanetScope Satellite) U-Net
(7] Image(GOCI Satellite) U-Net
[8] Image(Sentinel-2 Satellite) CNN-based model
[9] Image(SAR satellite) Deep CNN
[10] Numerical Ocean Data LOgIStIF .Regressmn
Decision Tree
BPNN
[11] Numerical Ocean Data GRNN
SVM
SVM
[12] Image Spectral Feature Random Forest
[13] Numerical Ocean Data LSTM
[14] Numerical Environmental Data RandoSrCMForest
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3. Differentiation from Previous Research
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III. Data Preprocessing
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2. Data Analysis and Preprocessing
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o AlA] &hgofl AR g2 86.127499t. o= AR 2
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Multi-head Structure
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2.1 ConvLSTM Based Visual Encoding Module

2 A= ConvLSTME A8st J4 2] B52

A5t} s Rl 22 It fRLf AIAE %%a

EAlo] wejets A% o5 REg AR £ e
(0]

A U o S ol euele 2T F T
o 7|8 Alo|E XS Sl HEIE 73 e = 1t Q)
DS BEST FEOIA AT FEES FARI ol
2] 522 Fig. 2.9] &30 AAEHIC ol Al
M LRI YO st &3 2o Blsh FA A
Aol SJESH: WAL 1ES o QB ZARIES
gt

Algorithm 1 ConvLSTM

Input : X € REXTXCnxHxW
Output : Hy.p € REXTXCrxXHXW

L (Ho, Co) < (0,0)

2. fort<1toTdo

3. Z; « Concatepgn (Xey He—1)

4. (T3 T, Ty) « Split(Conv2D(Z,), 4)

5 iy o, fr < o(ly)

6 0; < 0(T,), g < tanh(Iy)

T CefiOCG a1+ Oy

8.  H; « o O tanh(Cy)

9. end for

10. return Hy.p

Fig. 2. A Pseudo Code of ConvLSTM

ZE AEoIM /s 71 AlolE ditez /A A
ElS ZBAISHL, o2 AFEOR Aol i AlTAL)
AE7 BES PP

2.2 PhasedLSTM Based Temporal Encoder
Module

£ AN A5E0| 21 BE o] L 34| Al
AGL xmop] 9Jsll PhasedLSTMS -85t A|AE A
2] 255 Al & 252 ARF AI°IE k5 S5l
=4 AVEOIARE R ElolES eleln 1 ¢ a7t
oMe ol HHiE AT ezN B4 AEFat ol
EZ Ql2lo] Exfst ARtoA T 43 oA} AL 88
2 SAlo FHEs=E YH. ol2feh X2] 552 Fig.
3.9] S5 0] HASHTH

P

Algorithm 2 PhasedL STM
Input : X € REXT*P (optional) timestamps t,
Output - hy € REXH (or Hy.p)
(ho. o) « (0,0), T « exp(rparam) Ton < 0(Ton), s < 0(s)
fort<1toTdo
time « (t —1) ort,
& « fmod(time —s O 1, 1)/T

202D <1
Ton
Ton)) - 0.1, else

(P =7n) /(1 =

—

= owow

v

6. (i, f, g, 0) « LSTM _Gates(X¢, he—1)
7 GefOeq1t+iOg

8 ek QG+ A —k) Oy
9 hy < ke © (0 O tanh(cy)) + (1 —
10. end for

11. return hy(or Hy7)

ke) © hey

Fig. 3. A Pseudo Code of PhasedLSTM

ZE APHolM ARZE APIE £ 3 A S1 e 7
N k2 Bt BE T 00|42 BRad A
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2.3 Cross-Modal Attention Fusion Module
Fig. 4.3} Zo] &A1& §3F B 2z, = [g:c,]ER
ol 77| Bx Us st o5 fxo] AR F
ZelEoA E2 He YA HEE e Ax T
S Az Pk

H,+E

1 o

o]

Algorithm 3 Cross Attention
Input : g € RB*Pa,p € REXDv
Output : ¢ € RE*4

L. Q « qW, K < vW,,

T

Vd

V «vlW,
2. a « softmax(—=)(single — token = a = 1)

3. c«al
4. returnc

Fig. 4. A Pseudo Code of Cross Attention

2.4 Multi-Head Structure
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%E€0,1,p=0(z) (10)

N
— Y Gt ylog(h) t w1y leg1-5) (1)

ARsl 1, 24} BHE £4 7]uto] Adam L TR)ES

3
Agsto] QR 2 458 ol

rok

3. Experimental Setup and Hyperparameter Tuning
Aiet o] AR s Ut mEPUE e F
1.435.9367f0l0] Ao RE A1B7 B 2%
ConvLSTMO] 2653447, AJAIE =
PhasedLSTMo|| 273,1527§7F S| Qict. 5t @ 2]E]
7 S Ydsh= Cross Attention 41,3447Y, X|o&

4o 4o
ro ok o

5/4S WIsh= £ =+ 856,096719 mietulE =
o] Qlot. =3t UA 29 EEAMY addE AEst

71 Slsll &2 ARFe 5743t 2t Batch size 4 7|&
27,662+ 1,108 ms/batch& 7]=5}3iTt
& A9 A ol e €742 Table 3.9F 2t

Table 3. Experimental Environment Specifications

Category Specification
CPU Intel Core i9-12900K @ 3.2 GHz
Logical Processors 24 Threads
RAM 64 GB
GPU NVIDIA GeForce RTX 3090
VRAM 24 GB
Operating System Microsoft Windows 11 Pro
. Python 3.10.18
Development Environment PyTorch 2.8.0+cu126

2 S50 ALGE 0 stolnimetoleiet 3t 4
o thgat o] Agstict

Table 4. Hyperparameters and Experimental Settings

Category Value
Batch size 4
Learning rate 5%x10 °
Epochs 100
Optimizer Adam
Adam 5, 0.9
Adam 5, 0.999
Adam € 1e-8
Random seed Not fixed
Number of Parameters 1,435,936

B oJLoj|x] Al 588 A] random seedE HWEE 11
JSHA] 4ttt HlolE &2 8 HlolE(Train set), 4
Z go]E{(Validation set), 7} glo]E{(Test set)2 14

%] Validation set> 29| stojmujzfule] & AAZF

(threshold) 274 ¢l 7|&L2 AR 21F d5
ke ot Aol AFEA] 92 Test set2 Sl 4+

steict.

V. Research Results

AR HH\Ho] 15| 7<7]7<40] x}ﬁ &V\]'O]Ei Oﬂé EI_E4E1

AR 02 WA 0|2 9
(o]

Y

o)

2 452 EY 4 ot OepA Y =(Precision), i
&(Recall), Fl-score®} &2 Al X£E SARC
2 Jeofjo gtrj{16]. 7]& FRIoAE L5 Hln 2H

o r

sl Accuracy9t H1E|1  Precision, Recall,
Fl-scorew AAIEA] 2 4971 It olof s ]

W PEE2 Ut golgAlnt HrF 270 AR AA
A5t Accuracy® ofyzt  Precision, Recall,
Fl-scoreg 25 AH&E5IQly o5 BlwEO| §HPFo R

W AR et BAE W)

Table 5. Performance comparison of red tide occurrence
prediction models

Research Models Fl-score | Pre | Recall | Acc
Ours Multimodal 0.72 0.64 0.82 | 0.99

BPNN 0.17 0.12 0.31 0.75

[11] GRNN 0.15 0.1 0.28 | 0.78

SVM 0.21 0.16 0.35 | 0.86

[13] LSTM 0.574 0405 | 0.96 | 0.89

Random Forest
[14] SVM 0.63 0.64 0.63 | 0.98
Ao 2EE =3 45 NE=R Hrih A,

Fl-score 0.725 7]=510{ Table 5.2} #o] 7|& LSTM
29 O] oF 0.15 oYY ¥ FHS BACL ol
NDVI 913 94} ol 441 Al2g SU% weed 7
w7} T AP BN AR WY 28 0SS
o ansoz Wee UEdt

71& U-Net 5 28 7|9F 242 ALS & X|(Detection)
o S2t=fo] vlef of|5(Forecasting)o] oj¥ti+= A7}
9o} ¥ mdle ConvLSTM, PhasedLSTM, Cross
Attentiong 25l Als{t Higl} 23 HEdS SAl
Stetoey HAN ZErt Jhesith Aatslog Ao
o2 7|E o 29 O s i AR dade

Aol 2/l

rlo
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Table 6. Representative Cases of Red Tide
Occurrence Prediction on the Test Set
Date Station |Ground Predict.e.d Fi?al. Case
Name Truth |Probability| Prediction | Type
2020-08-14| Zlsffzt 1 0.9132 1 TP
2020-08-21| SF A 0 0.8441 1 FP
2020-09-02| 11/dgt 1 0.4723 0 FN
2020-09-07| &gt 0 0.0312 0 TN

AlRb w2 AR HE dlolE o tisfl =2 Al& =9 &
2 Aus w9t} 20208 84 149 ATt Al oA
0.91329] l':‘t g2 Az WS A" AE5(True
Positive)s}t3i o 0}
P2 #gER 9 AEe Aer WE(True
Negative)stgict. ®lH 8¥ 214
(False Positive, 0.8441)
(False Negative, 0.4723) At s &79] 248t b
NI AEHOR Qg dl50) doleg ueidh. ol
g R e BAS Ao ndlo] U AA1E ¢
sfeie] Hersel 4ol golulsk] wgstn e L

Epdict

gﬂJL

1. Ablation Study

2 AoIAl Alokshe elng meolg)ao) 1AK
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ConvLSTMERS AHE3HS mj9] Fl-score= 0.082
st9ick. ol U dlole] Axpto s Bl of o
73 visket Az Al V1S 22s] Astrloll eAE 9l
o= UEHT 9 & RPRjEl S Rr18oR Aget A
OF @0 ().729] Fl-scores E@AJ519i0on o= 7 &

& O] des tiE AR Az 2Z2fE] 7] AU

7=

Olt

)
=
[}
Q
@
o
E’,
or
(=)
OO
=
>~
:1:1
%
[0}
Q
1=
rlo
(=)
9
o~

0.442 L}E}L} x]o} Etﬂoﬂ Hjo] Lo ML
+ PhasedLSTMo| A5t & 7‘_}7_1% 7r= ]
oleo] tsl e} egAal st Tisae st

223 914 olulA] dlojel2 RGBS AHEE A%, AL
Z(Precision)= 0.48, KH%%(Recall)Q 0.54, Fl-score
7} 0.51= NDVI 7|8t 9]&2 A}R35t= 74 QHr} e A

Sg uoitt, oleiet 23k NDVD} 9S4 T B 5
9% 9gelel 5 et B g B WelE et
2oz B 4 9eL Julalct

VI. Conclusions
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