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Previous studies have noted an abrupt decrease in western North Pacific (WNP) tropical cyclone (TC) genesis frequency and a westward shift in genesis location since the late 1990s. The recent application of cluster analysis in TC research shows the effect of detecting the contribution of the Western North Pacific Subtropical High (WNPSH) and the interdecadal Pacific oscillation (IPO) on interdecadal change in WNP TCs. In this work, we also apply a clustering algorithm called pHash + Kmeans to group WNP TCs into three classes based on their genesis environmental conditions. The clustering results show that an abrupt decrease after 1998 is related primarily to a decrease in the dominant class (Class3, located mainly in the southern and eastern WNP), and an increase after 2010 occurs because of a new dominant class (Class1, located mainly in the northwestern WNP), which indicates that the WNP environment suppresses Class3 genesis after 1998 and enhances Class1 genesis after 2010. Three periods (P1: 1979–1997, P2: 1998–2010, and P3: 2011–2020) and three regions (SCS: 100°E-120°E, EQ-30°N; WNP1: 120°E-140°E, EQ-30°N; and WNP2: 140°E-160°W, EQ-30°N) are divided to further confirm the above findings. In P1, high (low) mid-level relative humidity (RH), intense (weak) low-level vorticity, and weak (strong) vertical wind shear (VWS) are distributed in WNP2 (SCS and WNP1), indicating suitable environmental conditions for TC genesis in WNP2 but unsuitable conditions in SCS and WNP1. This situation is the opposite in P2, leading to a decrease in genesis frequency and a westward shift in genesis location. In P3, strong low-pressure vorticity and thermodynamic conditions occur in SCS and WNP1, contributing to an increase in TC genesis frequency.
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1 INTRODUCTION
In recent years, interdecadal variation in tropical cyclone (TC) activity over the western North Pacific (WNP) has been an area of active research. Numerous works have reported that a pronounced interdecadal change in WNP TC activity occurred in the late 1990s, including a decrease in genesis frequency and a westward shift in genesis location (Chan, 2008; Liu and Chan, 2008; Tu et al., 2011; Liu and Chan, 2013; Yokoi and Takayabu, 2013; He et al., 2015; Hong et al., 2016; Huangfu et al., 2017a; Huangfu et al., 2017b). These interdecadal changes are related to variations in environmental conditions and are influenced by large-scale circulations. Several studies (Tu et al., 2011; Liu and Chan, 2013; Zhao et al., 2014; Choi et al., 2015; Liu et al., 2019) have indicated that the inactive period of WNP TC activity is closely related to strengthening of vertical wind shear (VWS) over the eastern tropical WNP, which plays a vital role. Following these conclusions, Zhang et al. (2017) and Zhang et al. (2018) noted that the enhancement of warming over the North Atlantic also influences interdecadal change in WNP TC frequency by intensifying VWS in the southeastern WNP through the Walker circulation. Variation of sea surface temperature (SST) is also an essential influence on interdecadal change in WNP TCs (Kubota and Chan, 2009; Choi et al., 2015; He et al., 2015; Hsu et al., 2017; Wu R. et al., 2020). Hong et al. (2016) indicated that the La Niña–type pattern during the late 1990s is associated with an increase in VWS, anomalous vertical transport of water vapour, and increasing mid-level moisture, which is responsible for the shift in WNP TC genesis position. Hu et al. (2018) analysed the change in WNP TC genesis longitude and latitude separately and found that the change in mean longitude is closely linked to ENSO diversity, and the change in mean latitude is dominated by a warming WNP, which is induced by an interdecadal tendency of central Pacific La Niña–like events. Cao et al. (2020) indicated that a La Niña event and warming over the North Atlantic occurred in the 1990s and caused a northwestward shift in autumn TCs over the WNP. Additionally, the Western North Pacific Subtropical High (WNPSH) (Kim and Seo, 2016; Wu Q. et al., 2020), the East Asia winter monsoon (Choi et al., 2017), the monsoon trough (MT) (Huangfu et al., 2017a; Huangfu et al., 2017b), and the tropical upper tropospheric trough (Wu et al., 2015) are also essential in modulating interdecadal change in WNP TCs.
Some recent studies have attempted to understand TC activity in detail with the help of cluster analysis (e.g., Choi an Kim, 2009; Kim et al., 2011; Daloz et al., 2015; Kim and Seo, 2016; Boudreault et al., 2017; Ramsay et al., 2012, 2018). Clustering algorithms were applied to group TC cases into several classes based on their tracks. The TC cases in the different classes vary in position, intensity, and timing. Analysis of the contributors to the different classes enables a deeper, more detailed understanding of TC activity. A recent work by Zhao et al. (2018) grouped WNP TC tracks into three classes, of which the dominant class was closely related to the interdecadal Pacific oscillation (IPO). The relationship between the IPO and the dominant class was then analysed. The results show that the negative phase of the IPO during the late 1990s corresponds to a La Niña pattern, which intensified the Walker circulation and weakened the WNP MT, suppressing subsequent WNP TC genesis. Wu et al. (2020) also focused on one dominant class from clustering results and found modulation by interdecadal change of the WNPSH on the longitudinal shift of WNP TC tracks. These two works show that cluster analysis can potentially increase our understanding of interdecadal change in TC activity by analysing the dominant classes.
Regarding previous research, changing environmental conditions like SST and VWS play essential roles in the interdecadal change in WNP TC activity. In this case, we assume that the TC genesis environment can play the same role as TC tracks in clustering WNP TCs. Because of changes in environmental conditions, clustering results show distinct differences in time series. Different classes are concentrated in different periods, and analysing the dominant class in different periods helps indicate the interdecadal change in the WNP environment and WNP TC activity. According to previous works (e.g., Kim et al., 2011), clustering algorithms have limitations regarding TC tracks because the tracks have different shapes. However, selecting environmental fields of a fixed shape can avoid this problem. The properties and environmental conditions of each class are compared for further analysis of the interdecadal change in WNP TC genesis.
This paper is organized as follows: Section 2 introduces the datasets, clustering algorithm, and analysis methods. Section 3 contains the analysis of the clustering results. Section 4 further analyses the decadal change in TC genesis in the WNP based on the clustering results; the environmental conditions for the decadal change are also discussed. A summary and conclusion are provided in Section 5.
2 DATA AND METHODS
2.1 Data
In this work, TC best-track data were obtained from the International Best Track Archive for Climate Stewardship (IBTrACS) dataset (Knapp et al., 2010; Knapp and Kruk, 2010), including the time, position, and intensity (maximum sustained wind speed, MSWS) of TCs at 6-h intervals. Here we used data during 1979–2020 to remove any questionable data from the pre-satellite era, and only TC cases of tropical depression intensity (MSWS>23 kts) were selected.
Several atmospheric and oceanic variables were used for clustering, including 6-hourly SST, 600 hPa relative humidity (RH), 850 hPa relative vorticity (RV), and wind at 850 and 200 hPa from the European Centre for Medium-Range Weather Forecasts (ECMWF) Reanalysis v5 (ERA5) hourly dataset (Hersbach et al., 2020). Wind data were used for calculating VWS between 850 and 200 hPa. For each TC case, we selected 9° × 9° environmental fields centred on the TC genesis position. The environmental fields consist of SST, RH, RV, and VWS with a spatial resolution of 1° × 1°, which refers to one sample as a 4 × 9 × 9 matrix. Accordingly, we built a dataset consisting of 1,081 TC genesis samples.
For further analysis of the interdecadal change in WNP TCs, monthly data for SST, 600 hPa RH, 850 hPa RV, specific humidity, and temperature at all profiles, wind at 850 hPa and 200 hPa, mean sea level pressure, and geopotential were also derived from the ERA5 monthly dataset.
2.2 Methods
2.2.1 PHash + Kmeans Clustering Algorithm
The clustering algorithm used in this study is the K-means clustering algorithm (Jain, 2010), one of the most widely used. It is an unsupervised machine learning algorithm, which means it can learn characteristics from data without external help. Its procedure is as follows: K centroids are randomly selected from the whole dataset to cluster data into different classes. The distance between each sample and the centroids is calculated for each sample in the dataset. Then based on the distance, different samples are allocated into the closest centroid, and k clusters are formed. In each cluster, a new centroid is then selected. This process is iterated to update the centroids and clusters until all centroids have little change.
In K-means, the distance is used to distinguish the similarity between samples and cluster centroids, by which the algorithm can group samples to the closest cluster. The classical K-means algorithm usually uses the Euclidian distance:
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where n refers to the data count in one sample, and [image: image] and [image: image] refer to the [image: image]th data in samples A and B. The Euclidian distance focuses on the similarity of the value and ignores the global characteristics of the data. Therefore, although it has worked well in previous studies using clustered TC tracks, it is not suitable for the 3-dimensional environmental field data in our work. To prevent this, we propose the pHash + Kmeans algorithm, in which we select the perceptual hashing (pHash) value with the Hamming distance (Venkatesan et al., 2000) to replace the Euclidean distance.
The pHash algorithm derives the fingerprint of image data and is popular for distinguishing different images. Its procedure is as follows, for each matrix: 1) perform the discrete cosine transform (DCT) and get the DCT matrix; 2) calculate the mean value of the DCT matrix; and 3) calculate the pHash value: compare each data point in the DCT matrix with the mean value; greater than or equal to the mean value is recorded as 1, and less than the mean value is recorded as 0. The new matrix of 0 and 1 is called the pHash value. After getting the pHash value of each matrix, the Hamming distance (the Hamming distance between two matrices is the number of positions in which the values are different) of different matrices is calculated. The samples in our work are 4 × 9 × 9 matrices with four variables, so we first calculate the pHash value matrix of each variable, then concatenate all matrices into one to represent the pHash value of one sample. Figure 1 shows the detailed procedure of the pHash + Kmeans algorithm.
[image: Figure 1]FIGURE 1 | The procedure of the pHash + Kmeans algorithm.
The Dunn index (Dunn, 1973) and Separation index (Xie and Beni, 1991) are calculated to evaluate clustering results and determine the optimal cluster numbers. The Separation index is defined as the average distance between the cluster centroids, and the Dunn index refers to the ratio of the shortest distance between two samples from different clusters and the largest distance between two samples in the same cluster. For each number of classes, clustering is repeated five times and the average value of the indexes is calculated.
2.2.2 Analysis Methods
The number of TC genesis cases in each 2.5° × 2.5° grid over the WNP is counted. Spatial TC genesis frequency is defined as the average annual count for each grid. The position of TC genesis is defined as the first recorded position of each track in the IBTrACS dataset.
We also calculate the Genesis Potential Index (GPI) and the moist static energy (MSE) to help diagnose the variation in environmental conditions over the WNP. Emanuel and Nolan (2004) developed the GPI, defined as:
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where [image: image] is the absolute vorticity at 850 hPa, H is the relative humidity at 600 hPa in percent, [image: image] is the potential intensity, and [image: image] is the VWS magnitude between 850 and 200 hPa. The Vpot can be calculated based on the work of Bister and Emanuel (2002), as follows:
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where [image: image] is SST, [image: image] is the mean outflow temperature, [image: image] is the exchange coefficient for enthalpy, [image: image] is the drag coefficient, [image: image] is the convective available potential energy (CAPE) of air lifted from saturation at sea level in reference to the environmental sounding, and [image: image] is the CAPE of the boundary layer air.
MSE is defined as:
[image: image]
where [image: image] is the gravitational acceleration, [image: image] is the latent heat of vaporisation, [image: image] is the specific heat at constant pressure for air, T is the absolute temperature, z is the height above some reference level (either the local surface at z = 0 or the height where the ambient pressure is 100 kPa), and r is the water vapour mixing ratio in the air.
3 ANALYSIS OF CLUSTERING RESULTS AND DETECTION OF INTERDECADAL CHANGE IN WNP TC GENESIS
The clustering results from the genesis environment will show different characteristics due to the close relationship between interdecadal change in WNP TCs and changes in the WNP environment. As the WNP environment changes, the dominant class will also change. Therefore, the clustering results will reflect the interdecadal change in TC genesis. Figure 2 gives the Dunn index and Separation index of the different class numbers. The Dunn index shows that the clustering results are steady, with more than two classes, and the Separation index indicates that clustering with three classes will achieve the best separation. Zhao et al. (2018) also indicated that some classes will share similar characteristics if the cluster number is too large and found that three clusters can have their own characteristics. Therefore, we clustered TCs into three classes named Class1, Class2, and Class3, with 256, 314, and 511 samples, respectively.
[image: Figure 2]FIGURE 2 | Evaluation indexes at each cluster number. The black line and dots refer to the Dunn index, and the blue line and dots refer to the Separation index. The red band refers to cluster number = 3, which has the optimal clustering effect.
Figures 3A–C shows the spatial genesis frequency. Class2 and Class3 are mainly in the southern and eastern WNP, while Class1 is farther north than Class2 and Class3, mainly in the northern South China Sea (SCS) and the northern Philippine Sea (PS). Figures 3D–F give the distribution of TC intensity of the three classes. Compared with Class1 and Class3, Class2 has more low-intensity cases, as its density peak is distributed at 50 kts. The white dot for the average value and the inner boxplot also indicate this. Class1 has an intensity distribution similar to that of Class2 but has more cases with intensity >100 kts. Class3 has an evenly distributed intensity, and its proportion of high-intensity cases is also higher than in Class1 or Class2, along with the highest average intensity.
[image: Figure 3]FIGURE 3 | Time series of the TC genesis count in the three classes. The colour refers to the number of TC cases in the three classes each year. The x-axis refers to the year, the left y-axis refers to the class, and the right y-axis is the TC genesis count. The solid black lines refer to the time series of the TC genesis count in each class based on the IBTrACs dataset, and the dashed blue lines refer to the average value of TC genesis cases in P1, P2, and P3.
Figure 4 shows the time series of TC genesis counts in the three classes during 1979–2020. The heatmap gives the annual count of samples of each class, and the solid black lines present the time series of the three classes during 1979–2020. Class3 has a much higher proportion than the other classes in most years. After 1997, all three classes are inactive, and the most significant decrease occurs in Class3. This inactive period lasts until 2011, as Class1 increases and becomes the dominant class. The average value of the TC case count in 1979–1997, 1998–2010, and 2011–2020 is plotted as the blue dashed line, showing an increasing trend of Class1 and a decreasing trend of Class3. The sudden decrease of Class3 in 1998 corresponds to previous works showing that WNP TCs have been inactive since the late 1990s (e.g., Liu and Chan, 2013). According to Tang et al. (2020), a warming reacceleration trend has occurred in the northwestern WNP since 2011, possibly contributing to the increasing trend of Class1 during 2011–2020. These similarities show that the inactive period of WNP TCs after the late 1990s is possibly an inactive period of Class3, and the end of this inactive period after 2010 is related to the increase in Class1. Therefore, we infer that 1997 and 2010 are two important time nodes indicating interdecadal change in WNP TCs.
[image: Figure 4]FIGURE 4 | (A–C) are TC genesis frequency of the three classes, the contours are the KDE of genesis location, and the colour is the genesis frequency in one grid; (D–F) are the distribution of the intensity of each class. The colour and curve indicate the kernel density distribution for a given intensity. The thick inner line is the interquartile range, and the thin line is 95% of all cases. The white circle is the average of the intensity of each class.
In this work, the clustering results come mainly from the surrounding environmental fields of TC genesis. Therefore, the differences between classes result from variations in the WNP environment. Here we compare the composite fields of SST, RH, RV, and VWS of each class over the WNP in Figure 5. Suitable environmental conditions for TC genesis are highlighted by colours (SST >26°C and positive RV) and thick solid lines (RH > 60% and VWS <14 m s−1). The figure shows that the genesis environments of Class2 and Class3 are similar, while that of Class1 shows apparent differences. For thermodynamic conditions, compared with Class2 and Class3, Class1 has a wider suitable area for TC genesis, including higher SST and RH, especially in SCS and PS. The area with suitable dynamic conditions in Class1 is farther north than in Class2 and Class3. The difference in RV is apparent west of 140°E, especially in SCS and PS. Combined with the intensity distribution in Figures 3E,F, we conclude that Class2 and Class3 share a similar WNP environment and have similar temporal and spatial distributions. Class2 contains mainly low-intensity cases with a lower proportion, and Class3 is mainly high-intensity cases with a dominant status.
[image: Figure 5]FIGURE 5 | Composite environmental field of the three classes. (A–C) are the SST and 600 hPa RH. The solid thick lines refer to RH >= 60%, and the dashed thin line refers to RH < 60%. The colours refer to the SST, and only SST > 26°C is plotted; (D–F) are the 850 hPa RV and 850–200 hPa VWS. The solid thick lines refer to VWS <= 14, and the dashed thin line refers to VWS > 14. The colours refer to RV, and only positive RV is plotted.
WNP TC genesis cases can be clustered into three classes with different spatial and temporal characteristics based on environmental conditions. In different periods, the dominant class also changes. Before 1998, Class3 is the dominant class, but it substantially decreases after 1997. Then after the inactive period of all three classes in 1998–2010, Class1 becomes dominant after 2010. From Figures 3, 5, we find that the three classes have a noticeable difference in spatial distribution, which is related to the spatial distribution of environmental conditions. Class2 and Class3 may require a similar WNP environment, while the requirement of Class1 is different. Before 1998, the WNP environment is suitable for Class2 and Class3 but not for Class1. The southern and eastern WNP has more areas with suitable TC genesis conditions, thereby concentrating Class2 and Class3. We conclude that Class3 shows dominance during 1979–1997, but after 1997, a less suitable environment for Class2 and Class3 causes the abrupt decrease in Class2 and Class3, leading to the inactive period of the three classes during 1998–2010. Then after 2010, the WNP environment becomes more favourable for Class1, and the northwestward shift of the suitable areas for TC genesis causes more Class1 to form in the northwestern WNP. Still, the environment is not suitable for Class2 and Class3, so Class1 increases and becomes the dominant class. In conclusion, variations in the WNP environment lead to interdecadal change in WNP TC genesis, which is shown by the differences in the three classes in our clustering results.
To prove our assumption from the clustering results and further analyse the interdecadal change in WNP TC genesis, in the next section, we will separate the research periods into 1979–1997 (P1), 1998–2010 (P2), and 2011–2020 (P3) and then compare WNP TC genesis in each period. To distinguish the changes in different areas over the WNP, we will also divide the WNP into three regions based on longitude: SCS (100°E-120°E, EQ-30°N), WNP1(120°E-140°E, EQ-30°N), and WNP2 (140°E-160°W, EQ-30°N), and changes in the different regions will also be discussed.
4 THREE PERIODS OF INTERDECADAL CHANGE IN WNP TC GENESIS AND THEIR DIFFERENCES
To confirm the variation in the WNP environment in the three periods, we first compare the environmental conditions over the WNP. The anomalies of SST, RH, RV, VWS, GPI, and MSE are shown in Figure 6. In P1, SST is negative in the WNP, except in southeastern WNP2, and RH also shows a similar distribution. The distribution of MSE also shows that the thermodynamic conditions are not favourable for TC genesis in SCS and WNP1. However, WNP2 has high positive RV and negative VWS, indicating suitable dynamic conditions. The WNP environment in P1 also shows similarities to the favourable environment of Class2 and Class3, as the suitable TC genesis conditions are concentrated mainly in WNP2. The environmental conditions in P2 are almost the opposite of those in P1 and become less favourable for Class2 and Class3. From P1 to P2, SST, RH, and MSE show an increase in SCS, WNP1, and northwestern WNP2 and a decrease in southeastern WNP2. Although the changes in RV and VWS are slight in SCS and WNP1, the high negative RV anomalies and positive VWS in WNP2 show that the dynamic conditions will suppress TC genesis in WNP2, which has also been reported in previous works (e.g., Zhang et al., 2017; Liu et al., 2019). GPI also shows that TCs are more likely to form in SCS and WNP1 than in WNP2. From P2 to P3, SST is still increasing and is positive at the basin scale. A slight decrease in RH occurs in SCS and WNP1, but RH is still positive in this area. The distribution of MSE also indicates a basin-wide strengthening of thermodynamic conditions from P2 to P3, similar to the Class1 genesis environment. Positive RV is distributed mainly in SCS and WNP1, much farther north and west than in P1 and P2, also showing similarities with Class1.
[image: Figure 6]FIGURE 6 | The anomalies of SST, 600 hPa RH, 850 hPa RV, 850–200 hPa VWS, GPI, and MSE. (A–F) are the environmental conditions in P1; (G–L) are the environmental conditions in P2; (M–R) are the environmental conditions in P3. The red dashed lines refer to longitude = 120°E and 140°E, which separate WNP into SCS, WNP1, and WNP2. The black dots are statistically significant at the 90% confidence level.
Given that the WNP environments in the three periods show apparent differences, we then further analyse the differences in WNP TCs in P1, P2, and P3, as shown in Figure 7. Figures 7A–C give the genesis frequency of each period. In P1, TCs form mainly in WNP2, and the highest KDE occurs around 150°E, 5°N, similar to Class2 and Class3. Figures 6A–F also show that in P1, WNP2 can provide a higher temperature, more mid-tropospheric moisture, stronger low-level vorticity, and weaker VWS than SCS and WNP1, indicating that more TCs can possibly form in WNP2 than in SCS or WNP1. From P1 to P2, the genesis frequency decreases in WNP2 but increases in SCS and WNP1. The KDE also shows a shift from WNP2 to WNP1, consistent with environmental conditions. From P2 to P3, TC genesis is still mainly in SCS and WNP1 but is more concentrated. The TC genesis frequency in each grid shows that more TCs form in SCS during P2-P3, mainly due to the enhancement of RV and SST. Figures 6G,M also show a warming trend over SCS, similar to the result of Tang et al. (2020). Figure 7D gives the temporal change of WNP TC genesis, showing an increasing trend in P1, but after the abrupt decrease in 1997, WNP TCs are inactive in P2, and then WNP TC genesis shows another increasing trend in P3. Figure 7E gives the time series of TC genesis counts in the three regions. In P1, TC counts in SCS and WNP1 remain at a low level, but TCs in WNP2 are active and show an increasing trend. After a sudden decrease in WNP2 and an increase in WNP1 in 1997, TC genesis becomes active in WNP1 and inactive in WNP2 during P2, and SCS is still inactive. The TC genesis frequency remains steady and shows little change in WNP1 and WNP2 from P2 to P3, but it remains an increasing trend in SCS in P3. In summary, the abrupt decrease in WNP TCs is a combination of a slight increase in WNP1 TCs and a substantial decrease in WNP2 TCs, which also leads to the inactive period in P2, and the increase in WNP TCs in P3 occurs mainly in SCS.
[image: Figure 7]FIGURE 7 | (A–C) are the TC genesis frequency in the three periods, the contours are the KDE of genesis location, and the colour is the genesis frequency in one grid; (D) is the time series of TC genesis counts during 1979–2020, the black line refers to the count from the IBTrACs dataset, and the blue lines are the trend lines of TC count change in P1, P2, and P3. The red dashed lines refer to 1997 and 2010 to separate P1, P2, and P3; (E) is similar to (D), but for the time series of TC genesis counts in SCS, WNP1, and WNP2.
5 SUMMARY AND DISCUSSION
Interdecadal change in WNP TCs has been a hot research topic in recent years. Many works have discussed how WNP TC activity has changed in recent decades and the possible reasons. Previous studies have widely reported that an abrupt decrease in TC genesis and a northwestward shift in the TC-active region occurred around the late 1990s (e.g., Chan, 2008; Tu et al., 2011; Liu and Chan, 2013; He et al., 2015; Hong et al., 2016; Huangfu et al., 2017a; Huangfu et al., 2017b). Cluster analysis is used to group TC tracks into different classes and can potentially lead to increased understanding of WNP TC interdecadal change by analysing the relationship between the dominant class and possible contributors like the WNPSH and PDO (Zhao et al., 2018; Wu Q. et al., 2020). In this work, we built a pHash + Kmean algorithm in which the pHash value was used to represent the genesis environmental conditions of TCs. This algorithm was used to cluster WNP TCs during 1979–2020 into three classes: Class1, Class2, and Class3, with 256, 314, and 511 cases, respectively.
The clustering result shows that the dominant class varies in the different periods. Class3 has the highest proportion before 1998 and then has an abrupt decrease, while Class1 has a low count until 2010 and then becomes the dominant class. The composite WNP environment fields of the three classes also show differences: the environmental conditions of Class2 and Class3 are similar, with suitable genesis environmental conditions distributed in the southern and eastern WNP. In contrast, in the genesis environment for Class1, both high SST and RH have a broader distribution, and the area with positive RV and weak VWS also moves northward.
We found that the clustering results are closely related to changes in the WNP environment. The environmental conditions are more favourable for genesis in Class2 and Class3 during 1979–1997. The abrupt decrease in 1998 and the subsequent inactive period are caused by unfavourable environmental conditions for Class2 and Class3 genesis after 1997. After 2010, the WNP environment can lead to more Class1 genesis and less Class2 and Class3 genesis. To prove our assumption, we divided the study period into three periods (P1: 1979–1997, P2: 1998–2010, and P3: 2011–2020) and compared their differences. Additionally, as the three classes also show spatial differences, we divided the study region into three regions (SCS: 100°E-120°E, EQ-30°N; WNP1: 120°E-140°E, EQ-30°N; and WNP2: 140°E-180°W, EQ-30°N) for further analysis.
The environmental conditions in the three periods confirm our assumption that the clustering results come from changes in the WNP environment. In P1, positive (negative) RH anomalies and positive (negative) RV anomalies are distributed in WNP2 (SCS and WNP1), and positive VWS anomalies are distributed in WNP2, indicating that TC genesis is enhanced in WNP2 and suppressed in SCS and WNP1. This situation is similar to the genesis environment for Class2 and Class3, creating a concentration of TC genesis in the southeastern WNP. The WNP environment in P2 is the opposite of that in P1. The WNP2 environment suppresses TC genesis, while the SCS and WNP1 environments enhance TC genesis. This change causes the environment to be unsuitable for Class2 and Class3 genesis, leading to decreased WNP TC genesis frequency and a westward shift in genesis location. From P2 to P3, a strengthening of RV in SCS and WNP1 and basin-wide warming of SST in the WNP occurs, making the WNP environment more suitable for Class1 and leading to an increase in TC genesis frequency in P3.
Figure 7E shows that interdecadal change in WNP TCs in the late 1990s is indicated by a decrease over WNP2 and an increase over the eastern WNP. Changing dynamic conditions, especially the intensification of VWS over the southern and southeastern WNP, are demonstrated to be the significant modulator for the sudden decrease in eastern WNP TCs (Liu and Chan, 2013; Choi et al., 2015). As revealed by previous studies (Zhang et al., 2017; Zhang et al., 2018; Cao et al., 2020), this intensification of VWS is related to a shift in the Walker circulation induced by enhanced SST warming in the North Atlantic. In the late 1990s, the SST over the Pacific showed a La Niña–like mean state, which could also enhance VWS over the eastern WNP (Hsu et al., 2014; Choi et al., 2015; Hong et al., 2016; Hu et al., 2018; Liu et al., 2019; Cao et al., 2020). Huangfu et al. (2018) pointed out that the negative RV anomalies and positive VWS anomalies are possibly associated with downward motion anomalies over the central Pacific. The weakening and westward shift of the monsoon trough are also related factors in the weakening of RV (Choi et al., 2017; Hsu et al., 2017; Huangfu et al., 2017). According to Hong et al. (2016), the increase in TC frequency in the western WNP is controlled by strengthened thermodynamic conditions (e.g., warming SST and increased mid-level relative humidity), which are induced by the K-sharp warming over the Pacific.
Moreover, our clustering results indicate that 2011–2020 is a reactive period of WNP TCs, which is probably connected with SST warming over the northwestern WNP and the strengthening RV over the western WNP. As Tang et al. (2020) investigated, after 2010, a noticeable reacceleration of SST warming occurred in the northwestern WNP, especially offshore China. Zhang et al. (2019) also analysed the global annual mean surface temperature during 2014–2016, the recent warmest years on record, suggesting that global warming has accelerated since 2013. The variation trend of SST after 2010 may result in the interdecadal change in WNP TCs. We intend to examine the importance of different variables for the change in WNP TCs after 2010 and the physical mechanisms in follow-up research.
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