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Detection of Long-Term Trend Shifts in Tropical Cyclones Using
Multi-Architecture Deep Learning in the Western North Pacific
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Abstract : Global climate change is altering the characteristics of tropical cyclones, and numerous studies aim to
characterize these changes and apply the findings to coastal hazard mitigation. Identifying statistical trend shifts in
tropical cyclone characteristics is essential for return-period analyses used in disaster prevention and for
understanding the long-term variability of the climate system. Focusing on tropical cyclones in the northwestern
Pacific adjacent to the Korean Peninsula over the 80 years from 1945 to 2024, this study detects long-term regime
shifts in tropical cyclone behavior. The trend shift detection framework combines two deep-learning models—
Long Short-Term Memory (LSTM) and Transformer-based autoencoders—with statistical techniques designed to
capture nonlinear interactions among tropical cyclone attributes. We then apply three trend shift detection
algorithms, suited to both short- and long-term variability, and define long-term regime shifts as periods
consistently identified across methods, thereby enhancing reliability through a multi-architecture ensemble. To
address limitations of conventional Al approaches, we employ SHapley Additive exPlanations (SHAP) to interpret
model decisions and diagnose the dominant factors driving long-term shifts. The ensemble and voting procedure
identify 1997 as a significant long-term trend shift. SHAP analysis reveals that the longitudinal shift of maximum
intensity is the primary contributor to explaining the observed trend shift. This Al-based framework provides a
quantitative methodology for identifying long-term changes in tropical cyclone characteristics, supporting coastal
engineering applications.

Keywords : deep learning, climate change, tropical cyclone, northwest pacific, trend shift
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(a) Temperature Trends (1945-2024)
0

1— Mean Temperature == = Mean Trend (poly 2)
~~+ High Temperature == = High Trend (poly 2)
18 4 |—=— Low Temperature == = Low Trend (poly 2)
16 oo LTS
-~
€ 144
£
2
= 12
@
-9
E 10 4
8
6 -
T T T T T T T T
1950 1960 1970 1980 1990 2000 2010 2020
Year
(b) Piecewise Linear Regression - Trend Break Analysis
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Fig. 1. Daily temperature variations and trend changes in Seoul, Korea, 1945~2024. (a) Long-term trends in annual mean, high, and low tem-
peratures. (b) Trend break of the annual mean temperature is shown in 2009 (red dashed line).

Annual Tropical Cyclone Count in Northeast Pacific Ocean (1945-2024)

e Trend (deg=2)
95% CI
40 BN Annual count |

Number of Storms

1950 1960 1970 1980 1990 2000 2010 2020
Year
Fig. 2. Annual Occurrence of Tropical Cyclones in the Northwest Pacific, 1945~2024. The curved line represents the long-term trend using
a polynomial regression. Data from the Joint Typhoon Warning Center (JTWC, 2025).
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Table 1. List of 52 features for deep learning study in tropical cyclones
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Z} feature®] W82 A 3PH Genesis Location¥} Intensity
+ AuiA7Iske] Hx 2 f1X19) F452 ¢mIsh, Duration

Category Feature (count)

Statistics/Description

Frequency Storm count (1)

count

Latitude (5)

s Locafi !
Genesis Location Longitude (5)

mean, std, min, max, median
mean, std, min, max, median

Genesis Intensity Wind (3)

mean, std, max

Wind speed (4)

Peak Intensity Location (4)

mean, std, max, median
mean, std, max, median

Duration (4)

mean, std, max, median

Lifetime Time to peak (2) mean, std
Movement Distance (3) mean, std, max
Speed (3) mean, std, max

Statistics (3)
Intensification (2)
Weakening (2)
Extreme (2)

Wind Dynamics

wind_mean_mean, wind_std mean, wind _range mean
mean, max

mean, min

wind max mean, wind min_mean

. Latitude range (2) mean, std
1E .
Spatial Extent Longitude range (2) mean, std
Genesis Cognt )] count
Tropical storm Latitude (1) mean
b Longitude (1) mean

(wind speed > 34 kt) Ratio (1)

Tropical storms / Tropical cyclones

Temporal Normalization year_normalized (1)

normalized value (0-1)
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Load raw data
(1945-2024,
2241 Tropical cyclones)

Extract 52 features
RobustScaler normalize

LSTM / Transformer
AutoEncodor

10 Ensemble
(Bootstrap)

Reconstruction errors

Detect outliers
(Percentile, CUSUM)

Detect statistical shift
(Pettitt, SNHT)

Detect regime shift
(Time-Lagged
AutoEncorder)

Voting matrix
(High confidence, Pure outlier,
Pure regime, Mixed)

(Explain features)

Fig. 3. Flowchart for tropical cyclone trend shift detection using ensemble deep learning autoencoder and triple-method validation.
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Table 2. Architectural specifications and key characteristics of LSTM and Transformer autoencoder

Specification

LSTM autoencoder

Transformer autoencoder

Input dimension 52 features

52 features

Encoder 3 layers [128, 64, 32] 3 Transformer blocks (24 layers)
Bottleneck 24 units 24 units (4 layers)

Decoder 3 layers [128, 64, 32] 3 Transformer blocks (24 layers)
Attention None 4 heads x key dim [13, 13, 13]
Sequence length 15 years 15 years

Batch size 64 64

Training, Validation 80%, 20%

Normalization

Batch normalization

80%, 20%
Layer normalization
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Table 3. Classification of tropical cyclone trend shifts based on multi-method voting matrix

Voting matrix Outlier Statistical Time-Lagged Vote Description
High confidence O O O 3/3 robust trend shifts signal
Pure regime shift X O O 2/3 non-extreme transitions signal
Pure outliers O X X 1/3 transient anomalies signal
Mixed detection O X or O O or X 2/3 ambiguous consensus signal
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Table 4. Identification of tropical cyclone trend shifts by three detection methods (the bold year indicates a common detected period across

methods)

Detection Year

Detection method

LSTM autoencoder

Transformer autoencoder

1997 1998 1999 2000 2001
2002 2003 2004 2005 2006
2007 2008 2009 2010

Outlier detection

1997 1998 1999 2000 2001
2002 2003 2004 2005 2006
2007 2008 2009 2010 2011

Statistical test 1977 1997 2012

1977 1983 1997 2012

1971 1993 1994 1995 1996
1997 1998 1999 2000 2001
2002 2003 2004 2005

TL-AE shift

1971 1972 1973 1974 1975
1976 1977 1993 1994 1995
1996 1997 1998 1999 2000
2001 2002 2003 2004 2005
2006 2007 2009 2010 2011

Table 5. Classification of tropical cyclone trend shifts based on multi-method voting matrix

Detection Year

Voting matrix

LSTM autoencoder

Transformer autoencoder

High confidence 1997 1997
Pure regime shift - 1977
Pure outliers 2006 2007 2008 2009 2010 2008

1998 1999 2000 2001 2002

1998 1999 2000 2001 2002

Mixed detection 2003 2004 2005

2003 2004 2005 2006 2007
2009 2010 2011
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(a) Storm trend shift detection by LSTM

Storm Trend Shift Detection Timeline
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B Pure Regime Shifts (1)
A Mixed Detections (13)
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(b) Storm trend shift detection by Transformer

Fig. 4. Voting matrix to determine the trend shift of tropical cyclones in the Northwest Pacific using LSTM and Transformer autoencoder.
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Fig. 5. Top 10 features contributing to major trend shifts events based on SHAP analysis.
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Fig. 6. Time series of key features selected by SHAP analysis.
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