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Performance Analysis of Significant Wave Height Prediction under
Different LSTM Model Input Conditions
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Abstract : In this study, a Long Short-Term Memory (LSTM) model was employed to evaluate the prediction
performance of significant wave height at eight coastal stations along the Korean coast, and to analyze how
prediction performance varies with input conditions. Input length, input variable configuration, and prediction lead
time were defined as key design variables, and model performance was compared under different conditions. The
results show that the optimal input length varies by station, while stable performance is generally achieved at 24
hours. In terms of input variables, the use of multiple variables improves prediction performance compared to a
single variable, and the best performance is consistently obtained when nine variables are used across all stations.
Model performance decreases with increasing lead time. High accuracy with low error is observed for short-term
predictions (1~4 hours). Performance remains within RSR < 0.60 and R® > 0.65 up to approximately 6 hours,
whereas noticeable degradation occurs beyond 10 hours. Prediction reliability is significantly reduced at the 24-hour
forecast horizon. These results indicate that input conditions have a strong influence on model performance in
LSTM-based significant wave height prediction and confirm that the model is well suited for short-term forecasting.

Keywords : LSTM, significant wave height prediction, input length, input variable, lead time, performance evaluation
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Fig. 1. Location map of analysis stations in Korea.
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Table 1. Summary of significant wave height observation sites
. Longitude, . . Depth Total Data .
No Station (Code) Latitude (°) Recording Period (m) (Missing Ratio, %) Material
1 Deokjeokdo (DJD) 126.02°E, 37.24°N 1996/07/05~2024/05/27 30.0 218,006 (1.52)
2 Oeyeondo (OYD) 125.75°E, 36.25°N 2010/01/01~2025/12/31 45.0 125,958 (1.40)
3 Chilbaldo (CBD) 125.78°E, 34.79°N 1996/05/29~2022/04/22 33.0 209,119 (1.79)
4 Marado (MRD) 126.03°E, 33.08°N 2008/11/14~2025/12/31 104.0 138,906 (1.96) Ocean Data
5 Geomundo (GMD) 127.50°E, 34.00°N 1998/01/07~2025/12/31 80.0 214,184 (1.03) Buoy
6 Pohang (POH) 129.78°E, 36.35°N 2008/11/14~2025/12/31 310.0 143,073 (1.10)
7 Donghae (DOH) 129.95°E, 37.48°N 2001/01/28~2025/12/31 1,518.0 184,299 (1.37)
8 Ulleungdo (URD) 131.11°E, 37.46°N 2011/12/28~2025/12/31 2,200.0 119,751 (2.36)
A8 871 AS YA 5(DID), JAEOYD), FLE hy
(CBD), "[2F=(MRD), A== (GMD), X3H(POH), 53l (DOH), }
S5 S (URD)OIH, =402 oF 30 mollA] 2,200 m7FA] 32 ¢ Forget gate Input gate Output gate 1
sol Qigtele] elshe] ol=i vt kg 2 ® 9 | -
et 95 713 AE R AdolskA vk e, DIDS} =
GMD A3 oF 280l Eali= 7] ¥ ARE E3hdhe fe 5 e
RbA, URD A3 oF 14d oz g os #e o 7|3t
° h,_4 o o tanh o h,
< B ] 1 ] I
TV APl Y BE S BH 0 AN
%LH]E 'Fﬁ > % ¥, GUST & 'F 7]%]—, 1}11\—]1:—, Z,:_‘SP: 2 7])6]— x;
Lk Fdivkal, Ft v, frolvkal, 7], 9k 5o 8 Fig. 2. Schematic diagram of LSTM unit.
F ARE 1A IHOR BEII okgel, $AE B3
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A2 e B30 WE 1 7P S mElte] B oA
. Ji = oW, + Wi,y + by) (M
A 2] 5} tH(Kong et al., 2017; Hewamalage et al., 2021)
iy = o(Wx, + Wyhy + b)) 2
2.2 LSTM 22 7
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Hlo )\ Z 4 VA=,
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VAE= o X AE Zdo =713}k 2}7] ©
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HE8Y g 0 d4aE FAS YeRdh
2.3 0H MsEHT}

- AgollA= LSTM 718 frol9tal o5 RHle) Aso
dgEHor Grisly] Slste] FdEHAHMAE, Mean
Absolute Error), 24 7155(R%), 1212 RMSES EFAAE
ZJtsbslk =391 RSR(RMSE-observations Standard deviation



84 oA - ZEAt -
Ratioy2 ARE-3FtHWillmott and Matsuura, 2005; Chai
and Draxler, 2014).

RSRE #&212.9] ¥

How WG 5 9

S oa J—E:]O]'o% Uuq]g] ii]‘é /\Hj]
AFZA, Fhol ool 7PhaTE A5

Aol S YulshH (Moriasi et al., 2007), T 2(7)~
()7 o] TAF = ok
N bs red
RMSE J ST = HYT) ™
i=1
N bs redy 2
S (H = H)
i=1
RSR = RMSE _ 8)

obs

oIZNA, HyY o HY = 72k A Aol e B Ul o

Felua, H1 = frojutare] Fatgks vepdi, N
AA A5 WFE e gt

RSR A#}2] 31412 13 Moriasi et al.(2007)0l14] 2| 4] 5
Bk 71%S Fastel JrhAe) A5 B NIFOR B85
S TH(Table 2 #=). g 7]<=oll W=, RSR Fk°] 0.6 ©]
49 A3 24 4o dad fEom P,

MAE= IS4tk #5410 <P A 2419 Fetoz gof4
off wpg} o Aol A o | wigksto] A|HQl oAb
F9 ApHow eh, A9A5R s 2] 9579
HEAS g & Anel=xE2 Jehll= X2, 1.00] 7}
7ThETE H& AW Y-S v Erh(Willmott and Matsuura,
2005; Nash and Sutcliffe, 1970). ©|2|3t A EES FTH O

‘——'-1
T

UJ

0.1.4

o o
N
].mﬂl

Table 2. Classification of model performance based on RSR

Performance Rating RSR
Very good 0.0 <RSR 0.5
Good 0.5 <RSR 0.6
Satisfactory 0.6 <RSR 0.7
Unsatisfactory RSR > 0.7

2 ggsro gy mue] P4 A5y i Ad e9e
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NI ’
N b d\2
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&l Al 7HA] 24 Alo)~E SIS Case 1:2 8 Hole]
BEE Hrkel] Slal fevka, skl 3k 370 g
5 1AL, A5 AIE IARE 9 4AZE 230014 1, 4, 8,
12, 24, 36, 48, 60, 72A17F2] = Hol= vlw s3It Case
27 YW A9 kS Brkel] A8l Case 1914 =%
| #2948 dolg wAskaL, oS5 ARE 443 2214 1)
A= DI, 2) s 0 EefetaL, 71,
&), 3) AT ol (el ghar, Hoiskar, Herska, 9], 5t
&, %4, GUST ¥4, 33, 718he] Al 7k 8wl =3
S B W3t} Case 32 Case 13} Case 204 A4 &
g do] 9 Wi 4 2 A gsto] oS ARt 2, 4,
6, 8, 10, 12, 24117k th3t o3 A 52 H71skic) Al 7

A Ao A9 AFA A T: able 30 AN 8FAT
A ARE A EME SRS Al s, A%
~E to|gz Batetodnt. AA A = 64%E 3H5 Ho]

B, 16%E A% HolE, 20%E HAE HoJE 2 AME3I3C
o, AAIE AA5.2] ARH Qs sk wEl Rt 9
7 5ol REgE = Hloly s WAk flal 72
o] ohd A4 28 WAS 483k th(Bergmeir and
Benitez, 2012; Bergmeir et al., 2018). o}, 2+ #= A
A 2k ol Adolsh, 7 ATl 7 ARE 59

Table 3. Summary of analysis design for LSTM-based wave height prediction

Case Input Variables (IV) Input Length Lead Time (hour)
Case 1 3 1, 4,8, 12, 24, L4
(Significant Wave Height, Peak Wave Period, Wave Direction) 36, 48, 60, 72 h ’
1
(Significant Wave Height)
3
Case 2 (Significant Wave Height, Peak Wave Period, Wave Direction) Fixed 4
9 (optimal from Case 1)
(Wind Speed, Wind Direction, GUST Wind Speed,
Pressure, Maximum Wave Height, Significant Wave Height,
Mean Wave Height, Wave Period, Wave Direction)
Case 3 Selected configuration Fixed 1,2,4,6, 8, 10,
(optimal input variables and input length) (optimal from Case 1&2) 12, 24
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Table 4. Summary of training, validation, and test datasets for each observation sites (St. = Station, Tr-Sa = Train Samples, Va-Sa = Valida-

tion Samples, Te-Sa = Test Samples)

St. Tr-Sa Train Period Va-Sa Validation Period Te-Sa Test Period
1996/07/05 01:00~ 2015-03-23 07:00~ 2019-03-28 13:00~
bib 139,523 2015/03/23 05:00 34,881 2019-03-28 12:00 43,602 2024-05-27 3:00
2010/01/01 00:00~ 2019-11-03 17:00~ 2022-03-01 00:00~
oYD 80,613 2019/11/03 16:00 20,153 2022-02-28 23:00 25,192 2025-12-31 23:00
1996-05-29 16:00~ 2013-04-26 16:00~ 2017-06-12 23:00~
CBD 133,836 2013-04-26 15:00 33,459 2017-06-12 22:00 41,824 2022-04-22 23:00
2008-11-14 19:00~ 2020-02-03 15:00~ 2022-08-26 21:00~
MRD 88,899 2020-02-03 14:00 22,225 2022-08-26 20:00 27,782 2025-12-31 23:00
1998-01-07 12:00~ 2016-03-14 20:00~ 2021-01-24 06:00~
GMD 137,077 2016-03-14 19:00 34,270 2021-01-24 05:00 42,837 2025-12-31 23:00
2008-11-14 19:00~ 2019-09-20 21:00~ 2022-05-30 00:00~
POH 91,566 2019-09-20 20:00 22,892 2022-05-29 23:00 28,615 2025-12-31 23:00
2001-01-28 15:00~ 2017-08-06 22:00~ 2020-12-31 14:00~
DOH 11,7951 2017-08-06 21:00 29,488 2020-12-31 13:00 36,860 2025-12-31 23:00
2011-12-28 00:00~ 2020-10-27 08:00~ 2023-01-13 06:00~
URD 76,640 2020-10-27 07:00 19,160 2023-01-13 05:00 23,951 2025-12-31 23:00
Table 5. Configuration and hyperparameter settings of the LSTM model
Category Parameter Setting Description
Output Target variable Hs Significant wave height
Model LSTM layers 1 Single-layer LSTM structure
Model Hidden units 32 Number of neurons in the LSTM layer
Model Activation function tanh, sigmoid Default activation functions in LSTM gates
Training Optimizer Adam Adaptive moment estimation optimizer
Training Learning rate 0.001 Step size for weight update
Training Batch size 32 Number of samples per batch
Training Epochs 100 Maximum number of training iterations
Regularization Early stopping Applied Training stops when validation loss does not improve
Data processing Normalization Min-Max scaling Applied based on training data
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(a) Variation of RSR with input length at each site (lead time = 1h) (b) Variation of RSR with input length at each site (lead time = 4h)
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Fig. 6. Scatter plots of observed versus LSTM-predicted significant wave height for different forecast lead times at selected stations.
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Table 6. Evaluation results of LSTM-based significant wave height
prediction using RSR, MAE, and R across different fore-
cast lead times and stations

Station Lead time — pop MAE R
(hour)

1 0.197  0.116  0.961

2 0257 0150  0.934

4 0388 0229  0.850

6 0489 0288  0.761

URD 8 0589 0356  0.653

10 0654 0408 0572

12 0727 0450 0472

24 0898 0592  0.193

1 0.166 009 0972

2 0230 0134 0947

4 0354 0201 0875

East 6 0461 0259  0.787

Sea  DOH 8 0546 0310  0.701

10 0619 0355 0616

12 0678 0392  0.540

24 0869 0533 0244

1 0.179 0088  0.968

2 0256 0126 0935

4 0402 0196  0.858

6 0511 0253  0.738

POH 8 0595 0300  0.646

10 0675 0335  0.545

12 0751 0377 0436

24 0947 0467  0.102

1 0.173 0072 0970

2 0240 0098  0.942

4 0371 0150  0.862

South 6 0490 0199  0.760
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1 0.174 0.090 0.970
2 0.236 0.114 0.944
4 0.371 0.177 0.862
West 6 0.466 0.224 0.783
Sea CBD 8 0.565 0.271 0.681
10 0.624 0.306 0.611
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Appendix

Appendix Al. Time Series of Significant Wave Height Prediction at Other Stations for Different Lead Times
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Appendix A2. Scatter Plots of Significant Wave Height Prediction at Other Stations for Different Lead Times

Pred. significant wave height (m)

Pred. significant wave height (m)

Pred. significant wave height (m)

Pred. significant wave height (m)

(A) OYD

0o 1t 2 3 4 5 8 1
Obs. significant wave height (m)

0o 1 2 3 4 5 & 1
Obs. significant wave height (m)

0 1 2 3 4 5 & 1
Obs. significant wave height (m)

(a) 1 hour prediction 'E (b) 2 hour prediction E (€) 4 hour prediction g (d) 6 hour prediction
1R? = 0976 = "1R* = 0951 = "1R?*=0.884 = "1R* = 0.807
4 Hod o ooq Hod
E © 4 z o - z w4
5o 8 .
E o4 E 4 E 4
g o g o Ry
y =0.943x +0.033 T o y=0.897x+0.050| % o y=0.812x+0.106| % o y=0.728x+0.186
: —— T T & —r T 1 &k ——r—T—r—— T

0 1 2 3 4 5 & 1
Obs. significant wave height (m)

0 1 2 3 4 5 8 7

©

0 1 2 34 § 6 7

(€) 8 hour prediction 2 (f) 10 hour prediction 2 (2) 12 hour prediction 2 (h) 24 hour prediction

1R* = 0.724 ;" 1R* = 0.634 ; "1R? = 0.550 ; "1R*=0.136

- :;lc- §o< élo-
PR ° °1 S o
= o4 = o4 2 o
= = =
g o g o & o

Y =0.647x+0.273| 3 o y=0.567x+0.347| < o ¥ =0.487x +0.424] < o y=0.144x + 0.688

1 2 3 4 § 6 7

o

y=0.604x +0.314

° y = 0.545x + 0.387

y = 0.474x +0.445

6

5

4

3

2

1

[}

1t 2 3 4 5 6 1
Obs. significant wave height (m) Obs. significant wave height (m) Obs. significant wave height (m) Obs. significant wave height (m)
(B) CBD
(a) 1 hour prediction B (b) 2 hour prediction B (¢) 4 hour prediction z (d) 6 hour prediction
1R?=0970 z T |R*=0944 z " |R*=0862 z " |R¥=0783
4 oo oo R
2 © 2 o E o
¢ P c 0
é w é w4 é w4
E o E o 4 é ® 4
g o g o g ..
y=0.947x+0.059] % o y=0.896x+0.075| % o y=10.774x+0.170| 3 o y =0.704x + 0.245
o 1 2 3 4 5 6 1 & 0 1 2 3 4 5 & 1 & 0 1 2 3 4 5 6 1 & 0 1 2 3 4 § & 1
Obs. significant wave height (m) Obs. significant wave height (m) Obs. significant wave height (m) Obs. significant wave height (m)
(€) 8 hour prediction (1) 10 hour prediction (g) 12 hour prediction (h) 24 hour prediction
1R* = 0681 "R = 0611 "1R?=0523 "1R?=0.189

y=0.166x +0.716

0 ll 2 3 4 5 8 7
Obs. significant wave height (m)

Pred. significant wave height (m)

©

1 2 I 4 5 6 7
Obs. significant wave height (m)

Pred. significant wave height (m)

0 ; 2 3 4 5 6 17
Obs. significant wave height (m)

Pred. significant wave height (m)

1 2 3 4 5 6 1
Obs. significant wave height (m)

o



98

Pred. significant wave height (m)

Pred. significant wave height (m)

Pred. significant wave height (m)

Pred. significant wave height (m)

o 1 2 3 4 5 8
Obs. significant wave height (m)

7

o 1 2 3 4 5 & 1
Obs. significant wave height (m)

o 1 2 3 4 5 8
Obs. significant wave height (m)

(D) DOH

7

1 2 3 4 5 &
Obs. significant wave height (m)

o

ol - AElt - AR - EF]
(C) POH
(a) 1 hour prediction E (b) 2 hour prediction 1_:* (€) 4 hour prediction E (d) 6 hour prediction
1R? = 0.968 = " |R*=0934 = "|R*=0838 =" 1R*=0738
4 oo Hooq o4
E © 4 E o .E
o § . :
E o4 E © 4 §
g o € o &
Yy =0.928x+0.065| % o y=0.906x+0.074| % o y=0.805x +0.153 H Yy =0.692x +0.263
o f 2 3 4 5§ 6 1 & 0 1 2 3 4 5 6 1 & 0 1 2 3 4 5 & 1 & 0 1 2 3 4 5 & 1
Obs. significant wave height (m) Obs. significant wave height (m) Obs. significant wave height (m) Obs. significant wave height (m)
(€) 8 hour prediction 2 (f) 10 hour prediction 2 (g) 12 hour prediction 2 (h) 24 hour prediction
:RZ = 0.646 é : R* = 0545 é : R? = 0.436 ;: R*=0.102
E © 4 3 w4 E
£ o g o g
E o4 E 4 §
€ o & o &
8- g &
y=0.592x +0.376 3 o Y =0.512x+0.413] 3 o y=0.432x+0.468 y =0.168x + 0.695
£ A 2 3 4 5 6 1 & 0 2 3 4 5 6 1

7

y =0.885x + 0.167

y =0.798x + 0.249

y=0.711x +0.331

T

o 1 2 3 4 5 8
Obs. significant wave height (m)

7

o 1t 2 3 4 5 6 1
Obs. significant wave height (m)

T

o 1 2 3 4 5 8
Obs. significant wave height (m)

7

(a) 1 hour prediction B (b) 2 hour prediction z (¢) 4 hour prediction z (d) 6 hour prediction
1R? = 0972 % "1R* = 0947 ;: "1R* = 0875 ;; 1R* = 0.787
- E © 4 E © - E -
9 © 4 y o - ?
E o4 E 4 E
g o g o &
'y=,0.9123x:+0'.10(') T o % o -
& [ [

1 2 3 4 5 &
Obs. significant wave height (m)

o

7

0 01 2 3 4 5 &6
Obs. significant wave height (m)

7

o 1 2 3 4 5 & 1
Obs. significant wave height (m)

o 1 2 3 4 5 &
Obs. significant wave height (m)

7

o 1 2 3 4 5 &
Obs. significant wave height (m)

(€) 8 hour prediction 2 (f) 10 hour prediction 2 (2) 12 hour prediction 2 (h) 24 hour prediction

1R* = 0.701 g "1R* = 0616 ; "1R? = 0.540 ; 1R? = 0.244

- ;;_l © o -_:él © ;;l <
g 4 ? - ?:
8 < 8 oo ®
z z z
g o z o -
= = «
§ o4 § o !;"_

y =0.628x +0.431 3o y =0.548x + 0.533 3 o y =0.476x + 0.625 3 y=0.198x + 1.029

£ i ——T 1 ] b T

7




