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Abstract
Based on tropical cyclone data from the China Meteorological Administration and the Oceanic Niño Index data, this 
study statistically analyzed the intensity changes of ENSO events and characteristics such as the frequency and intensity 
of typhoons in the Northwest Pacific over the past nearly 75 years (1950-2024). Wavelet analysis was employed to 
examine the time-frequency characteristics of ENSO and its correlation with Northwest Pacific tropical cyclons (referred 
to as typhoons in the Northwest Pacific). The results indicate that: 1) ENSO exhibits an interannual oscillation with a 
timescale of 94 months (approximately 5-year cycle) and an interdecadal oscillation with a timescale of 198 months 
(approximately 10-11 year cycle). 2) Over the past 75 years, the frequency of Northwest Pacific typhoons and landfalling 
typhoons has significantly decreased, while the landfall intensity has significantly increased; typhoon frequency is highest 
in August and lowest in February, while typhoon intensity is strongest in October and weakest in February. 3) On the 
interannual scale, there is a negative correlation between ENSO and typhoon frequency, as well as landfalling typhoon 
frequency, at the 2-6 year timescale, with moderate significance, and typhoon changes slightly lead ENSO; there is a 
positive correlation between ENSO and average typhoon intensity, as well as average landfalling typhoon intensity, at 
the 2-6 year and 10-15 year timescales, with strong significance, and ENSO changes slightly lead typhoon changes. 4) 
On the monthly scale, the negative correlation between ENSO and typhoon frequency is more significant than on the 
interannual scale, whereas the positive correlation between ENSO and average typhoon intensity is less significant than 
on the interannual scale. Furthermore, the positive/negative correlation between ENSO and typhoon frequency shows 
different directions depending on the chosen cycle scale.
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1. Introduction
A tropical cyclone (TC) is an intense cyclonic vortex with a 
warm-core structure that forms over tropical oceans [1]. It is 
referred to as a "typhoon" in the Northwest Pacific and its coastal 
areas. Typhoons often bring extreme weather such as strong 
winds, heavy rainfall, and storm surges, possessing significant 
destructive power [2,3]. Northwest Pacific typhoons refer to 
those occurring in the Northwest Pacific, north of the equator, 

west of the dateline, affecting Asian Pacific countries or regions. 
The Northwest Pacific, being the most active typhoon genesis 
region globally (accounting for 38% of the global total number 
of TCs), has the highest frequency and intensity of typhoons 
in the world [4]. China, located on the western coast of the 
Northwest Pacific, is one of the countries most severely affected 
by typhoons globally, suffering substantial economic losses and 
casualties annually due to typhoons, especially in coastal regions 
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like Guangdong and Zhejiang [5,6]. In 2021, the strong Typhoon 
"In-Fa" made landfall in Zhejiang, subsequently forming a dual-
typhoon water vapor transport system with Typhoon "Cempaka", 
causing extreme rainfall in Henan with a daily precipitation of 
663.9 mm and a maximum hourly precipitation of 201.9 mm. 
Zhengzhou, the precipitation center, experienced extremely severe 
urban flooding [7,8]. In 2023, the super typhoon "Doksuri" made 
landfall in Fujian, and its remnant circulation moved northward 
deep inland, causing persistent extreme rainfall in North China 
and the Huang-Huai region, with maximum rainfall reaching 
1003.4 mm, triggering mountain floods in Beijing, Hebei, and 
other areas [9,10]. Therefore, revealing the multiscale variability 
of Northwest Pacific typhoon activity and its coupling mechanism 
with ENSO holds significant scientific importance for improving 
seasonal typhoon prediction models. Multidisciplinary studies 
have confirmed that ENSO (El Niño-Southern Oscillation), as the 
dominant mode of interannual climate variability, is essentially a 
self-sustained oscillation of the tropical Pacific ocean-air coupling 
system, which manifests itself in the ocean as an abnormally high 
sea temperature in the eastern Pacific Ocean (ENSO warm phase) 
[11]. Abnormal cooling produces La Niña phenomenon (ENSO 
cold phase) [12,13]. The ENSO cycle significantly affects the 
global climate system by altering the atmospheric circulation of the 
tropical Pacific, especially modulating the location and intensity of 
typhoons. In 1999, a strong La Niña event lasted for three years, 
and the intensity of typhoons in the northwest Pacific reached a 
record low, while in 2016, a super El Niño event occured, and 
the intensity of typhoons in the northwest Pacific reached a record 
high, with ENSO having a certain effect on typhoon intensity 
[14,15]. In 2023, the three-year La Niña state quickly subsided 
and turned sharply into El Niño, followed by a strong El Niño 
event, with only 15 typhoons in the northwest Pacific that year, 
the second lowest in history since 1950, but their average intensity 
far exceeded the historical average, reaching typhoon level and 
ranked sixth on average intensity in history, among them 8 were 
super typhoons, exceeding 50%, reaching one of the highest super 
typhoon rates recorded in history. The correlation between super 
typhoons and ENSO was particularly obvious [16,17]. It can be 
seen that the frequency and intensity of typhoons in the northwest 
Pacific are inseparable from the ENSO cycle.

Extensive research has been conducted in the past regarding the 
correlation between ENSO and the frequency and intensity of 
typhoons. Huang Yong et al. proposed that the number of typhoons 
generated in the Northwest Pacific is relatively lower during El Niño 
years [18,19]. Mao Lanhua et al. pointed out that the frequency of 
typhoons making landfall in China during El Niño years is also lower 
than in La Niña years [20,21]. Ji Qianqian noted that a negative 
phase resonance cycle exists between ENSO and the frequency 
of typhoons in the South China Sea [22]. The above studies all 
involve conclusions regarding a negative correlation between 
ENSO and typhoon frequency, yet research on the correlation with 
typhoon intensity remains insufficient. Subsequently, Yu Qiqian 
proposed that ENSO is significantly positively correlated with the 
average intensity of typhoons affecting the Chinese coast [23]. Li 
Zheng pointed out that ENSO is significantly positively correlated 

with the lifetime intensity of northward-moving typhoons [24]. 
It can be seen that past studies consistently suggest that El Niño 
can, to a certain extent, suppress typhoon frequency and enhance 
typhoon intensity. However, limitations persist, such as singular 
research parameters, incomplete research objects, insufficient time 
spans, or incomplete spatial scopes, making it difficult to fully 
characterize the dynamic coupling mechanism between ENSO and 
the frequency and intensity of typhoons in the Northwest Pacific. 
This study integrates long-term typhoon observation data from the 
past 75 years with ENSO indices, with the spatial scope of typhoon 
data covering the entire Northwest Pacific. By applying wavelet 
analysis, this research achieves multi-scale dynamic decoupling 
between ENSO and a multi-parameter typhoon system (frequency, 
intensity, landfall frequency, and landfall intensity) in the time-
frequency domain, breaking through the limitations of previous 
research in terms of objects and spatio-temporal scope. 

2. Data and Methodology
2.1. Ocean Nino Index Data
We adopted the Oceanic Niño Index (ONI) provided by the 
National Oceanic and Atmospheric Administration/Climate 
Prediction Center (NOAA/CPC) (https://origin.cpc.ncep.noaa.
gov/products/) to characterize the intensity of ENSO events. The 
ONI is derived from the 3-month running average of Sea Surface 
Temperature Anomalies (SSTA) in the Niño 3.4 region (5°N–5°S, 
170°–120°W).

It is stipulated that an El Niño or La Niña event is identified when 
the absolute value of the 3-month running average for Niño 3.4 
reaches or exceeds 0.5°C for at least five consecutive months; 
specifically, an ONI ≥ 0.5°C constitutes an El Niño event, while an 
ONI ≤ -0.5°C constitutes a La Niña event [25,26].

2.2. Tropical Cyclone Data and Typhoon Classification 
Standards
The tropical cyclone data used in this paper are sourced from 
the "CMA Best Track Dataset" and the "Landing Tropical 
Cyclone Dataset" provided by the Tropical Cyclone Data Center 
of the China Meteorological Administration (tcdata.typhoon.
org.cn). This dataset has undergone multi-source observational 
data assimilation and retrospective correction; the data selected 
for this study were last updated on April 2, 2025. The current 
version of the CMA Best Track Dataset provides the position and 
intensity information of tropical cyclones in the Northwest Pacific 
(including the South China Sea, north of the equator and west 
of 180°E) every 6 hours since 1949. Landing tropical cyclones 
refer to those that make landfall in China; coastal islands, with 
the exception of Taiwan, the Zhoushan Archipelago, Hong Kong, 
Hainan Island, and Chongming Island, are not treated as landfall 
locations [27,28]. Considering that the Oceanic Niño Index records 
began in 1950, the period of typhoon coverage in this paper starts 
from 1950.

According to the National Standard for "Grade of Tropical 
Cyclones" (GB/T 19201–2006), the intensity of tropical cyclones 
is divided into six grades, which from weakest to strongest are: 
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Tropical Depression (TD), Tropical Storm (TS), Severe Tropical 
Storm (STS), Typhoon (TY), Severe Typhoon (STY), and Super 
Typhoon (Super TY) [29]. In this paper, numerical values are 

assigned to the extreme intensity levels of typhoons based on this 
standard to facilitate the statistics of typhoon intensity changes, as 
shown in Table 1:

Typhoon IIntensity Intensity Assignment Description
Tropical depression 1 Wind speed 10.8–17.1m/s, wind force 6–7
Tropical storm 2 Wind speed 17.2–24.4 m/s, wind force 8–9
Severe tropical storm 3 Wind speed 24.5–32.6 m/s, wind force 10–11
typhoon 4 Wind speed 32.7–41.4 m/s, wind force 12–13
Strong typhoon 5 Wind speed 41.5–50.9 m/s, wind force 14–15
Super typhoon 6 wind speed ≥ 51.0 m/s, wind force ≥ level 16

Table 1: Typhoon Intensity Levels and their Assignments

2.3. Research Methodology
In this paper, wavelet analysis is used to analyze the time-frequency 
characteristics of ENSO and its time-frequency resonance law with 
typhoon parameters, and reveal the phase relationship between the 
two.

First, the Continuous Wavelet Transform (CWT) is introduced. For 
a given time series x(t), the continuous wavelet transform can be 
expressed as:
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information about time series in the time and frequency domains. 
We perform continuous wavelet transformation of signals of 
different frequencies to obtain time-frequency graphs. From the 
diagram, we can intuitively discover the frequency characteristics 
of the signal.

The application of continuous wavelet transform is mainly focused 
on multi-scale analysis of single variables, but in order to be able 
to analyze the correlation between two variable sequences in 

both the time-frequency domain at the same time, cross wavelet 
transform (XWT) is used. Given the time series x(t) and y(t), the 
cross-wavelet transform can be expressed as:
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where S represents the smoothing operator. Wavelet coherence can be seen as a local correlation between

markets in the frequency domain. Its value range is between 0 and 1, and a high (low) value indicates a strong

(weak) correlation between variables.

Wavelet coherence is a square term that cannot determine the lag relationship between markets. Wavelet phase

difference can be used to describe the leading lag relationship between the scale components of two time series. For

time series x(t), y(t), phase difference is defined as:
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where I and R represent imaginary and real operators, respectively.If the phase difference is 0, it means that
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If the phase difference is 0, it means that the two time series 
fluctuate in the same direction; If the value range of the phase 
difference is (0, π/2) or (−π, −π/2),x(t) ahead of y(t);If the value 
range of the phase difference is (π/2, π) or (−π/2,0), y(t) ahead 
of x(t); If the difference in phase is π(−π), it shows that the two 
time series fluctuate in the opposite direction in a specific time-
frequency space. Through wavelet coherence and phase difference, 
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we can not only know the strength of the correlation between two 
time series at different times and scales, but also know the leading 
lag relationship between variables.

3. ENSO Time-Frequency Characteristic Analysis
3.1. Statistics and Intensity Changes of ENSO Events

6 / 24

Fig. 1 ONI time series from 1950 to 2024 ((Warm for El Niño, cool for La Niña))

The ocean Niño index ONI is a 3-month sliding average of the sea surface temperature anomaly in the Niño

3.4 sea area. Based on ONI data, we plotted the ONI time series from January 1950 to December 2024, as shown in

Figure 1, with the red part representing the El Niño state and the blue part indicating the La Niña state. According

to statistics, there were 24 El Niño events and 20 La Niña events between 1950 and 2024, indicating that El Niño

events occur more frequently than La Niña events.

In recent years, the National Oceanic and Atmospheric Administration (NOAA) and the China Meteorological

Administration (CMA) have used the ocean Nino index ONI to define the intensity of ENSO events:0≤ ONI ≤0.5

neuter，0.6≤ ONI ≤0.9 weak，1≤ ONI ≤1.4 Medium，1.5≤ ONI ≤1.9 strong，2≤ ONI very strong (Huang et al. 2017;

Ren et al. 2018; Zhao et al. 2023)。Based on the above intensity definitions, this paper summarizes the intensity

levels of all ENSO events and produces a statistical table of El Niño/La Niña events from 1950 to 2024, as shown

in Table 2.

Table 2 El Niño/La Niña event statistics from 1950 to 2024

El Niño La Niña
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1 1951.06—1952.01 8 1.2
Mediu
m

1 1950.01—1950.07 7 -1.5 Strong

2 1953.02—1954.02 13 0.8 Weak 2 1954.05—1956.09 29 -1.7 Strong
3 1957.04—1958.07 16 1.8 Strong 3 1964.05—1965.01 9 -0.8 Weak

4 1958.11—1959.03 5 0.6 Weak 4 1970.07—1972.01 19 -1.4
Mediu
m

5 1963.06—1964.02 9 1.4
Mediu
m

5 1973.05—1974.07 15 -2
Very
Strong

6 1965.05—1966.04 12 2
Very
Strong

6 1974.10—1976.04 19 -1.7 Strong

7 1968.10—1969.05 8 1.1 Mediu 7 1983.09—1984.01 5 -1 Mediu

Figure 1: ONI Time Series from 1950 to 2024 (Warm for El Niño, cool for La Niña)

The ocean Niño index ONI is a 3-month sliding average of the 
sea surface temperature anomaly in the Niño 3.4 sea area. Based 
on ONI data, we plotted the ONI time series from January 1950 
to December 2024, as shown in Figure 1, with the red part 
representing the El Niño state and the blue part indicating the La 
Niña state. According to statistics, there were 24 El Niño events 
and 20 La Niña events between 1950 and 2024, indicating that El 
Niño events occur more frequently than La Niña events.

In recent years, the National Oceanic and Atmospheric 
Administration (NOAA) and the China Meteorological 
Administration (CMA) have used the ocean Nino index ONI to 
define the intensity of ENSO events:0≤|ONI|≤0.5 neuter, 0.6≤ 
|ONI|≤0.9 weak, 1≤|ONI|≤1.4 Medium, 1.5≤|ONI|≤1.9 strong, 
2≤|ONI| very strong [30-32]. Based on the above intensity 
definitions, this paper summarizes the intensity levels of all ENSO 
events and produces a statistical table of El Niño/La Niña events 
from 1950 to 2024, as shown in Table 2.

El Niño La Niña
number Start and end time Duration/

month
Peak 
intensity/°C

Strength 
grade

number Start and end time Duration/
month

Peak 
intensity/°C

Strength 
grade

1 1951.06—1952.01 8 1.2 Medium 1 1950.01—1950.07 7 -1.5 Strong
2 1953.02—1954.02 13 0.8 Weak 2 1954.05—1956.09 29 -1.7 Strong
3 1957.04—1958.07 16 1.8 Strong 3 1964.05—1965.01 9 -0.8 Weak
4 1958.11—1959.03 5 0.6 Weak 4 1970.07—1972.01 19 -1.4 Medium
5 1963.06—1964.02 9 1.4 Medium 5 1973.05—1974.07 15 -2 Very 

Strong
6 1965.05—1966.04 12 2 Very 

Strong
6 1974.10—1976.04 19 -1.7 Strong

7 1968.10—1969.05 8 1.1 Medium 7 1983.09—1984.01 5 -1 Medium
8 1969.08—1970.01 6 0.9 Weak 8 1984.10—1985.08 11 -1.1 Medium
9 1972.05—1973.03 11 2.1 Very 

Strong
9 1988.05—1989.05 13 -1.8 Strong

10 1976.09—1977.02 6 0.9 Weak 10 1995.08—1996.03 8 -1 Medium
11 1977.09—1978.01 5 0.8 Weak 11 1998.07—2001.02 32 -1.7 Strong
12 1979.10—1980.02 5 0.6 Weak 12 2005.11—2006.03 5 -0.9 Weak
13 1982.04—1983.06 15 2.2 Very 

Strong
13 2007.06—2008.06 13 -1.6 Strong

14 1986.09—1988.02 18 1.7 Strong 14 2008.11—2009.03 5 -0.8 Weak
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15 1991.05—1992.06 14 1.7 Strong 15 2010.06—2011.05 12 -1.6 Strong
16 1994.09—1995.03 7 1.1 Medium 16 2011.07—2012.04 10 -1.1 Medium
17 1997.05—1998.05 13 2.4 Very 

Strong
17 2016.08—2016.12 5 -0.7 Weak

18 2002.06—2003.02 9 1.3 Medium 18 2017.10—2018.04 7 -1 Medium
19 2004.07—2005.02 8 0.7 Weak 19 2020.08—2021.05 10 -1.3 Medium
20 2006.09—2007.01 5 0.9 Weak 20 2021.08—2023.01 18 -1.1 Medium
21 2009.07—2010.03 9 1.6 Strong
22 2014.10—2016.04 19 2.6 Very 

Strong
23 2018.09—2019.06 10 0.9 Weak
24 2023.05—2024.04 12 2 Very 

Strong

Table 2: El Niño/La Niña Event Statistics from 1950 to 2024

According to calculations, the average duration of El Niño events 
is approximately 10-11 months, while the average duration of La 
Niña events is approximately 12-13 months; it can be seen that 
when La Niña events occur, their duration is longer compared to El 
Niño events. However, the average peak intensity of El Niño events 
is 1.39°C, and the absolute value of the average peak intensity of 
La Niña events is 1.29°C; it can be seen that when El Niño events 
occur, their absolute peak intensity is higher compared to La Niña 
events. Furthermore, El Niño is more likely to develop into "super" 
level events, and the frequency and intensity of its super events are 
higher than those of La Niña, which is inextricably linked to the 
climate background of superimposed global warming [33].

We conducted a Pearson correlation analysis between the duration 
and peak intensity of El Niño/La Niña events and found a 
significant positive correlation between the two. In El Niño and 
La Niña events, the correlation coefficients between duration and 
peak intensity are +0.79 and +0.68, respectively. From this, we 
infer that the longer the duration of El Niño/La Niña, the higher 
its peak intensity.

3.2. Time and Frequency Characteristics
Climate change involves multiple time scales, manifesting as local 
variations in different time scale structures in the time domain, 
and as periodic oscillations at different significance levels in the 
frequency domain [34]. Continuous Wavelet Transform (CWT) 
provides a key method for analyzing the time-frequency evolution 
characteristics of ENSO events by performing multi-scale 
decomposition of the energy distribution of one-dimensional non-
stationary signals. This paper adopts the Morlet wavelet function 
as the wavelet base function to decompose the ONI index into 
time-varying energy spectra at different time scales, revealing 
the multi-scale oscillatory characteristics of ENSO intensity and 
phase. Furthermore, the CWT results, through significance testing 
(Red Noise confidence test), can distinguish the real cycles of 
ENSO signals from random fluctuations. This provides a physical 
basis for the screening of coupled frequency bands between ENSO 
and typhoon parameters in subsequent Cross Wavelet and Wavelet 
Coherence analyses.
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subsequent Cross Wavelet and Wavelet Coherence analyses.

(a)Wavelet coefficient variance plot (b) The main period trend chart of the real part of the wavelet coefficient

(c) Contour diagram of the real part of the wavelet coefficient

Fig.2 Continuous wavelet transform (CWT) of the ONI index from 1950 to 2024

Figure 2 shows the Continuous Wavelet Transform (CWT) of the ONI index from 1950 to 2024. Figure 2(a) is

the wavelet coefficient variance plot, where the x-axis represents the time scale in months and the y-axis represents
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Figure 2: Continuous Wavelet Transform (CWT) of the ONI Index from 1950 to 2024

Figure 2 shows the Continuous Wavelet Transform (CWT) of the 
ONI index from 1950 to 2024. Figure 2(a) is the wavelet coefficient 
variance plot, where the x-axis represents the time scale in months 
and the y-axis represents the wavelet coefficient variance. Figure 
(b) is the trend plot of the real part of the wavelet coefficients for 
the primary periods, where the x-axis is time in months and the 
y-axis is the real part of the wavelet coefficients. Figure (c) is the 
contour map of the real part of the wavelet coefficients, where the 
x-axis is time (months), the y-axis is the time scale (months), and 
positive ONI regions (warm colors) correspond to El Niño states 
while negative regions (cool colors) correspond to La Niña states.

Each peak's x-coordinate in the wavelet coefficient variance plot 
represents a primary period—the time scale at which the fluctuation 
phenomenon occurs—corresponding to the time scale on the y-axis 
of the contour map. In the wavelet coefficient variance plot (Fig. 
2a), there are two significant peaks: the first peak is at 94 and the 
second is at 198. Correspondingly, in the contour map (Fig. 2c), 
two primary periods exist in the time scale: the first primary period 
has a scale of 94 months (7.83 years, approx. 7–8 years), and the 
second has a scale of 198 months (16.5 years, approx. 16–17 years). 
This indicates that from 1950 to 2024, the ONI index exhibits a 
first primary period at a 94-month scale (7–8 years) and a second 
primary period at a 198-month scale (16–17 years), corresponding 
to the interannual and decadal oscillations of ENSO, respectively.

In the trend plot of the real part of the wavelet coefficients, the time 
interval between two peaks represents a period—the repetition 
interval of the fluctuation phenomenon. In the contour map, this 
reflects the time interval for a set of signals to complete one 
positive-negative phase oscillation. In Figure 2(b), the average 
period of the real part of the wavelet coefficients for the first 
primary period is 60 months (approx. 5 years), and for the second 
primary period, it is approximately 10–11 years. This shows that 
from 1950 to 2024, the ONI index possesses a "small" cycle of 
about 5 years and a "large" cycle of 10–11 years, corresponding 

to the 5-year interannual oscillation and the 10–11 years decadal 
oscillation of ENSO.

Observing the contour map of the real part of the wavelet 
coefficients reveals that the interannual oscillation of ENSO has 
three significant periods: the early 1950s to early 1960s, the late 
1960s to the early 21st century, and the mid-2010s to the present. 
During these three periods, the ENSO signal is more prominent 
with larger amplitudes and higher intensity, while it remains 
weaker in other periods. The decadal oscillation of ENSO was not 
significant from the 1950s to the 1980s, with small amplitudes and 
energy spectrum density below the red noise test threshold (p>0.1). 
However, starting from the 1980s, the significance of the decadal 
oscillation enhanced and the amplitude increased, with energy 
spectrum density exceeding the red noise threshold (p<0.1). After 
the 21st century, the significance of the decadal oscillation reached 
a strong level with high amplitude and intensity, and the primary 
period has shown a decreasing trend.

4. Analysis of Typhoon Characteristics in the Northwest Pacific
This paper compiles Western North Pacific typhoon data from 
1950 to 2024, analyzing typhoon characteristics based on the 
following four parameters:
•	 Frequency of typhoons generated in the Western North Pacific 

per year (referred to as "Typhoon Frequency").
•	 Average extreme intensity of typhoons generated in the 

Western North Pacific per year (referred to as "Average 
Typhoon Intensity").

•	 Frequency of typhoons making landfall in China per year 
(referred to as "Landfall Typhoon Frequency").

•	 Average intensity at the moment of landfall for typhoons 
hitting China per year (referred to as "Average Landfall 
Typhoon Intensity").

4.1. Interannual Variation Characteristics
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"Average Typhoon Intensity").

(3) Frequency of typhoons making landfall in China per year (referred to as "Landfall Typhoon Frequency").

(4) Average intensity at the moment of landfall for typhoons hitting China per year (referred to as "Average

Landfall Typhoon Intensity").

3.1 Interannual Variation Characteristics

(a) Interannual Variation Trend of All Typhoon Frequencies (b)Interannual trend of average typhoon intensity

(c) Interannual Trend of Typhoon Landfall Frequency (d)Interannual trend of average intensity of landfall typhoons

Fig. 3 Time series of typhoon characteristics in the Northwest Pacific from 1950 to 2024

Figure 3 shows the time series of Western North Pacific (WNP) typhoon characteristics from 1950 to 2024,

including the interannual variation trends of typhoon frequency, average typhoon intensity, landfall typhoon

frequency, and average landfall typhoon intensity. According to statistics, between 1950 and 2024, there were a

total of 2,482 typhoon activities in the WNP region, averaging approximately 33 per year. A total of 670 typhoons

made landfall in China, averaging about 9 per year, with a landfall ratio of approximately 27%. The average

intensity of WNP typhoons is approximately 3.49 (Severe Tropical Storm level), while the average intensity of

landfall typhoons is approximately 2.90 (Tropical Storm level). The specific interannual variation characteristics of

the four sets of typhoon parameters are as follows:

As shown in Figure 3(a), over the 75-year period, the frequency of WNP typhoons shows a significant

decreasing trend. According to linear fitting, the typhoon frequency decreased by nearly 15 over these 75 years, a

reduction of about 37.5% since 1950. Furthermore, in the 30 years since 1995, the typhoon frequency reached the

average level in only 4 years; in nearly 90% of the years, the frequency was below average, and the highest

Figure 3: Time Series of Typhoon Characteristics in the Northwest Pacific from 1950 to 2024

Figure 3 shows the time series of Western North Pacific (WNP) 
typhoon characteristics from 1950 to 2024, including the 
interannual variation trends of typhoon frequency, average 
typhoon intensity, landfall typhoon frequency, and average landfall 
typhoon intensity. According to statistics, between 1950 and 2024, 
there were a total of 2,482 typhoon activities in the WNP region, 
averaging approximately 33 per year. A total of 670 typhoons 
made landfall in China, averaging about 9 per year, with a landfall 
ratio of approximately 27%. The average intensity of WNP 
typhoons is approximately 3.49 (Severe Tropical Storm level), 
while the average intensity of landfall typhoons is approximately 
2.90 (Tropical Storm level). The specific interannual variation 
characteristics of the four sets of typhoon parameters are as 
follows:

As shown in Figure 3(a), over the 75-year period, the frequency 
of WNP typhoons shows a significant decreasing trend. According 
to linear fitting, the typhoon frequency decreased by nearly 
15 over these 75 years, a reduction of about 37.5% since 1950. 
Furthermore, in the 30 years since 1995, the typhoon frequency 
reached the average level in only 4 years; in nearly 90% of the 
years, the frequency was below average, and the highest frequency 
was only 35 in 2013. This indicates a very severe decreasing trend 
in typhoon frequency. Additionally, the interannual variation of 
WNP typhoon frequency is large, with a maximum of 55 in 1967 

and a minimum of only 20 in 2010.

As shown in Figure 3(b), over the 75-year period, the overall 
trend of the average intensity of WNP typhoons is not significant, 
showing a slight increase of nearly 0.1 in the linear fitting results. 
The interannual variation is large, with the highest intensity of 4.62 
(Typhoon level) in 2015 and the lowest intensity of 2.54 (Tropical 
Storm level) in 1999.

As shown in Figure 3(c), over the 75-year period, the frequency 
of typhoon landfalls in China also shows a significant decreasing 
trend. Linear fitting shows a decrease of more than 2 landfalls over 
the 75 years, a reduction of about 20% since 1950. The interannual 
variation is substantial, with a maximum of 16 in 1952 and a 
minimum of 5 in 1982, 1997, and 2015.

As shown in Figure 3(d), over the 75-year period, the average 
intensity of landfall typhoons shows a significant increasing 
trend. According to linear fitting, the average intensity of landfall 
typhoons increased by approximately 1.0, an enhancement of 
about 41.7% since 1950. The interannual variation is also large, 
with a maximum intensity of 4.60 (Typhoon level) in 2015 and a 
minimum of 1.30 (Tropical Depression level) in 1950.

4.2. Characteristics of Changes During the Year
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frequency was only 35 in 2013. This indicates a very severe decreasing trend in typhoon frequency. Additionally,

the interannual variation of WNP typhoon frequency is large, with a maximum of 55 in 1967 and a minimum of

only 20 in 2010.

As shown in Figure 3(b), over the 75-year period, the overall trend of the average intensity of WNP typhoons

is not significant, showing a slight increase of nearly 0.1 in the linear fitting results. The interannual variation is

large, with the highest intensity of 4.62 (Typhoon level) in 2015 and the lowest intensity of 2.54 (Tropical Storm

level) in 1999.

As shown in Figure 3(c), over the 75-year period, the frequency of typhoon landfalls in China also shows a

significant decreasing trend. Linear fitting shows a decrease of more than 2 landfalls over the 75 years, a reduction

of about 20% since 1950. The interannual variation is substantial, with a maximum of 16 in 1952 and a minimum

of 5 in 1982, 1997, and 2015.

As shown in Figure 3(d), over the 75-year period, the average intensity of landfall typhoons shows a

significant increasing trend. According to linear fitting, the average intensity of landfall typhoons increased by

approximately 1.0, an enhancement of about 41.7% since 1950. The interannual variation is also large, with a

maximum intensity of 4.60 (Typhoon level) in 2015 and a minimum of 1.30 (Tropical Depression level) in 1950.

3.2 Characteristics of Changes During The Year

Fig. 4 Monthly average frequency and intensity distribution of typhoons in the Northwest Pacific from 1950 to 2024

Figure 4 shows the distribution of the average monthly frequency and average intensity of Western North

Pacific typhoons from 1950 to 2024, where warm colors represent the average monthly frequency and cool colors

represent the average monthly intensity. It can be seen that between 1950 and 2024, there were typhoon activities in

every month in the Western North Pacific, and there are obvious variations in typhoon frequency and intensity

across different months.

In terms of frequency, August is the month with the most frequent typhoon activity in the Western North

Figure 4: Monthly Average Frequency and Intensity Distribution of Typhoons in the Northwest Pacific from 1950 to 2024

Figure 4 shows the distribution of the average monthly frequency 
and average intensity of Western North Pacific typhoons from 
1950 to 2024, where warm colors represent the average monthly 
frequency and cool colors represent the average monthly intensity. 
It can be seen that between 1950 and 2024, there were typhoon 
activities in every month in the Western North Pacific, and there 
are obvious variations in typhoon frequency and intensity across 
different months.

In terms of frequency, August is the month with the most frequent 
typhoon activity in the Western North Pacific, with an average of 
7.41 occurrences; February is the month with the least typhoon 
activity, with an average of 0.35 occurrences. A frequency below 
1 reflects the fact that in many years, no typhoons were generated 
in February.

In terms of intensity, October is the month with the strongest 
typhoon activity in the Western North Pacific, with an average 

intensity of 4.07, reaching the "Typhoon" level on average; 
February is the month with the weakest typhoon activity, with an 
average intensity of 0.85, which is below the "Tropical Depression" 
level on average.

5. Correlation Analysis between ENSO and Typhoons in the 
Northwest Pacific
5.1. Pearson Correlation Analysis between ENSO and the 
Interannual Scale of Typhoons in the Northwest Pacific
In exploring the correlation between ENSO and Western 
North Pacific typhoon activity, this study first employs Pearson 
correlation analysis for a preliminary assessment. The results of 
this traditional statistical method serve as a baseline reference, 
providing a methodological contrast with the subsequent time-
frequency localized wavelet analysis. This approach allows for 
a clearer revelation of coupling characteristics in the relationship 
between ENSO and typhoon activity that might otherwise be 
obscured by global correlation.
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Pacific, with an average of 7.41 occurrences; February is the month with the least typhoon activity, with an average

of 0.35 occurrences. A frequency below 1 reflects the fact that in many years, no typhoons were generated in

February.

In terms of intensity, October is the month with the strongest typhoon activity in the Western North Pacific,

with an average intensity of 4.07, reaching the "Typhoon" level on average; February is the month with the weakest

typhoon activity, with an average intensity of 0.85, which is below the "Tropical Depression" level on average.

4 Correlation Analysis between ENSO and Typhoons in The Northwest Pacific

4.1 Pearson Correlation Analysis between ENSO and The Interannual Scale of Typhoons in
The Northwest Pacific

In exploring the correlation between ENSO and Western North Pacific typhoon activity, this study first

employs Pearson correlation analysis for a preliminary assessment. The results of this traditional statistical method

serve as a baseline reference, providing a methodological contrast with the subsequent time-frequency localized

wavelet analysis. This approach allows for a clearer revelation of coupling characteristics in the relationship

between ENSO and typhoon activity that might otherwise be obscured by global correlation.

Fig.5 Correlation between ONI and average intensity of typhoons in the Northwest Pacific The black dotted line is the neutral position line of ONI

Since the time scale of the ONI is monthly while the typhoon parameters are annual, in order to conduct a

Pearson correlation analysis to preliminarily analyze their association, we first performed an annual arithmetic

average of the ONI to obtain an annual average ONI time series (shown as the cool-colored curve in Figure 5).

Subsequently, Pearson correlation analysis was conducted between this series and the four sets of typhoon

parameter time series, yielding four sets of correlation coefficients, as shown in Table 3. It can be seen that typhoon

Figure 5: Correlation between ONI and Average Intensity of Typhoons in the Northwest Pacific The Black Dotted Line is the Neutral 
Position Line of ONI
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Since the time scale of the ONI is monthly while the typhoon 
parameters are annual, in order to conduct a Pearson correlation 
analysis to preliminarily analyze their association, we first 
performed an annual arithmetic average of the ONI to obtain 
an annual average ONI time series (shown as the cool-colored 
curve in Figure 5). Subsequently, Pearson correlation analysis 
was conducted between this series and the four sets of typhoon 
parameter time series, yielding four sets of correlation coefficients, 
as shown in Table 3. It can be seen that typhoon frequency and 

landfall typhoon frequency exhibit a negative correlation with 
the annual average ONI, whereas overall typhoon intensity and 
landfall typhoon intensity exhibit a positive correlation with the 
annual average ONI. Among these, overall typhoon intensity shows 
a strong correlation with the annual average ONI, as illustrated 
in Figure 5, while the other three show only weak correlations. 
Table 3 Correlation coefficients between ONI and typhoon in the 
Northwest Pacific from 1950 to 2024.

Pacific Northwest
Typhoon parameters

All typhoons
frequency

All typhoons
Average strength

Landfall typhoon
frequency

Landfall typhoon
Average strength

With ONI
Correlation Coefficient

-0.112 0.618 -0.298 0.237

5.2. Cross Wavelets and Wavelets Are Correlated with ENSO 
and Northwest Pacific Typhoons on the Interannual Scale
Continuous Wavelet Transform (CWT) analyzes the time-
frequency variation patterns of each variable individually. Based 
on CWT, Cross Wavelet Transform (XWT) and Wavelet Coherence 
(WTC) analysis can reveal regions with common signals between 
the cycles of two variables and their phase relationships [13], 
providing key tools for exploring the time-frequency correlation 
between ENSO and Western North Pacific typhoon activity.

In the cross wavelet power spectra and wavelet coherence spectra, 
the areas enclosed by thick black solid lines represent regions 
that have passed the 95% red noise confidence test, indicating 
significant signal zones. The thin solid conical line is the Cone 
of Influence (COI); regions outside this curve are not considered 
due to edge effects. The direction of the phase arrows reflects 
the lead-lag relationship between ENSO and typhoons, allowing 
for the determination of time delays between the various scale 
components of the two time series:

•	 Pointing right (0∘): Indicates the two signals are positively 
correlated.

•	 Pointing left (180∘): Indicates the two signals are negatively 
correlated.

•	 Pointing up (90∘): Indicates ENSO leads typhoons by 1/4 
cycle.

•	 Pointing down (270∘): Indicates typhoons lead ENSO by 1/4 
cycle.

•	 Pointing upper-right (45∘): Indicates ENSO leads typhoons 
by approximately 1/8 cycle, with a positive correlation.

•	 Pointing lower-left (225∘): Indicates typhoons lag behind 
ENSO by approximately 1/8 cycle, with a negative correlation.

The following are the cross wavelet and wavelet coherence spectra 
of the four sets of typhoon parameters and the ONI index at the 
interannual scale, with the left-axis period scale units in years.

5.2.1. ENSO Is Negatively Correlated with Typhoon Frequency
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4.2.1 ENSO Is Negatively Correlated with Typhoon Frequency

(a)XWT (b) WTC

Fig.6 Cross wavelet spectra (XWT) and wavelet coherence spectra (WTC) of typhoon frequencies between ONI and the Northwest Pacific from 1950 to 2024 on

the interannual scale

By comparing Figure 6(a) and (b), it can be observed that within the past 75 years, the cross wavelet spectrum

exhibits a significant negative resonance period on the 2–6 year scale and a generally significant positive resonance

period on the 10–15 year scale. Both show a strong correspondence in the wavelet coherence spectrum, indicating a

significant correlation between ENSO and Western North Pacific typhoon frequency. This correlation possesses

time-varying multimodal characteristics, where the positive or negative nature of the correlation varies depending

on the chosen period scale—specifically, a negative correlation mode on the 2–6 year scale and a positive

correlation mode on the 10–15 year scale. Specifically, from 1960 to 1990, a strong negative correlation existed

between ENSO and Western North Pacific typhoon frequency on the 2–6 year cycle; the phase arrows generally

point from upper-left to horizontally left, indicating that typhoons slightly led ENSO during this period.

Furthermore, the cross wavelet spectrum displays a positive-phase resonance period of 2–4 years between 1995 and

2000, and a positive-phase resonance period of 10–15 years after 1980. This indicates that ENSO and the frequency

of all Western North Pacific typhoon activities also showed a significant positive correlation during these intervals,

with phase arrows pointing generally toward the upper-right, suggesting that ENSO slightly led typhoons during

these times.

4.2.2 ENSOWas Significantly Positively Correlated with The Average Intensity of Typhoons

Figure 6: Cross Wavelet Spectra (XWT) and Wavelet Coherence Spectra (WTC) of Typhoon Frequencies between ONI and the 
Northwest Pacific from 1950 to 2024 on the Interannual Scale
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By comparing Figure 6(a) and (b), it can be observed that within 
the past 75 years, the cross wavelet spectrum exhibits a significant 
negative resonance period on the 2–6 year scale and a generally 
significant positive resonance period on the 10–15 year scale. Both 
show a strong correspondence in the wavelet coherence spectrum, 
indicating a significant correlation between ENSO and Western 
North Pacific typhoon frequency. This correlation possesses time-
varying multimodal characteristics, where the positive or negative 
nature of the correlation varies depending on the chosen period 
scale—specifically, a negative correlation mode on the 2–6 years 
scale and a positive correlation mode on the 10–15 years scale. 
Specifically, from 1960 to 1990, a strong negative correlation 
existed between ENSO and Western North Pacific typhoon 

frequency on the 2–6 years cycle; the phase arrows generally 
point from upper-left to horizontally left, indicating that typhoons 
slightly led ENSO during this period. Furthermore, the cross 
wavelet spectrum displays a positive-phase resonance period of 
2–4 years between 1995 and 2000, and a positive-phase resonance 
period of 10–15 years after 1980. This indicates that ENSO and 
the frequency of all Western North Pacific typhoon activities also 
showed a significant positive correlation during these intervals, 
with phase arrows pointing generally toward the upper-right, 
suggesting that ENSO slightly led typhoons during these times.

5.2.2. ENSO was Significantly Positively Correlated with the 
Average Intensity of Typhoons
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(a) XWT (b) WTC

Fig.7 Cross wavelet spectra (XWT) and wavelet coherence spectra (WTC) of ONI and Northwest Pacific typhoon intensity at the interannual scale from 1950 to

2024

By comparing Figure 7(a) and (b), it can be observed that within the past 75 years, the cross wavelet spectrum

exhibits significant positive resonance periods on the 2–6 year and 10–15 year scales, and in the corresponding

wavelet coherence spectrum, the significant correlation region on the 2–6 year scale spans almost the entire study

period, while the significant correlation region on the 10–15 year scale has also persisted from 1990 to the present,

indicating a significant and continuous positive correlation between ENSO and the average intensity of Western

North Pacific typhoons on an interannual scale. From 1965 to 1985, the phase arrows on the 2–6 year scale point

generally toward the upper-right, indicating that ENSO slightly led typhoons during this period; in other periods,

the phase arrows for both the 2–6 year and 10–15 year scales point consistently and horizontally to the right,

showing that ENSO and typhoon intensity changed in synchronization.

4.2.3 ENSO Is Negatively Correlated with The Frequency of Landfall Typhoons

(a) XWT (b) WTC

Figure 7: Cross Wavelet Spectra (XWT) and Wavelet Coherence Spectra (WTC) of ONI and Northwest Pacific Typhoon Intensity at the 
Interannual Scale from 1950 to 2024

By comparing Figure 7(a) and (b), it can be observed that within 
the past 75 years, the cross wavelet spectrum exhibits significant 
positive resonance periods on the 2–6 year and 10–15 year 
scales, and in the corresponding wavelet coherence spectrum, the 
significant correlation region on the 2–6 year scale spans almost 
the entire study period, while the significant correlation region on 
the 10–15 year scale has also persisted from 1990 to the present, 
indicating a significant and continuous positive correlation 
between ENSO and the average intensity of Western North Pacific 
typhoons on an interannual scale. From 1965 to 1985, the phase 

arrows on the 2–6 years scale point generally toward the upper-
right, indicating that ENSO slightly led typhoons during this 
period; in other periods, the phase arrows for both the 2–6 year 
and 10–15 years scales point consistently and horizontally to 
the right, showing that ENSO and typhoon intensity changed in 
synchronization.

5.2.3. ENSO Is Negatively Correlated with the Frequency of 
Landfall Typhoons
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(a) XWT (b) WTC

Fig.7 Cross wavelet spectra (XWT) and wavelet coherence spectra (WTC) of ONI and Northwest Pacific typhoon intensity at the interannual scale from 1950 to

2024

By comparing Figure 7(a) and (b), it can be observed that within the past 75 years, the cross wavelet spectrum

exhibits significant positive resonance periods on the 2–6 year and 10–15 year scales, and in the corresponding

wavelet coherence spectrum, the significant correlation region on the 2–6 year scale spans almost the entire study

period, while the significant correlation region on the 10–15 year scale has also persisted from 1990 to the present,

indicating a significant and continuous positive correlation between ENSO and the average intensity of Western

North Pacific typhoons on an interannual scale. From 1965 to 1985, the phase arrows on the 2–6 year scale point

generally toward the upper-right, indicating that ENSO slightly led typhoons during this period; in other periods,

the phase arrows for both the 2–6 year and 10–15 year scales point consistently and horizontally to the right,

showing that ENSO and typhoon intensity changed in synchronization.

4.2.3 ENSO Is Negatively Correlated with The Frequency of Landfall Typhoons

(a) XWT (b) WTC

Figure 8: Cross Wavelet Spectra (XWT) and Wavelet Coherence Spectra (WTC) of the Frequency of ONI and Northwest Pacific 
Landfall Typhoons from 1950 to 2024 on the Interannual Scale

By comparing Figure 8(a) and (b), it can be observed that within the 
past 75 years, between 1965 and 2000, the cross wavelet spectrum 
and the corresponding wavelet coherence spectrum exhibit a 
significant resonance period on the 2–6 year scale with a negative 
phase, meaning there is a strong correlation between ENSO and 
the frequency of Western North Pacific landfall typhoons; the 
phase arrows generally point from the upper-left to horizontally 
left, indicating that typhoon variations slightly led ENSO during 
this period. While the cross wavelet spectrum shows a negative-

phase resonance period of 2–6 years between 2015 and 2020, the 
corresponding correlation on this scale in the wavelet coherence 
spectrum is not significant; therefore, ENSO and the frequency 
of Western North Pacific landfall typhoons did not exhibit a clear 
correlation during that timeframe.

5.2.4. ENSO is Positively Correlated with the Average Intensity 
of Landfall Typhoons
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Fig.8 Cross wavelet spectra (XWT) and wavelet coherence spectra (WTC) of the frequency of ONI and Northwest Pacific landfall typhoons from 1950 to 2024

on the interannual scale

By comparing Figure 8(a) and (b), it can be observed that within the past 75 years, between 1965 and 2000,

the cross wavelet spectrum and the corresponding wavelet coherence spectrum exhibit a significant resonance

period on the 2–6 year scale with a negative phase, meaning there is a strong correlation between ENSO and the

frequency of Western North Pacific landfall typhoons; the phase arrows generally point from the upper-left to

horizontally left, indicating that typhoon variations slightly led ENSO during this period. While the cross wavelet

spectrum shows a negative-phase resonance period of 2–6 years between 2015 and 2020, the corresponding

correlation on this scale in the wavelet coherence spectrum is not significant; therefore, ENSO and the frequency of

Western North Pacific landfall typhoons did not exhibit a clear correlation during that timeframe.

4.2.4 ENSO Is Positively Correlated with The Average Intensity of Landfall Typhoons

(a) XWT (b) WTC

Fig.9 Interannual ONI and wavelet coherence spectra (WTC) of the intensity of landfall typhoons in the Northwest Pacific from 1950 to 2024

By comparing Figure 9(a) and (b), it can be observed that within the past 75 years, the cross wavelet spectrum

exhibits significant positive resonance periods on the 2–6 year and 10–15 year scales; on the corresponding wavelet

coherence spectrum, the significant correlation region on the 2–6 year scale persists intermittently throughout the

study period, while the significant correlation region on the 10–15 year scale has persisted from 1995 to the present,

indicating a significant and intermittently continuous positive correlation between ENSO and the average intensity

of Western North Pacific landfall typhoons on an interannual scale. From 2015 to the present, the phase arrows on

the 2–6 year scale point generally from the lower-right to horizontally right, indicating that typhoons slightly led

ENSO during this period; in other periods, the phase arrows for both the 2–6 year and 10–15 year scales point

basically from horizontally right to vertically upward, with ENSO leading typhoons by up to 1/4 cycle.

Combining the four sets of cross wavelet and wavelet coherence spectra above, we find that only typhoon

frequency exhibits time-varying multimodal characteristics. Among the four sets of analyses, ENSO is basically

Figure 9: Interannual ONI and Wavelet Coherence Spectra (WTC) of the Intensity of Landfall Typhoons in the Northwest Pacific from 
1950 to 2024

By comparing Figure 9(a) and (b), it can be observed that within 
the past 75 years, the cross wavelet spectrum exhibits significant 
positive resonance periods on the 2–6 year and 10–15 year scales; 

on the corresponding wavelet coherence spectrum, the significant 
correlation region on the 2–6 years scale persists intermittently 
throughout the study period, while the significant correlation 
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region on the 10–15 year scale has persisted from 1995 to the 
present, indicating a significant and intermittently continuous 
positive correlation between ENSO and the average intensity of 
Western North Pacific landfall typhoons on an interannual scale. 
From 2015 to the present, the phase arrows on the 2–6 years 
scale point generally from the lower-right to horizontally right, 
indicating that typhoons slightly led ENSO during this period; in 
other periods, the phase arrows for both the 2–6 year and 10–15 
years scales point basically from horizontally right to vertically 
upward, with ENSO leading typhoons by up to 1/4 cycle.

Combining the four sets of cross wavelet and wavelet coherence 
spectra above, we find that only typhoon frequency exhibits 
time-varying multimodal characteristics. Among the four sets of 
analyses, ENSO is basically negatively correlated with typhoon 
frequency and landfall typhoon frequency, while it is positively 
correlated with average typhoon intensity and average landfall 
typhoon intensity. Specifically, the correlation between ENSO and 
average typhoon intensity is the most significant, spanning nearly 
the entire study period; the correlation with landfall typhoon 
intensity is relatively significant and persists intermittently 
throughout the study period; and the correlations with typhoon 
frequency and landfall typhoon frequency are also relatively 
significant.

5.3. ENSO and the Interlude Wavelength of Typhoons in the 
Northwest Pacific Ocean are Coherent with Wavelets
After completing the cross-wavelet and wavelet coherence analysis 
of ENSO and Western North Pacific typhoons at the interannual 

scale, this study further focuses on time-frequency correlation 
characteristics at the monthly scale. The necessity of this approach 
lies in the fact that the dynamic evolution of ENSO events 
(such as the developing, mature, and decaying phases) and their 
modulating effects on typhoon activity often exhibit significant 
phase-dependent differences; interannual analysis may obscure the 
details of such short-period interactions. Through monthly-scale 
wavelet analysis, it is possible to more precisely capture the time-
varying coupling relationship between ENSO signals and typhoon 
frequency and intensity.

Since the time scale of the ONI is monthly while the typhoon 
parameters are annual, to further analyze their correlation at the 
monthly scale, we first converted the typhoon parameters into 
monthly anomaly data to obtain monthly anomaly time series. 
These were then used for cross-wavelet and wavelet coherence 
analysis with the ONI time series. Considering that landfall 
typhoons only occur during the summer and autumn, and their 
frequency/intensity is essentially zero during winter and spring—
lacking global continuity—the monthly scale analysis only 
discusses typhoon frequency and overall typhoon intensity. The 
following are the cross-wavelet and wavelet coherence spectra of 
typhoon frequency, overall average typhoon intensity, and the ONI 
index at the monthly scale, with the left-axis period scale units in 
months.

5.3.1. At the Monthly Scale, ENSO was Significantly Negatively 
Correlated with Typhoon Frequency
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negatively correlated with typhoon frequency and landfall typhoon frequency, while it is positively correlated with

average typhoon intensity and average landfall typhoon intensity. Specifically, the correlation between ENSO and

average typhoon intensity is the most significant, spanning nearly the entire study period; the correlation with

landfall typhoon intensity is relatively significant and persists intermittently throughout the study period; and the

correlations with typhoon frequency and landfall typhoon frequency are also relatively significant.

4.3 ENSO and The Interlude Wavelength of Typhoons in The Northwest Pacific Ocean Are
Coherent with Wavelets

After completing the cross-wavelet and wavelet coherence analysis of ENSO and Western North Pacific

typhoons at the interannual scale, this study further focuses on time-frequency correlation characteristics at the

monthly scale. The necessity of this approach lies in the fact that the dynamic evolution of ENSO events (such as

the developing, mature, and decaying phases) and their modulating effects on typhoon activity often exhibit

significant phase-dependent differences; interannual analysis may obscure the details of such short-period

interactions. Through monthly-scale wavelet analysis, it is possible to more precisely capture the time-varying

coupling relationship between ENSO signals and typhoon frequency and intensity.

Since the time scale of the ONI is monthly while the typhoon parameters are annual, to further analyze their

correlation at the monthly scale, we first converted the typhoon parameters into monthly anomaly data to obtain

monthly anomaly time series. These were then used for cross-wavelet and wavelet coherence analysis with the ONI

time series. Considering that landfall typhoons only occur during the summer and autumn, and their

frequency/intensity is essentially zero during winter and spring—lacking global continuity—the monthly scale

analysis only discusses typhoon frequency and overall typhoon intensity. The following are the cross-wavelet and

wavelet coherence spectra of typhoon frequency, overall average typhoon intensity, and the ONI index at the

monthly scale, with the left-axis period scale units in months.

4.3.1 At The Monthly Scale, ENSO Was Significantly Negatively Correlated with Typhoon
Frequency

(a) XWT (b) WTC

Figure 10: Cross Wavelet Spectra (XWT) and Wavelet Coherence Spectra (WTC) of the Anomaly between ONI and Northwest Pacific 
Typhoon Frequencies at the Intermonthly Scale from 1950 to 2024

By comparing Figure 10(a) and (b), it can be observed that within 
the past 75 years, the cross wavelet spectrum exhibits a significant 
negative resonance period near the 2–6 year scale, which spans 
almost the entire study period; additionally, a generally significant 

positive resonance period exists near the 10–15 year scale. In 
the corresponding wavelet coherence spectrum, the significant 
correlation region on the 2–6 years scale persists throughout nearly 
the entire study period, while the significant correlation region on 
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the 10–15 years scale has persisted from 1995 to the present. This 
indicates that at the monthly scale, a significant correlation exists 
between ENSO and Western North Pacific typhoon frequency, 
and this correlation also exhibits time-varying multimodal 
characteristics—specifically, a negative correlation mode on the 
2–6 years scale and a positive correlation on the 10–15 years scale. 
At the monthly scale, ENSO and Western North Pacific typhoon 
frequency show a significant negative correlation on the 2–6 years 
scale, with phase arrows generally pointing from the upper-left 

to horizontally left, indicating that typhoons slightly led ENSO 
during this period; furthermore, they show a significant positive 
correlation on the 10–15 year scale, with phase arrows pointing 
generally from the upper-right to horizontally right, indicating that 
ENSO slightly led typhoons during this timeframe.

5.3.2. At the Intermonthly Scale, ENSO was Significantly 
Positively Correlated with the Average Intensity of Typhoons

18 / 24

Fig.10 Cross wavelet spectra (XWT) and wavelet coherence spectra (WTC) of the anomaly between ONI and Northwest Pacific typhoon frequencies at the

intermonthly scale from 1950 to 2024

By comparing Figure 10(a) and (b), it can be observed that within the past 75 years, the cross wavelet

spectrum exhibits a significant negative resonance period near the 2–6 year scale, which spans almost the entire

study period; additionally, a generally significant positive resonance period exists near the 10–15 year scale. In the

corresponding wavelet coherence spectrum, the significant correlation region on the 2–6 year scale persists

throughout nearly the entire study period, while the significant correlation region on the 10–15 year scale has

persisted from 1995 to the present. This indicates that at the monthly scale, a significant correlation exists between

ENSO and Western North Pacific typhoon frequency, and this correlation also exhibits time-varying multimodal

characteristics—specifically, a negative correlation mode on the 2–6 year scale and a positive correlation on the

10–15 year scale. At the monthly scale, ENSO and Western North Pacific typhoon frequency show a significant

negative correlation on the 2–6 year scale, with phase arrows generally pointing from the upper-left to horizontally

left, indicating that typhoons slightly led ENSO during this period; furthermore, they show a significant positive

correlation on the 10–15 year scale, with phase arrows pointing generally from the upper-right to horizontally right,

indicating that ENSO slightly led typhoons during this timeframe.

4.3.2 At The Intermonthly Scale, ENSO Was Significantly Positively Correlated with The
Average Intensity of Typhoons

(a) XWT (b) WTC

Fig.11 Cross wavelet spectra (XWT) and wavelet coherence spectra (WTC) of anomalies between ONI and all typhoons in the Northwest Pacific at the

intermonthly scale from 1950 to 2024

By comparing Figure 11(a) and (b), it can be observed that within the past 75 years, the cross wavelet

spectrum exhibits significant positive resonance periods on the 2–6 year and 10–15 year scales; in the

corresponding wavelet coherence spectrum, the significant correlation region on the 2–6 year scale persists

intermittently throughout the study period, while the significant correlation region on the 10–15 year scale has

persisted from around 1995 to the present, indicating a significant and intermittently continuous positive correlation

between ENSO and the average intensity of Western North Pacific typhoons at the monthly scale. From 1960 to

Figure 11: Cross Wavelet Spectra (XWT) and Wavelet Coherence Spectra (WTC) of Anomalies between ONI and all Typhoons in the 
Northwest Pacific at the Intermonthly Scale from 1950 to 2024

By comparing Figure 11(a) and (b), it can be observed that within 
the past 75 years, the cross wavelet spectrum exhibits significant 
positive resonance periods on the 2–6 year and 10–15 year scales; 
in the corresponding wavelet coherence spectrum, the significant 
correlation region on the 2–6 year scale persists intermittently 
throughout the study period, while the significant correlation 
region on the 10–15 year scale has persisted from around 1995 to 
the present, indicating a significant and intermittently continuous 
positive correlation between ENSO and the average intensity of 
Western North Pacific typhoons at the monthly scale. From 1960 to 
1970, a brief negative correlation appeared on the 2–6 years scale, 
with phase arrows pointing generally from vertically upward to 
the upper-left, indicating that typhoons slightly led ENSO during 
this period; in other periods, the phase arrows for both the 2–6 year 
and 10–15 years scales point generally from horizontally right to 
vertically upward, indicating that ENSO led typhoons and the two 
were positively correlated.

Combining the two sets of cross wavelet and wavelet coherence 
spectra above, we find that at the monthly scale, the correlation 
between ENSO and typhoon frequency is more significant than 
at the interannual scale, with the correlation spanning nearly the 
entire study period; however, the correlation between ENSO and 
average typhoon intensity is less significant than at the interannual 
scale, with the correlation persisting intermittently throughout 

the study period. The positive and negative correlations between 
ENSO and typhoon frequency still exhibit different directional 
characteristics depending on the chosen period scale.

6. Conclusion and Discussion
6.1. Conclusion
Based on the Ocean Niño Index (ONI) and Western North Pacific 
typhoon data from 1950–2024, this study analyzed the intensity 
variations and time-frequency characteristics of ENSO, examined 
the characteristic changes in Western North Pacific typhoon 
frequency, average typhoon intensity, landfall typhoon frequency, 
and landfall typhoon intensity, and finally analyzed the correlation 
between ENSO and Western North Pacific typhoon activity. The 
main conclusions are as follows:
•	 Between 1950–2024, a total of 24 El Niño events and 20 La 

Niña events occurred. El Niño events occurred more frequently 
and had a higher average peak intensity than La Niña events, 
while La Niña events had a longer average duration than El 
Niño events.

•	 Between 1950–2024, ENSO exhibited multi-scale periodic 
variations. In the frequency domain, there was an interannual 
oscillation with a time scale of 94 months (approx. 7–8 years) 
and a temporal period of about 5 years; there was also a 
decadal oscillation with a time scale of 198 months (approx. 
16–17 years) and a temporal period of about 10–11 years.
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•	 Between 1950–2024, the Western North Pacific region 
recorded a total of 2,482 typhoon activities, averaging about 
33 per year with an average intensity of 3.49 (Severe Tropical 
Storm level). A total of 670 typhoons made landfall in China, 
averaging about 9 per year with an average intensity of 2.90 
(Tropical Storm level). Regarding interannual trends, Western 
North Pacific typhoon frequency and landfall frequency 
decreased significantly, while landfall intensity increased 
significantly. Seasonally, Western North Pacific typhoons 
are most frequent in August and least frequent in February; 
intensity is strongest in October and weakest in February.

•	 Cross-wavelet transform and wavelet coherence analysis 
indicate that ENSO is negatively correlated with typhoon 
frequency and landfall typhoon frequency on a 2–6 years 
scale with moderate significance, suggesting that ENSO has 
a certain inhibitory effect on Western North Pacific typhoon 
frequency, with typhoon activity slightly leading ENSO. 
ENSO is positively correlated with average typhoon intensity 
and average landfall typhoon intensity on the 2–6 year and 
10–15 years scales with strong significance, indicating that 
ENSO significantly enhances Western North Pacific typhoon 
intensity, with ENSO activity slightly leading the typhoons.

•	 At the monthly scale, the correlation between ENSO and 
typhoon frequency is more significant than at the interannual 
scale, whereas the correlation between ENSO and average 
typhoon intensity is less significant than at the interannual 
scale. Furthermore, the positive and negative correlations 
between ENSO and typhoon frequency exhibit different 
directions depending on the chosen period scale.

6.2. Discussion
The regulatory mechanisms of ENSO on Western North Pacific 
typhoon frequency and intensity are complex. The mechanisms by 
which ENSO inhibits frequency while enhancing intensity can be 
analyzed from several perspectives: During El Niño, the abnormal 
warming of the equatorial Eastern Pacific triggers anomalies in the 
Walker circulation, strengthening descending motion in the Western 
North Pacific and suppressing convection. Simultaneously, the 
weakening of the southeast trade winds causes warm pool water 
to flow eastward, leading to a decrease in sea surface temperatures 
(SST) in the Western North Pacific warm pool. These disrupted 
formation conditions suppress typhoon frequency. Furthermore, 
the drop in SST causes the Subtropical High to retreat eastward, 
shifting the monsoon trough eastward and southward. This forces 
typhoon formation zones to shift toward the open ocean. Typhoons 
generated in these distant waters have longer migration paths and 
stay longer over open sea, providing them with more time to absorb 
oceanic heat. Additionally, under the context of global warming, 
the overall rise in Western North Pacific SST provides extra energy 
for intensification despite fewer total occurrences, thus enhancing 
typhoon intensity [35-38].

The fact that the negative correlation with typhoon frequency is 
more significant at the monthly scale, while the positive correlation 
with intensity is more prominent at the interannual scale, deepens 
our understanding of the spatio-temporal differentiation of 

ENSO’s regulation. This complements the research regarding the 
enhancement of summer typhoon activity by persistent La Niña 
events; while the latter emphasizes the impact of ENSO duration, 
this study resolves the dynamic association from the perspective of 
periodic characteristics [39].

When ENSO enhances Western North Pacific typhoon intensity, 
the ENSO variation leads the typhoon variation. This conclusion 
supports the theory that ENSO indirectly affects typhoon intensity 
by modulating large-scale environmental fields. It echoes the 
research by Huang et al. On the irreversibility of the Western 
North Pacific anomalous anticyclone, which points out that ENSO 
influences atmospheric circulation by regulating SST anomalies; 
meanwhile, this study reveals the phase-lead relationship of ENSO 
over typhoon changes through wavelet analysis [40,41,24].

Despite the progress made, several limitations remain: 1) 
Insufficient ENSO classification: The current analysis does not 
distinguish between Eastern Pacific (EP) and Central Pacific (CP) 
El Niño/La Niña events. CP El Niño events may alter intensity 
distributions by extending the duration of rapid intensification, a 
heterogeneity that this study may have obscured. Future research 
could construct a dynamic ENSO classification framework to 
quantify response differences. 2) Limitations in mechanistic 
explanation: This study is primarily based on statistical correlation 
and lacks quantitative analysis of physical processes (e.g., air-
sea interaction, latent heat flux changes). Subsequent research 
could utilize CESM or CMIP6 models to conduct air-sea coupling 
experiments to quantify the relative contributions of ocean heat 
content and vertical wind shear. 3) Data resolution constraints: 
Reliance on historical meteorological records may lead to an 
underestimation of early typhoon intensities. Future work could 
incorporate satellite remote sensing inversion data (e.g., SST and 
wind field reconstruction) to improve accuracy [42].
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