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Abstract: Due to global warming, extreme weather and climate events are becoming more frequent, highlighting the need 
to explore the changing characteristics of precipitation in China, including extreme precipitation. A clustering algorithm 
was developed to classify summer (June, July, and August) daily precipitation in China from 1961 to 2020, considering 
spatial distribution, standard deviations, and frequency of extreme precipitation events. The results reveal six distinct 
precipitation climate zones, a classification that differs from previous divisions. While overall precipitation has decreased 
in most regions, the frequency of extreme precipitation events has increased across all clusters, indicating a shift in 
precipitation distribution patterns. Analysis shows that the weakened Lake Baikal blocking high and strengthened Mon
golian cyclone influence the arid region in northwest China (Cluster 1), which is characterized by the lowest precipitation. 
The transition zone between the monsoon and arid region (Cluster 2) is affected by the Mongolian cyclone, water vapor 
transport from the Indian Ocean, and shifts in the monsoon boundary. Clusters 3 and 4 represent areas associated with 
advancement and retreat of the summer monsoon. In the Meiyu region, two distinct subregions have been identified exist. 
Cluster 4 is primarily influenced by the East Asia-Pacific wave train. Despite sharing similar climate drivers and proximity, 
Clusters 4 and 5 differ significantly due to topographic variations and disparate levels of urbanization. Cluster 5 exhibits a 
higher average precipitation, greater variability, and more frequent extreme events. Cluster 6 exhibits the highest overall 
precipitation in the coastal areas of Guangdong and Guangxi, where abundant water vapor contributes to a higher 
frequency of extreme precipitation. In addition, anthropogenic activities and urbanization significantly influence pre
cipitation in Beijing-Tianjin-Hebei and Yangtze River Delta regions. This research proposes a precipitation classification 
scheme integrating multiple precipitation parameters, providing support for risk management and mitigation strategies in 
the face of increasing extreme precipitation events. 
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1  INTRODUCTION  
Human activities have contributed to the warming of 

the atmosphere, oceans, and land. The warming of the 
climate system is projected to continue until the middle of 
the 21st century. Global warming does not only lead to 
higher temperatures but also intensifies the frequency and 

severity of extreme weather events (Kirchmeier-Young et 
al. 2020; Tabari 2020). According to the Clausius- 
Clapeyron relationship, atmospheric moisture increases 
with climate warming, leading to increased precipitation 
extremes (Held et al. 2006; O’Gorman et al. 2009). The 
uneven spatial and temporal distribution of precipitation 
may trigger regional drought or flooding and may affect the 
surface ecosystem (Ding et al. 2008). Therefore, analyzing 
the spatial and temporal distribution of precipitation not 
only enhances the understanding of the regional climate 
system but is also crucial for water resources management 
and risk assessment related to droughts and floods. 

Under the background of global warming, 
precipitation distribution worldwide has exhibited new 
patterns of variability. Wang et al. (2010) studied the 
variability of summer precipitation in the southeast United 
States and found that droughts and anomalous rainfall 
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events during 1978–2007 were more intense than those 
during 1948–1977. The annual variability in precipitation 
and precipitation days increased from east to west. In 
Africa, a sharp decline in precipitation began around 1999 
(Lyon et al. 2014). There was a significant negative trend 
(95% confidence level) in the total annual precipitation in 
most Mediterranean regions from 1901 to 2009. The 
number of precipitation days decreased by 20% in the 
eastern Mediterranean, while the decrease was not 
significant in the western and central Mediterranean 
(Philandras et al. 2011). Furthermore, early evidence of 
long-term rainfall reduction has also been observed in 
Africa (AghaKouchak 2015). In China, climate warming 
also has a significant impact on precipitation patterns (Ma 
et al. 2021). Each year, extreme precipitation events linked 
to climate change result in substantial property damage 
and loss of life (Burke et al. 2016; Zhang et al. 2020). Over 
the past 60 years, most regions have experienced an 
increase in extreme precipitation events, while some areas 
have seen a decline in total precipitation. Li et al. (2021) 
analyzed the statistical characteristics of light and extreme 
precipitation events in Xinjiang. Their results showed that 
light precipitation contributed greatly to the annual total 
number of rainy days, while extreme events contributed 
for a large share of total annual precipitation. Wang et al. 
(2015) found that the annual precipitation in North China 
and the eastern Northwest China showed a downward 
trend. Liang et al. (2011) studied the spatiotemporal 
variation characteristics of precipitation in semi-humid and 
semi-arid Northeast China and reported that from 1961 to 
2008, summer precipitation in Northeast China showed a 
decreasing trend. Lu et al. (2021) analyzed the spatio- 
temporal characteristics of precipitation in South China 
over the past 52 years and found that only 8% of rainfall 
stations exhibited a significant increase in annual rainfall. 
Ren et al. (2000) observed that summer precipitation 
increased in the middle and lower reaches of the Yangtze 
River, while the Yellow River basin experienced a 
decrease. Overall, China’s precipitation trends remain 
uncertain, but there are clear spatial differences. 
Precipitation has declined in central and southern 
Northeast China, North China, Central China, and 
Southwest China, while it has increased in southeast 
coastal areas, the lower reaches of the Yangtze River, the 
Qinghai-Tibet Plateau, and northwest China increased (Li 
et al. 2012; You et al. 2011). 

Global warming has rendered the global climate more 
extreme, with extreme weather and climate events rising in 
both intensity and frequency. Studies have shown that over 
the past half-century, annual precipitation in China has 
shown obvious interdecadal and multi-decadal fluctuations 
(Feng et al. 2011; Zhai et al. 2005). Around the turn of the 
21st century, many studies used observational data to 
analyze the spatial characteristics of extreme precipitation 
(Zhai et al. 1999; Ren et al. 2000). In the past two decades, 
however, reanalysis data have been increasingly used to 
investigate the frequency and trends of extreme 

precipitation, placing less emphasis on observational 
studies focused on its distribution and variability 
(Pendergrass et al. 2017). Although the global climate 
models projected a growing influence of anthropogenic 
forcing on extreme precipitation, detecting such changes in 
the observational record remains challenging. Therefore, it 
is necessary to further investigate the spatial distribution, 
frequency, and intensity changes of both mean and 
extreme precipitation in China. 

Currently, many scholars have paid attention to the 
distribution and variation of mean precipitation (Huang et 
al. 2011), while the precipitation variability has received 
less attention, despite its important theoretical and 
practical significance. Besides, there are many researches 
focused on the climate classification (Zheng et al. 2010; 
Beck et al. 2018). However, these climate classifications 
primarily consider the mean values and trends of climate 
variables, while classifications based on precipitation 
characteristics—particularly summer extreme precipitation— 
have been largely overlooked. Generally, summer accounts 
for the largest share of annual precipitation in China 
(56.5%) (Yao et al. 2017). Extreme precipitation and the 
disasters such as floods and landslides caused by extreme 
precipitation occur most frequently in summer. Therefore, 
classifying precipitation based on its characteristics－ 
especially extreme events－is essential for effective flood 
control and risk management. 

This paper proposes a nove approach to analyze the 
distribution characteristics of precipitation and extreme 
precipitation events during the summer season in China. 
By considering the mean, standard deviation, and 
frequency of extreme precipitation, the study employs 
the K-means clustering algorithm to classify daily 
precipitation patterns, thereby developing a new 
precipitation classification scheme. The main objectives 
are to objectively describe precipitation distribution, 
comprehensively assess the severity of abnormal 
precipitation, and accurately depict the spatial and 
temporal patterns of extreme precipitation frequency and 
intensity. Furthermore, the paper explores the physical 
mechanisms underlying the identified classification 
results. 

2  METHODS 
2.1  K-means clustering of daily precipitation using mean, 
standard deviation, and extreme event frequency 

As one of the traditional algorithms in machine 
learning, clustering has been widely used in many fields 
because of its practicality, efficiency, and intuitive 
understanding of data structure (Sardar et al. 2018; Tleis 
et al. 2017). The core theory of clustering is to reveal the 
valuable information hidden in the dataset (Ashabi et al. 
2020). The K-means algorithm is a classical clustering 
method, which is widely used because of its simplicity, 
efficiency, and interpretability (Yokoi et al. 2011; Carvalho 
et al. 2016; Falkena et al. 2020). As an unsupervised 
learning algorithm, the K-means was firstly introduced in 
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signal processing by MacQueen (1967). 
The purpose of K-means clustering is to divide N 

observations into K clusters, and each observation belongs 
to the cluster with the closest mean. Euclidean distance is 
typically used to measure the similarity between data 
points, where a smaller distance indicates greater 
similarity. The algorithm begins by randomly selecting K 
initial centroids. Based on the similarity between each data 
point and the cluster centroids, the centroids are iteratively 
updated to minimize the Sum of Squared Errors (SSE) 
within each cluster. When the SSE stabilizes or the 
objective function converges, the centroid becomes fixed, 
and the clustering process is complete. 

With the intensification of climate change, the 
frequency and intensity of extreme precipitation events 
have been increasing, significantly impacting socio- 
economic activities and ecological environments during 
summer (June, July, and August). Traditional climate 
zoning methods, which primarily focus on the mean values 
and trends of meteorological parameters, often neglect the 
characteristics of extreme precipitation, including its 
frequency, intensity, and spatio-temporal distribution. 
These approaches no longer adequately meet the needs 
of society. In general, daily precipitation exceeding 50 mm 
is defined as a rainstorm (RS50), while precipitation above 
100 mm is considered a heavy rainstorm (RS100). To 
address the emerging climate challenges, this study 
incorporates not only mean precipitation, but also its 
variations and extreme events (RS50/RS100). It develops 
an approach for precipitation climate zoning using the K- 
means cluster algorithm. 

Besides, datasets are often preprocessed to make 
them clean, consistent, and noise-free. Because Euclidean 
distance is highly sensitive to differences in the magnitude 
of variables, data normalization is an essential step before 
clustering (Visalakshi and Thangavel 2009). To eliminate 
data redundancy and improve the efficiency of the 
clustering algorithm, the Z-score method (also known as 
zero-mean normalization) is used to make the mean value 
of data equal to 0 and standard deviation equal to 1 before 
K-means clustering. 
2.2  Elbow method  

When performing K-means clustering, the cost 
function is defined as the Within-Cluster Sum of Squares 
(WCSS). WCSS is the sum of squared Euclidean distances 
between each data point and the respective centroid of its 
assigned cluster. The expected value of WCSS decreases 
with successive iterations, and the algorithm’s 
convergence depends on the dimension of the dataset 
and the number of centroids. The elbow method, suitable 
for multivariate datasets, is commonly used to determine 
the optimal number of cluster centers. It involves fitting 
the cluster center value to the data. In this paper, 2–20 
cluster central values are tested. For each cluster count, the 
algorithm is run for 300 iterations, and the final WCSS 
value is reported. The “elbow point” is identified where 
WCSS shows a noticeable drop before leveling off. 

3  DATA 
The daily precipitation dataset for 699 stations in 

China from 1961 to 2020 was obtained from China 
Meteorological Information Center. Sea surface 
temperature data for the period 1960－2020, with a 
spatial resolution of 1°×1°, were provided by Earth 
System Research Laboratory Physical Sciences Division 
(ESRL/PSD) (Folland and Parker 1995; Ishii et al. 2005; 
Japan Meteorological Agency 2006). The water vapor flux 
data were sourced from ECMWF Reanalysis v5 (Hersbach 
et al. 2019; https://www.ecmwf.int/en/forecasts/datasets/ 
search/ERA5), covering 1979–2020 at a resolution of 
1°×1°. 

Besides, data on geopotential height at 500 hPa, zonal 
wind (u), and meridional wind (υ) at 700 hPa and 850 hPa 
were obtained from NCEP-NCAR reanalysis1 dataset 
(Kalnay et al. 1996), spanning 1948–2020 with a spatial 
resolution of 2.5°×2.5°. 

4  RESULTS 
4.1  Spatio-temporal distribution of summer precipitation 

Figure 1a illustrates the temporal trend of the rainfall 
station number in the dataset. In this study, 648 stations 
with more than 80% data completeness during the summer 
months were selected for analysis. Fig. 1a depicts the 
temporal variation in the number of these selected stations 
that provided complete observations for each summer 
spanning 1961–2020. From 1961 to 1980, the number of 
rain stations in the dataset increased from 660 to 690. 
Between 1980 and 2000, the number remained relatively 
stable. After 2000, the dataset became essentially stable in 
terms of station count. As shown in the figure, the number 
of rainfall stations fluctuated slightly (<20 stations 
annually) from 1961 to 1970 before stabilizing in the 
subsequent period. 

Figure 1b illustrates the temporal variation in the 
frequency of RS50 (red) and RS100 (green) events in 
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Figure 1. (a) The number of stations with complete observation 
data in summer (June, July, and August) in China from 1961 to 
2020 (red dashed curve) and with observation time series in
tegrity above 80% (red solid curve). (b) The frequency of RS100 
(green)/RS50 (red) (solid curve), along with their trends (dashed 
line) and 10-year moving averages (dotted curve).  
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China from 1961 to 2020. The solid red curve shows an 
increasing trend in RS50 frequency. From 1961 to 1990, 
except for a minimum in 1978, the frequency remained 
relatively stable. During 1991–2000, there was a notable 
peak, with over 1200 RS50 events recorded in 1994, 1995, 
1996, and 1998. During the first decade of the 21st 
century, the frequency remained generally stable, but from 
2011 to 2020, a clear upward trend emerged. In 2020, the 
frequency of extreme precipitation reached 1371, the 
highest on record since 1961. The green curve represented 
RS100 frequency, which was significantly lower than 
RS50 but exhibited a similar temporal pattern. The 1991– 
2000 period was marked by a notably high frequency of 
both RS50 and RS100 events, indicating a rise in extreme 
precipitation. Notably, 2020 recorded 256 RS100 events, 
which was the highest annual total during the study period. 
These observational results provide strong evidence that 
the frequency of extreme precipitation events in China has 
been increasing over the past six decades. 

Understanding regional precipitation characteristics 
requires considering not only the mean precipitation but 
also the variability and frequency of extreme events, 
providing a more comprehensive depiction of precipitation 
behavior. Fig. 2a displays the spatial distribution of the 
frequency of daily precipitation exceeding 50 mm (RS50) 
during the summer months (June, July, and August) at each 
station from 1961 to 2020. In western China, RS50 events 
have occurred fewer than 40 times over the past 60 years. 
In Northeast China, the frequency ranges from 40 to 60 
times. Notably, the Liaodong Peninsula, Bohai Bay, 
Beijing, and Tianjin exhibit significantly higher RS50 

frequencies than other areas at similar latitudes. South of 
the Qinling Mountains-Huaihe River line, the frequency of 
extreme precipitation is generally high. In northern 
Jiangsu, the border of Hubei, Jiangxi, Anhui, and 
Guizhou, the frequency of the rainstorms exceeds 150 
times. In the southern coastal areas of Guangdong and 
Guangxi, the frequency of RS50 is more than 180 times. 
Fig. 2b describes the spatial distribution of RS100 
frequency from 1961 to 2020. As shown, daily RS100 
events are rare in non-monsoon regions. However, along 
the Hubei-Jiangxi-Anhui border and in the coastal areas of 
Guangdong and Guangxi, the frequencies of RS100 
exceed 40 events. 

The mean precipitation reflects the climatological 
precipitation, while the standard deviation indicates the 
degree of variability. Both of them are essential for 
assessing the precipitation state. Fig. 2c illustrates the 
spatial distribution of mean daily summer precipitation 
across China. The distribution exhibits significant spatial 
variability, with a gradual increase from north to south. In 
Northwest China, daily precipitation is less than 2 mm. In 
Northeast China, North China, and Shanxi province, the 
average daily precipitation ranges from 2 mm to 5 mm. In 
contrast, areas surrounding Bohai bay and in eastern 
Liaoning province, the average daily precipitation in 
summer ranges from 6 mm to 7 mm. Northern Jiangsu, 
Jiangxi, Fujian, Chongqing, and Guizhou experience 
significantly higher precipitation compared to other 
provinces at the same latitude, with mean precipitation 
exceeding 7 mm. The highest mean precipitation is found 
in Guangxi, Guangdong, and southern Yunnan province. 
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Figure 2. The spatial distributions of the frequency of (a) RS50 and (b) RS100 in summer (June, July, and August) in China from 1961 
to 2020. (c) The spatial distribution of daily precipitation means and (d) standard deviation of daily precipitation.  
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Fig. 2d illustrates the spatial distribution of the standard 
deviation of summer daily precipitation. The spatial 
distribution of precipitation standard deviation is higher 
in the south than in the north, and higher in the east than in 
the west. In northwest China and North China, the 
standard deviation of precipitation is generally lower than 
12 mm. In Bohai Bay and southern Liaoning province, it 
reaches around 15 mm. In southern China, the standard 
deviation values generally exceed 15 mm. However, the 
neighboring regions of Hubei, Anhui, and Jiangxi, as well 
as the south of Guangxi and Guangdong exhibit 
significantly large value centers, with the standard 
deviation surpassing 20 mm. It is worth mentioning that 
southwest China is characterized by high but stable 
summer precipitation, indicating  a high mean with low 
variability.  
4.2  Distribution characteristics of daily precipitation 
using K-means clustering 

Based on the mean and standard deviation of daily 
precipitation, as well as the spatial distribution of the 
frequency of RS50/RS100 in the summer from 1961 to 
2020 in China (Fig. 2), the K-means clustering algorithm 
was used to cluster the daily precipitation in China. As 
shown in Fig. 3a, an elbow-shaped inflection point is 
observed at the optimal number of clusters when the 
cluster center is set to 6. Beyond this point, the WCSS 
changes less significantly.  

The unsupervised K-means clustering method is used 
to cluster the daily precipitation in China (Fig. 3b). The 
clustering result based on the precipitation characteristics 
is obviously different with existing climatic division in 
China (Zheng et al. 2010; Liu et al. 2022). In Fig. 3b, 
Cluster 1 and Cluster 2 are mainly distributed in northwest 
China, northeast China, north China, and the eastern 
Qinghai-Tibet Plateau. Although western China generally 
experiences less extreme precipitation, distinct 
classifications are observed, highlighting the region’s 
distribution characteristics. The Liaodong Peninsula, the 
Beijing-Tianjin-Hebei region, the estuary of the Yangtze 
River, and parts of southwest China are mainly classified 
as Cluster 3 (purple). Cluster 4 and Cluster 5 are 
interspersed mainly across East China, Central China, 
and South China. A few rain stations classified as Cluster 6 
are mainly distributed along the coastal area of South 
China. However, there are differences compared to the 
traditional climatic division. Cluster 1, Cluster 2, and 
Cluster 3 basically show a northeast-southwest pattern, 
representing arid and semi-arid areas. This pattern may be 
related to the topography and the boundary of the 
monsoon. On the other hand, Cluster 4, Cluster 5, and 
Cluster 6 belong to subtropical and tropical monsoon 
regions, and no longer follow the northeast-southwest 
trend. This difference may be due to the fact that these 
clusters lie within the monsoon region, and their 
distribution trend is less affected by the monsoon 
boundary.  

This research focuses on summer precipitation in 

China, as it accounts for over 56.5% of the annual total 
rainfall (Yao et al. 2017), with most heavy-rainfall and 
flood events occurring during this season. While some 
studies use minute-scale precipitation data, such a short 
scale may not capture extreme events (Zhan et al. 2021). 
Conversely, traditional analyses using monthly or annual 
data may obscure key features of summer precipitation 
(Cao et al. 2013; Ren et al. 2015). By analyzing mean 
precipitation, frequency of extremes, and variability, this 
study aims to identify regional charateristics of 
precipitation-relatd risk to support more targeted disaster 
risk management. 

Compared with traditional classification methods 
based on probability distributions or trends, this study 
offers greater objectivity and practicality. Previous 
methods often relied on a single metric, such as mean 
precipitation, which fail to fully capture the complexity of 
regional differences. For example, Yunnan has a mean 
precipitation similar to parts of central and southern China 
(Fig. 2c), but its lower variability and extremes distinguish 
it from regions such as Hebei and Henan, which traditional 
methods may incorrectly group together (Fig. 3b). While 
some studies consider multiple indicators, the final 
classifications often depend on subjective judgment, 
introducing potential bias (Zhan et al. 2021). In contrast, 
this study applies the K-means clustering algorithm to 
automatically detect similarities among precipitation 
features, reducing human intervention and improving 
objectivity. Despite its simplicity, the method performs 
well and is easy to implement, providing more accurate 
and practical classification results for disaster risk 
management. 

Most precipitation-classification studies emphasize 
spatial contiguity, often grouping regions based on 
composite indicators such as mean, variability, and 
extremes, as seen in the well-known 400-mm Hu Line 
demarcating monsoon and non-monsoon zones (Hu 1935). 
However, in reality, even neighboring regions may exhibit 
distinct precipitation characteristics due to differences in 
land surface conditions and urbanization levels. The 
clustering results in this study reveal a more dispersed 
spatial pattern, highlighting the need for localized analysis. 
For instance, the Yangtze River Delta is grouped with 
northern Hebei and Shandong, suggesting that despite its 
higher rainfall (Fig. 2c), its lower variability implies 
reduced disaster risk. In contrast, the Poyang Lake region 
(Cluster 5), located at the junction of Jiangxi, Zhejiang, 
and Anhui, is surrounded by Cluster 4 (Fig. 3b), indicating 
significantly different precipitation characteristics and the 
need for special attention and tailored management 
strategies. 

It can be challenging to discern the specific 
differences and commonalities among mean precipitation, 
its standard deviation, and extreme precipitation based 
solely on the spatial distribution of different clusters (Fig. 
3b). To gain further insights, scatterplots of mean and 
standard deviation of summer precipitation, as well as the 
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cumulative frequency of extreme precipitation (>50 mm & 
>100 mm), are plotted in Figs. 3c and 3d. As shown in Fig. 
3c, after spatial normalization, the mean and standard 
deviation of all clusters are approximately linearly related. 
The cumulative frequency of extreme precipitation 
increases gradually from northwest to southeast, while 
the cluster centroids show a nonlinear increase. Although 
Cluster 1 contains many rain stations, the frequencies of 
extreme precipitation at these stations are low and 
overlapping (Fig. 3d). The central values of the mean 
precipitation of each cluster (Table 1) show that Northwest 
China (Cluster 1) has the lowest mean and standard 
deviation of summer daily precipitation, at 1.3 mm and 
3.8 mm, respectively. In contrast, the southern regions of 
Guangdong and Guangxi (Cluster 6) have the highest 
values, with a mean of 12.3 mm and a standard deviation 
of 25.9 mm. Notably, the sparser stations do not affect the 
classification results, as the K-means algorithm classifies 
the data based on their similarities. Table 1 shows the 
number of stations in each cluster. For Cluster 6, there are 

only 14 stations, despite its location in southern China, 
which has the highest density of rain stations. 

Figure 4a illustrates the cumulative probability 
distribution for each cluster, considering only 
observations with precipitation greater than 0.1 mm. The 
precipitation threshold of each cluster changes slightly as 
the cumulative probability ranges from 0 to 50%. For 
Cluster 1, the precipitation only increases by 5.5 mm as the 
cumulative probability increases from 50% to 95%. 
However, other clusters show much larger increases over 
the same range. For example, in Cluster 2 (Northeast 
China, North China, Yunnan-Guizhou Plateau, and 
surrounding areas), the 95th percentile precipitation 
threshold reaches 27.5 mm. The precipitation threshold 
for Cluster 6 exhibits a wide range of thresholds, varying 
from 7.1 mm to 76.4 mm as the cumulation probability 
increases from 50% to 95%. Fig. 4b shows the probability 
density distribution of precipitation for six clusters. In all 
clusters, the most probable rainfall amount is 0.1 mm, and 
the probability density decreases exponentially with 
increasing precipitation. Fig. 4c presents the log10-scaled 
precipitation density for values greater than 1 mm, 
enhancing the visualization of extreme precipitation 
events. For precipitation amounts below 8 mm, the 
probability densities decrease from Cluster 1 to Cluster 
6. However, for precipitation exceeding 16 mm, the 
probability densities increase from Cluster 2 to Cluster 6. 
These patterns demonstrate that our precipitation 
classification effectively captures the distinct 
characteristics of extreme precipitation for each cluster. 

We calculate the frequency and variation trend of 
RS50/RS100 in different clusters (Figs. 4d and 4e). To 
account for the varying number of samples in each cluster, 
we divide the frequency of extreme precipitation by the 
number of rain stations within each cluster. Our analysis 
reveals a decreasing trend in the frequency of extreme 
precipitation from south to north. Specifically, we observe 
a significant increasing trend of extreme precipitation in 
south Guangdong and Guangxi (Cluster 6), suggesting an 
intensification of extreme precipitation events in these 
areas. Although a larger slope generally corresponds to a 
smaller p-value, indicating a more significant trend, 
Cluster 6—despite exhibiting the largest slope—does not 
show a statistically significant trend. This is primarily due 
to high interannual variability, which reduces the stability 
of the trend and weakens statistical power. Clusters 3, 4, 
and 5—despite having lower extreme precipitation 
frequencies—exhibit more stable patterns and 
statistically significant upward trends. The northwest 
region (Cluster 1) and the semi-arid region (Cluster 2) 
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vs. standard deviation, and (d) RS50 vs. RS100 frequency. Co
lored circles (red, green, purple, blue, light green, orange) re
present Clusters 1–6 and black-bordered circles indicate cluster 
centers. All variables are spatially normalized. Green dashed 
lines mark the ±0.5σ threshold for standard deviation.  

Table 1. Station numbers and final centroids of the mean (units: mm) and standard deviation (units: mm) of daily precipitation for each 
cluster as determined by K-means clustering analysis from 1961 to 2020. 

Cluster 1 2 3 4 5 6 
Station numbers 70 189 155  157 63 14 

Mean  1.3 3.9 5.7 7.0 8.7 12.3 
Standard deviation 3.8 8.5 13.6 16.6 20.0 25.9 
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exhibit relatively weak increasing trends in extreme 
precipitation, which are not statistically significant. 
These observations indicate that the frequency of 
extreme precipitation is more pronounced in the southern 
regions, while the northwest and semi-arid areas 
experience less noticeable changes in extreme 
precipitation patterns. 

These findings contribute to our understanding of 
regional precipitation characteristics and highlight the 
importance of considering spatial variations when 
analyzing extreme precipitation events. Further research 
is needed to investigate the underlying mechanisms 
driving these trends and their potential implications for 
local climate and water resource management. 

5  DISCUSSION 
5.1  The exploration of the physical mechanism based on 
the clustering results 

Although the classification results of daily precipitation 
based on the K-means clustering algorithm are relatively 
objective, the physical meaning behind these statistical 

classification results is not clear. Therefore, the physical 
meaning of these six clusters is analyzed in this section.  

Firstly, the time series of the summer daily 
precipitation spatial average in each cluster is obtained. 
The time series are standardized to analyze its change 
trend (Fig. 5). Over the past 60 years, only Jiangxi and 
South China (Cluster 5) showed slightly increased mean 
precipitation, while other regions experienced declines, 
particularly Northeast, North, and Southwest China 
(Cluster 2) with the most significant decreases. It is 
worth noting that although most clusters exhibit a 
decreasing trend in mean precipitation, only Clusters 2 
and 3 show statistically significant declines. In other 
regions, large variability in mean precipitation weakens 
the significance of the trend. Fig. 4 illustrate an increasing 
trend in extreme precipitation across most areas, while Fig. 
5 indicates a general decline in mean precipitation. These 
findings highlight the importance of using multiple 
indicators in precipitation assessments. 

In order to investigate the physical reasons for the 
precipitation distribution characteristics in different areas, 
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correlation analysis is conducted between the time series 
of the precipitation spatial average in each cluster and 
summer sea surface temperature (SST) (Fig. 6). 
Additionally, regression analysis is carried out between 
the time-series of the precipitation spatial average and the 
geopotential height field (Fig. 7). The results reveal that 
for Cluster 1, summer precipitation is mainly affected by 
polar high and Mongolian cyclone (Fig. 7a). The persistent 
high-pressure system over northwest China is the main 
cause of drought in the region. In Fig. 7, the negative 
regression coefficient of Cluster 1 in the northwest region 
indicates that when the high-pressure system in the Baikal 

region is weak (or controlled by the low-pressure system), 
it is conducted to the formation of convergent upward 
movement and precipitation. Warm advection south of the 
low-pressure system triggers upward motion and promotes 
the development of low-pressure systems in the lower 
troposphere, ultimately leading to precipitation in 
northwest China. This confirms that Cluster 1 accurately 
represents the primary characteristics of the northwest arid 
zone in climatic regionalization. 

Cluster 2 (green) belongs to the transitional zone 
between monsoon and arid regions, which is affected not 
only by high latitude atmospheric circulation but also by 
the water vapor transport from the Indian Ocean (Figs. 6b, 
7b). The increase in SSTs in the Indian Ocean and Pacific 
Ocean leads to a decrease in the land-sea thermal contrast, 
resulting in a weaker monsoon and a smaller affected area. 
This ultimately results in reduced interannual precipitation 
variability in Cluster 2. Therefore, Cluster 2 actually 
represents the boundary region affected by the monsoon. 
Due to the varying strength of the monsoon, this region 
shows a certain width. 

China’s northwest regions are located in the arid 
inland with high altitude, near the Qinghai-Tibet Plateau in 
the south. This region is controlled by a high-pressure 
system, which inhibits convection, resulting in low mean 
precipitation, small standard deviation, and low probability 
of extreme precipitation. The northernmost border of the 
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summer monsoon, known as the northern edge of the 
monsoon, serves as the boundary between arid and 
subhumid regions ( Li et al., 2013). Fig. 8b explores the 
variability of the wind field at 850 hPa, using the isolines 
of meridional wind (υ) speed of 1.5 m s–1 (Fig. 8b, red 
contours) as the northern edge of monsoon. Except for 
northeast China, the northern edge of the monsoon is 
consistent with the boundary between Cluster 1 and 
Cluster 2. Therefore, the advance and retreat of monsoon 
lead to the classification of Cluster 1 and Cluster 2.  

The interannual SST variations in Clusters 3 and 4 are 
in anti-phase (Figs. 6c and 6d), but the correlation 
coefficient of the time series of precipitation mean is 
0.62 (Table 2). This indicates that the difference between 
the two clusters is not mainly in the precipitation mean, but 
in the variability and extremes of precipitation. The 
changes in precipitation mean values in both clusters are 
affected by intensity and movement of the monsoon. The 
influence of SST on the precipitation mean in these two 
regions may be opposite, especially in the eastern Pacific. 
In addition, the geopotential height field of Cluster 4 
indicates its association with the East Asian-Pacific wave 
train (EAP) originating from the tropics (Fig. 7d). This 
wave train represents the planetary wave anomaly and 
propagation induced by tropical convection. The EAP has 
a significant influence on the East Asian summer monsoon 

(Huang 1992) and forms the meridional geopotential 
height field anomaly (“+ － +”), reflecting the stable 
maintenance of the high-pressure system and low-pressure 
system (Fig. 7d). This configuration facilitates the 
interaction between warm and cold air in the areas of 
Cluster 4, forming a typical Meiyu front. On the other 
hand, the geopotential height field of Cluster 3 does not 
exhibit an EAP signal and is not easy to form persistent 
precipitation similar to Meiyu (Fig. 7c). 

The variations of the SST field and geopotential 
height field of Cluster 4 and Cluster 5 are very similar and 
are related to the EAP wave train and the SST anomalies in 
the Western Pacific near the Chinese mainland. 
Geographically, Cluster 4 and Cluster 5 are in a 
staggered distribution. However, when analyzing the 
various precipitation characteristics, the precipitation 
mean, precipitation standard deviation, and extreme 
precipitation frequency of Cluster 5 are significantly 
higher than those of Cluster 4. This indicates that the 
difference between the two clusters is mainly due to the 
distinct local precipitation characteristics, which may have 
little connection with the upstream and downstream 
climate systems. The nature of local precipitation may be 
greatly affected by geographical factors. Cluster 5 is 
distributed in South China and at the border of Hubei, 
Jiangxi, and Anhui. The area of Cluster 5 in the lower 
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reaches of the Yangtze River has a developed water 
system, with numerous tributaries converging into the 
Yangtze River. Poyang Lake, the largest freshwater lake in 
China, supplies sufficient water vapor to the regions of 
Cluster 5. In addition, warm and humid water vapor is 
transported here by the southwest airflow from the Indian 
Ocean and the southerly airflow from the South China Sea 
(Fig. 8a). Moreover, the presence of Ta-pieh Mountains, 
Lu Mountain, Huangshan Mountain, and Sanqing 
Mountain further influences the local climate. When the 
water vapor reaches this region under the influence of 
southwest and southerly airflow (Fig. 8), it converges and 
rises under the force of topography, easily leading to the 
formation of the stable, heavy precipitation (Zheng et al. 
2014). The special geographical factors and hydrological 
conditions contribute to higher precipitation totals and 
more frequent extreme precipitation in the region of Cluster 
5 compared to the adjacent Yangtze River Delta region. 

Cluster 6 is mainly distributed in the coastal areas of 
Guangdong and Guangxi. Statistical analysis indicates that 
the frequency of RS100 in Cluster 6 is significantly higher 
compared to other regions. There is no obvious signal in 
the corresponding SST field (Fig. 6f), while the 
atmospheric circulation field shows signals in the Ural 

Mountains and polar regions (Fig. 7f). Tropical monsoon 
and subtropical monsoon are important in the East Asian 
monsoon system (Chen et al. 2001). The coastal area of 
South China is controlled by the tropical monsoon system, 
where precipitation is mainly caused by the abundant 
water vapor brought by the tropical southwest monsoon 
(Fig. 8a). The convergence of warm and cold air, along 
with the typhoons landing in South China, make the region 
prone to stable heavy precipitation in summer. 
5.2  The physical mechanism exploration of local pre
cipitation characteristics  

China has a vast territory that encompasses various 
landforms, including basins, mountains, hills, plateaus, 
plains, and deserts. The topography is high in the west and 
low in the east, with a three-step terrain from west to east. 
The Qinghai-Tibet Plateau in the southwest, known as the 
“Roof of the world”, has an average altitude of over 4000 
m. The eastern region consists of hilly, mountainous, and 
plain terrain, with an average altitude of less than 500 m. 
China’s territory extends to 53°N, near the Mongolian 
Plateau and Siberia. It borders the western Pacific Ocean 
to the east, while the South China Sea lies to the south. In 
summer, water vapor from the western Pacific Ocean and 
the South China Sea brings substantial precipitation to 
central and eastern China. Additionally, the southwestern 
monsoons influence the distribution of water vapor from 
the Indian Ocean, impacting precipitation patterns in 
southwest China (Fig. 8). The complex geographical 
environment and the land-sea distribution create special 
dynamic and thermodynamic conditions, which jointly 
affect the distribution characteristics of summer 
precipitation in China. Precipitation distribution 
characteristics (Fig. 3b) present obvious east-west and 
north-south variations. Besides, in Eastern China, the 
frequency of precipitation and extreme precipitation 
gradually increases from northwest to southeast.  

In addition, particular attention should be paid to the 
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Table 2. Correlation coefficients of summer daily precipitation 
mean in each cluster based on the K-means clustering analysis. 
Values significant at the 95% confidence level are marked with 
asterisks. 

Cluster 1 2 3 4 5 6 
1 1 0.51* 0.22 -0.14 0.11 0.18 
2  1 0.38* -0.04 -0.04 -0.02 
3   1 0.62* 0.55* 0.3* 
4    1 0.67* 0.23 
5     1 0.68* 
6      1   

506 Journal of Tropical Meteorology Vol.31  



middle and lower reaches of the Yangtze River. The region 
is classified into two clusters, Cluster 5 (light green) 
representing the Poyang Lake region and Cluster 3 
(purple) for the Yangtze River Delta region. By 
analyzing the annual mean summer precipitation of the 
two regions (Fig. 9a), it is found that the daily-mean 
summer precipitation of Cluster 3 and Cluster 5 shows an 
upward trend. However, before 1988, the mean 
precipitation in Cluster 3 was lower than that of Cluster 
5. After that, the situation reversed, and the precipitation 
mean in Cluster 3 was higher than that in Cluster 5. 
Although both regions show an increasing trend in mean 
precipitation, the upward trend in Cluster 3 is significant, 
whereas that in Cluster 5 is not. This indicates that the 
daily mean precipitation in Cluster 3 of the Yangtze River 
Delta is higher than that in Cluster 5 of Poyang Lake. 
Besides, the difference in extreme precipitation frequency 
between these two areas is also analyzed. Figs. 9b and 9c 
show the temporal evolution of extreme precipitation 
frequency in Cluster 3 and Cluster 5 along the Yangtze 
River. It is observed that the frequency of extreme precipitation 
in Cluster 3 is generally lower than that in Cluster 5. 
However, the two curves are getting closer, indicating that 
the increasing trend of extreme precipitation in the 
Yangtze River Delta area (Cluster 3) is higher than that 
in the Poyang Lake area (Cluster 5). Both regions exhibit a 
significant increasing trend in both RS50 and RS100, 
further confirming the rise in extreme precipitation. 

These results indicate that the Yangtze River Delta 

region and the Poyang Lake area exhibit distinctly 
different precipitation characteristics. Since the reform 
and opening-up policy, the Yangtze River Delta has 
experienced a much faster rate of economic development 
compared to other regions, resulting in a high level of 
urbanization. The discharge of pollutants from human 
activities in this region serves as condensation nuclei, 
making it relatively difficult for large raindrops to form. 
Moreover, the abundant water vapor along the Yangtze 
River contributes to continuous rainfall during the summer 
in the Yangtze River Delta (Wen et al. 2020). On the other 
hand, Poyang lake region exhibits a lower level of 
urbanization compared to the Yangtze River Delta 
region, with less anthropogenic influence. In addition, the 
Poyang Lake region is surrounded by mountains on three 
sides, with a plain only in the southwest. The trumpet- 
shaped terrain facilitates the convergence of southwest 
monsoon airflow, making natural factors essential in 
shaping the characteristics of precipitation. The water 
vapor flux in summer (Fig. 8a) indicates that the Poyang 
Lake region experiences significantly higher water vapor 
flux compared to the Yangtze River Delta region. 

Apart from the Yangtze River coastal region, urban 
patterns in other regions also affect the precipitation 
distribution characteristics. The daily distribution 
characteristics of precipitation reveals that the summer 
precipitation in the Beijing-Tianjin-Hebei region (Cluster 
4) is significantly higher than that in the surrounding areas 
(Cluster 3).  
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6  CONCLUSIONS  
This study analyzes the spatiotemporal distribution of 

summer precipitation across China from 1961 to 2020 
using daily precipitation data. By incorporating 
precipitation mean, standard deviation, and extreme 
event frequency, we apply K-means clustering to develop 
an objective precipitation climate zoning system. This 
approach addresses limitations of traditional single-factor 
or subjective methods by automatically identifying 
similarities among precipitation characteristics, 
enhancing classification accuracy. We identify six 
distinct precipitation zones that differ from conventional 
climate divisions. For each zone, we analyze summer daily 
precipitation patterns and explore underlying physical 
mechanisms. The results offer a scientific basis for precise 
delineation of extreme precipitation disaster zones, 
supporting improved risk management strategies. 

Based on the observation data, this study proves the 
emergence of new characteristics in the precipitation 
distribution pattern. The research confirms the fact that 
extreme precipitation events occur frequently. The 
frequency of extreme precipitation events has shown a 
notable increase since 2010. Although some regions 
(notably the middle and lower reaches of the Yangtze 
River) demonstrate increasing mean precipitation, the 
majority of China shows declining trends, indicating an 
overall decrease in total precipitation (Fig. 5). Among 
them, the most rapid decrease in precipitation is observed 
in the transition zone between monsoon and non-monsoon 
regions (Cluster 2), while the most pronounced increase in 
extreme precipitation frequency in the coastal area of 
South China (Cluster 6). 

The physical mechanism analysis reveals the 
mechanism based on the clustering results. The arid 
region in northwest China, influenced by the high pressure 
in Lake Baikal region, is classified as Cluster 1. The mean 
and standard deviation of precipitation in this region are 
the lowest, and the frequency of extreme precipitation is 
very low. When the Baikal high weakens and the 
Mongolian cyclone intensifies, convergent uplift 
increases summer precipitation in this region. Influenced 
by the Mongolian cyclone, the transitional zone between 
the monsoon and the arid region is classified as Cluster 2. 
This zone represents the northern boundary of the 
monsoon due to the discrepancies of water vapor supply 
and land-sea thermal contrast in the Indian Ocean. The 
frequency of extreme precipitation in this region is low. 
The East Asian monsoon area, which is related to monsoon 
intensity (advance and retreat) is judged as Cluster 3 
(purple) and Cluster 4 (blue). Cluster 4 represents a typical 
Meiyu region, mainly influenced by the EAP wave train 
from the tropics and the SST anomaly pattern in the 
Middle East Pacific. There are two special regions within 
the Meiyu regions: Cluster 4 and Cluster 5. These regions 
have similar climatic impact factors and are spatially 
interleaved with each other. Cluster 5 is classified as a 

different type from Cluster 4 because the precipitation 
properties (including mean value, precipitation variance, 
and extreme precipitation frequency) of Cluster 5 are 
significantly higher. This difference may be related to 
topography and urbanization factors. Cluster 6 mainly 
covers the coastal areas of Guangdong and Guangxi, with 
a much higher frequency of extreme precipitation 
compared to other areas. Although clear climatic drivers 
are not identified, this may result from the abundant water 
vapor in tropical coastal zones. 

In general, large-scale geographical features such as 
geographical location, topography, and land-sea 
distribution contribute to the differences in the 
precipitation distribution characteristics between the 
eastern and western regions, as well as between the 
southern and northern regions. The topography and land- 
sea configurations, the atmospheric circulations, and SST 
field configurations, especially in eastern China, result in 
the variations in thermodynamic, dynamic conditions, and 
water vapor conditions across different parts of China (Ren 
et al. 2025). These differences finally lead to various 
weather situations and cause the boundary of each cluster 
to roughly follow the northeast-southwest trend. 
Specifically, from northwest to southeast, there is a 
gradually increase in the mean and standard deviation of 
precipitation, as well as the frequency of extreme 
precipitation. In addition, the distribution characteristics 
of the underlying surface (such as rivers, cities, mountains, 
etc.) further influence the local precipitation distribution. 
Specifically, the Poyang Lake region and the Yangtze 
River Delta region exhibit different precipitation 
distribution characteristics due to the trumpet-shaped 
mountain terrain around Poyang Lake and the 
urbanization in the Yangtze River Delta. Notably, with 
the economic development of the Beijing-Tianjin-Hebei 
region, human activities has an impact on the precipitation 
characteristics of the region, resulting in significantly 
higher mean and standard deviation of precipitation 
compared to the surrounding areas.  
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