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Abstract: This study analyzed the changes and trends in twelve extreme precipitation-based climate
indices obtained using daily data from 10 synoptic stations in the Chungcheong region of South
Korea during the 1973–2020 period. The climate indices were used to assess the trends in the extreme
precipitation characteristics of duration, frequency, and intensity using the innovative trend analysis
(ITA) method. The results of the ITA were further compared with two other non-parametric test
methods such as Mann–Kendall (MK) and Spearman’s rho (SR). The results showed that most stations
exhibited significant increasing trends in all the investigated climate indices at a 95% confidence level
as indicated by the ITA method, with only a few stations indicating significant decreasing trends in
R95p, R99p, Rx3day, and Rx5day. The sub-trend analysis further revealed the dominance of neutral
behavior around the low-value cluster, especially for the extreme precipitation duration. At the same
time, increasing trends dominate the high-value cluster at most stations. Meanwhile, only R10mm,
R99p, and R95p exhibited monotonic trends in the Boeun and Seosan stations, respectively. Further,
the ITA exhibited superior performance over the MK and SR methods by indicating the presence
of more significant trends in the climate indices at most stations. The distribution of the extreme
precipitation indices for duration, frequency, and intensity indicate the pronounced risk of flood
conditions around the north–central and some parts of southern regions, while the western region
indicates a potential drought risk, which could greatly impact the water resources and consequently
agricultural activities in the study area. The results of this study provide essential information for
addressing the climate-related problems of water resource management and agriculture in the study
area and other related climatic regions.

Keywords: extreme climate indices; trend analysis; innovative trend analysis; spatiotemporal variability

1. Introduction

Climate change is a major factor affecting global water resources and agricultural pro-
duction. In recent times, extreme climate change events such as floods and droughts have
become a global concern due to their frequency and the intensity of the occurrences [1]. The
topic of extreme climate events is a critical discussion, not only in the academic forum but
also among policy makers due to its overarching impacts on human activities [2,3]. Accord-
ing to the World Meteorological Organization (WMO), out of the 22,326 recorded disasters
between 1970 and 2019, 11,072 are attributed to weather, climate, and water hazards [4],
indicating the significance of climate related disasters. Similarly, extreme events related
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to climate change are one of the major disasters confronted by South Korea, with approxi-
mated 95% of natural disasters attributed to extreme precipitation events [5]. These events,
mainly floods, reportedly caused huge economic damage of about KRW 636.6 billion in
2012 [6].

Understanding the changes and trends in climate variables could aid in monitoring cli-
mate change for early preparedness and mitigation of the probable impacts. Several studies
have been conducted to specifically investigate the trends in climate variables using various
approaches, including parametric or non-parametric ones such as the Mann–Kendall (MK)
and Spearman’s rho (SR) tests, the Theil–Sen test, and the linear regression method [7–10].
Although climate variables are important factors when it comes to climate change related
studies, the use of extreme climate indices characterized by duration, frequency, and inten-
sity, as recommended by the WMO, is gaining more attention due to their ability to serve
as indicators of moderate to extreme climate events [1].

Recently, a new innovative trend analysis (ITA) was proposed in [11] which has
been increasingly used to investigate the trends in climate related studies in different
regions [10,12–15]. ITA is a non-parametric graphical method of trend analysis that is
capable of detecting and visualizing not only the monotonic trend but also the identification
of non-monotonic trends in a data series. The authors of [13] investigated the annual and
seasonal variability in rainfall at five different selected stations in the regional state of
Amhara in Ethiopia using the ITA method. The results obtained showed the capability of
ITA to detect trends in rainfall time series data with the results presented in a graphical
form, unlike MK and Sen’s slope, whose results are in a non-graphical format. In the
Sudano-Sahelian region of Cameroon, the ITA method was adopted to investigate the long-
term changes in the mean and extreme precipitation events using the daily and monthly
data from fifteen climate stations from 1980 to 2018. The ITA method was used to analyze
the trends in precipitation variability in the Lake Issyk-Kul Basin in Kyrgyzstan, and the
results were compared with that of other popular trend analysis methods such as MK,
Sen’s slope, linear regression, and Spearman’s rho [10]. The results showed the superior
capability of ITA over other methods in detecting significant trends where other tests failed.

In South Korea, the changes in annual and seasonal climate variability are based on
the UNEP and De Martonne climate indices in the Chungcheong province of Korea using
the ITA method [15], and the results have also been compared with the MK and Modified
MK tests. The results demonstrated the significant variability of climate conditions in
the study area with increasing trends dominating in the summer and autumn. Similarly,
the variability of annual, seasonal, and extreme precipitation in the Han River Basin of
Korea was investigated using the ITA method [16], with the results showing significant
variability in summer precipitation with an indication of possible extreme floods during the
summer and severe drought during the fall and winter. All these studies, and many more,
identified superior performances of the ITA method over other popular and traditional
trend analysis methods. However, limited studies have investigated the change and trends
in extreme precipitation-based climate indices using the ITA method, especially in South
Korea, despite the aforementioned advantages this approach offers.

This study, therefore, analyses the trends in twelve important extreme climate indices
that characterize precipitation duration, frequency, and intensity to assess the changes in
climatic conditions in the Chungcheong region of South Korea. Specifically, the trends in
the selected extreme precipitation-based climate indices were assessed using the graphical
ITA method, and the results were further compared with the MK and SR test results. The
spatial variability of the extreme precipitation-based climate indices was also investigated
using the inverse distance weighting (IDW) spatial interpolation method.

2. Materials and Methods
2.1. Study Area and Data Used

The Chungcheong region is located in the west-central region of South Korea and
lies between 35◦58′–36◦00′ N and 127◦38′–125◦32′ E, with an elevation of up to 1420 m
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(Figure 1) [15]. The study area, covering an estimated total area of 16,642 km2, is bordered
to the west by the Yellow Sea. The topographical conditions include mountainous terrain
in the east and flat areas in the west, with about 66% of the total land area 100 m above
sea level [17]. The climatic conditions are characterized by continental and temperate
monsoon climates with four distinct seasons: spring (March–May), summer (June–August),
autumn (September–November), and winter (December–February). The annual average
precipitation and temperature in the study area are 1239.7 mm and 11.7 ◦C, respectively,
with the majority of the rainfall (56%) and the maximum temperature (31.9 ◦C) occurring
during the summer. However, due to climate change, there have recently been changes
observed in the duration of these seasons, indicating a climate shift [18,19]. In addition,
climate change has been reportedly responsible for the reoccurring hydrological disasters
in terms of heavy rainstorms, floods, and drought severity [20].
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2.2. Extreme Precipitation Based Climate Indices

The 12 core climate indices related to extreme precipitation (http://etccdi.pacificclimate.org/
indices_def.shtml accessed on 5 June 2023), classified into the duration (CDD and CWD),
intensity (PRCPTOT, R95p, R99p, Rx1day, Rx3day, Rx5day, and SDII), and frequency
(R10mm, R20mm, and R30mm), were considered for the assessment of temporal and spatial
changes in Chungcheong region (Table 1). These indices were computed from the daily
precipitation data series using the ClimPACT2 software (version 3.1.3) [21], which has
been operationally maintained by the Expert Team on Specific Climate Indices since 2018
(https://www.wcrp-climate.org/data-etccdi accessed on 5 June 2023). In addition, these
indices allow an easy comparison of climate change results among studies from different
regions and are also recommended by the World Meteorological Organization (WMO)
and Expert Team on Climate Change Detection and Indices (ETCCDI) to enhance uniform
monitoring, detection, and attribution of climate extremes relating to climate change
assessment and water resources management [22,23]. Many studies in different regions,
including South Korea, have continued to use these indices to understand the variability
and changes in extreme precipitation events under changing climate conditions [1,24–26].

http://etccdi.pacificclimate.org/indices_def.shtml
http://etccdi.pacificclimate.org/indices_def.shtml
https://www.wcrp-climate.org/data-etccdi
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Table 1. Definition of extreme climate indices considered for this study.

Classification Climate Index Description Definition Units

Duration CDD Consecutive dry days Maximum number of consecutive dry days days

CWD Consecutive wet days Maximum number of consecutive wet days days

Frequency R10mm Number of heavy
precipitation days Annual count of days when RR ≥ 10 mm days

R20mm Number of very heavy
precipitation days Annual count of days when RR ≥ 20 mm days

R30mm Number of very heavy
precipitation days Annual count of days when RR ≥ 30 mm days

Intensity PRCPTOT Annual precipitation Annual total precipitation when RR ≥ 1 mm mm

R95p Very wet days Annual precipitation when RR > 95th percentile mm

R99p Extremely wet days Annual precipitation when RR > 99th percentile mm

Rx1day Maximum 1 day of
precipitation Annual highest daily precipitation mm

Rx3day Maximum 3 day of
precipitation Annual highest 3 consecutive days of precipitation mm

Rx5day Maximum 5 day of
precipitation Annual highest 5 consecutive days of precipitation mm

SDII Simple daily intensity index Annual precipitation divided by number of wet days mm/day

2.3. Trend Analysis
2.3.1. Innovative Trend Analysis

The innovative trend analysis (ITA) method was applied to the extreme precipitation-
based climate indices data series from 1973 to 2020. This method is a non-parametric
graphical approach [11,27], which has gained prominence due to its innovative visual prop-
erties and ability to evaluate the sub-trends and statistical significance in data series [15,28].
The data series for each precipitation-based climate extreme indices were divided into
two equal time periods (1973–1996 and 1996–2020) and then each sub-series was rearranged
in ascending order. The first sub-series data were placed on the x-axis, while the second
sub-series data were placed on the y-axis of the two-dimensional (Cartesian coordinate)
system (Figure 2). The data points that fall above (below) the 45◦ trendless line (1:1) indicate
an increasing (decreasing) trend, respectively. In contrast, the cluster of data points on the
1:1 line signifies that no significant trend exists. The ITA is able to distinctly separate the
trends in data series into monotonic and non-monotonic under increasing and decreasing
trends as regards the data points’ locations [29].

The ITA slope (s) and trend indicator (D) were calculated using Equations (1) and (2).

s =
2(x− y)

n
(1)

where, s is the ITA slope, n is the number of data points, x and y are the mean values of the
first sub-series and second sub-series, respectively.

D =
1
n ∑n

i=1
10(yi − xi)

x
(2)

where D is the trend indicator, n is the number of data in each sub-series, x is the mean
value of the first sub-series, xi and yi are observed data values in the first sub-series and
second sub-series, respectively.

The trend indicator is multiplied by 10 to enable the comparison of the results of
ITA with other trend analysis tests in this study [13,30,31]. The positive value of the
trend indicator indicates an upward trend, while the negative value signifies a downward
trend. The significance of the trend slope and indicator is estimated using the method
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proposed by Şen, with a detailed description in [27]. In this study, a 95% confidence level is
considered, and the ITA procedure was performed using the “trend change” package in
the R environment, while the ITA plots were prepared in Microsoft Excel 2013.
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2.3.2. Mann–Kendall Trend Test

The Mann–Kendall (MK) trend test is a ranked-based test and one of the traditional
non-parametric methods in trend analysis [32,33]. Unlike the ITA, the MK trend test is
known for assessing only monotonic trends such that the standardized MK test statistic
(ZMK) with positive (negative) values indicate increasing (decreasing) trends, respectively.
The MK trend statistic test is estimated using Equations (3)–(6).

S = ∑n=1
k=1 ∑n

j=k+1 sgn
(
xj − xk

)
(3)

sgn
(
xj − xk

)
=


+1 i f

(
xj − xk

)
> 0

0 i f
(

xj − xk
)
= 0

−1 i f
(
xj − xk

)
> 0

 (4)

V(s) =
n(n− 1)(2n + 5)

18
(5)

ZMK =


S−1
V(S) f or S > 0
0 f or S = 0

S+1
V(S) f or S < 0

 (6)

where n denotes the number of observed data in the time series, xj and xk are the time
series values at times j and k, respectively, from a given time series with n observations,
sgn represents the sign function with the values 1, 0, or −1, if xj > xk, xj = xk, or xj < xk,
respectively. S represents the Kendall sum statistic, and V(S) is the variance.

The significance of the trend statistical test in this study is based on the 95% confidence
level, which is regarded as high such that the absolute value of ZMK is higher than the 1.96,
thus the null hypothesis (H0) is rejected, and the trend is considered statistically significant.
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2.3.3. Spearman’s Rho Trend Test

The Spearman’s rho (SR), just like the MK trend test, is a rank-order non-parametric
test for the analysis of monotonic trends in the time series data [34–36]. The null hypothesis
(H0) states that the data in the time series are uniform and independent, and thus indicate
that there is no trend in the data. The trend for the SR is evaluated using correlation
coefficient (rs) and associated test statistic (ZSR) following Equations (7) and (8).

rs = 1−

[
6∑n

i=1(Rxi − i)2
]

n(n2 − 1)
(7)

ZSR = rs
√

n− 1 (8)

where Rxi is the rank statistic which is determined by ranking the observations from lowest
to the highest or vice versa, i represents chronological order, n is the number of data points
in the time series, positive (negative) values of standardized test statistic (ZSR) signify
increasing (decreasing) trends, in the data time series, respectively.

The significance of the SR trend test in this study is based on the 95% confidence level,
such that if the absolute value of ZSR is higher than the 1.96, the null hypothesis (H0) is
rejected, and the trend is considered statistically significant.

2.3.4. Spatial Analysis

The spatial changes and distribution of trends in extreme precipitation-based climate
indices were conducted using the inverse distance weighting (IDW) interpolation method.
The IDW is one of the most commonly used interpolation methods due to its accuracy
and ease of use [15]. The process involves assigning a value to an unknown point us-
ing the weighting average values from a set of neighboring known points following the
Equations (9) and (10).

w(x, y) = ∑N
i=1 λiwi (9)

λi =
d−p

i

∑N
i=1 d−p

i

(10)

where w(x, y) is the interpolated value at a position (x, y), N is the number of nearest
observation points surrounding (x, y), λi is the weight of each observation point wi located
at (xi, yi), di is the Euclidean distance between (xi, yi) and (x, y), and p is the degree of
change in weight according to the Euclidean distance.

3. Results
3.1. Temporal Changes and Trends in Climate Indices

The temporal changes in 12 extreme precipitation-based climate indices inferred from
the 10 synoptic gauging stations in the Chungcheong region during 1973–2020 are shown
in Figure 3. The results show that all the indices indicate low to moderate increasing
trends. For instance, the duration-based indices, CDD and CWD, indicate high temporal
changes (increasing trend) of 2.26% and 2.33%, respectively, as compared to intensity-based
indices: PRCPTOT, R95p, R99p, Rx1day, Rx3day, and Rx5day, which show moderately
increasing change of 1.59, and 0.89, 0.95, 0.32, 0.25, and 0.38 mm/year, respectively. In the
case of the SDII index, it is the one that indicates the lowest temporal increasing change of
0.02 mm/day. Similarly, the frequency-based indices of R10mm, R20mm, and R30mm show
low increasing changes of 0.05, 0.03, and 0.02 days, respectively.
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Figure 3. Temporal variations in the spatially averaged extreme precipitation-based climate indices
during 1973–2020.

The precipitation duration-based indices showed contrasting values such that the
maximum value of CDD (51.20 days) was observed in 1977 and decreased gradually until
2019, when it spiked to 44.60 days. On the other hand, CWD showed an increasing trend,
reaching a maximum value of 10.20 days in 2020 but with significant decreasing spikes of
3.50 and 3.60 days in 1994 and 2018, respectively. For the precipitation frequency-based
indices, the temporal changes indicated increasing trends up to 44.70 days in 2003 for
R10mm, 27.00 days in 2011 for R20mm, and 20.50 days in 2011 for R30mm, after which the
indices showed decreasing values with the lowest spikes of 21.90 days in 2001 for R10mm,
10.30 days in 2015 for R20mm, and 4.40 days in 2015 for R30mm. Further, the precipitation
intensity-based indices showed irregular changes among some of the seven indices. There
is an increasing trend until the late 1990s, then abrupt maximum and minimum peaks
occurred in 2011 and 2015, respectively.

The results of temporal trends based on the ITA method across all the stations are
shown in Figures 4–8 and Figures S1–S7. The ITA indicators for the duration-based indices
show that 80% and 100% of the stations are statistically significant at a 95% confidence level
for CDD and CWD, respectively (Figures 4 and 5). On average, the rate of significantly
increasing trends in CDD are 0.98, 0.79, 0.55, 0.60, 0.32, 0.92, 0.47, and 1.43 days/year
for the Chungju, Cheongju, Chupungryeong, Jecheon, Boeun, Cheonan, Boryeong, and
Buyeo stations, respectively. In comparison, the rate of significantly increasing trends
in CWD ranges from 0.83 to 2.10 days/year at all 10 stations. Meanwhile, for CDD, the
non-significant increasing and decreasing trends occur at Geumsan and Seosan (Figure 4).
The sub-trends in CDD and CWD, mostly in the medium-value cluster, reveal a neutral
behavior at some stations such as Seosan, Boeun, and Boryeong, characterized by clustering
data points on the trendless line. However, low-value clusters dominate at the majority of
the stations, especially in the CDD. Further, while only the Chungju, Boeun, and Buyeo
stations show increasing trends in the high-value cluster of the sub-trend for CDD, all the
stations in CWD reveal increasing trends in the high-value cluster.
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For the frequency-based indices, the ITA indicators reveal different combinations of
trends in the number of days of extreme precipitation-based climate indices (Figures 6–8).
In general, significant increasing trends dominate the three frequency-based indices, with
70%, 90%, and 90% of the stations exhibiting non-monotonic increasing trends in R10mm,
R20mm, and R30mm, respectively. However, only the R10mm exhibits a monotonic
increasing trend at 1.52 days/year at the Boeun station, while a non-significant decreasing
trend at an average rate of −0.11 days/year occurs in R30mm at the Boryeong station. The
rate of significantly increasing trends in R10mm, R20mm, and R30mm ranges from 0.15 to
1.52 days/year, 0.50 to 1.62 days/year, and 0.60 to 2.26 days/year, respectively. Regarding
the distribution of sub-trends, the ITA reveals the dominance of high-value clusters in all
three frequency-based indices, which indicate increasing trends at all the stations except
Boryeong station for all three indices and Cheonan station for R10mm. However, the
low-value cluster with decreasing trends occurs at the Chungju and Cheongju stations for
R10mm, at the Cheongju, Jecheon, and Cheonan stations for R20 mm, and at the Cheonan
and Buyeo stations for R30mm. Meanwhile, the neutral trend behavior is exhibited in
R10mm and R20 around the low-value and medium-value clusters at the Seosan and
Chupungryeong stations, respectively. In contrast, a similar neutral trend behavior is
exhibited in R30mm around the low-value cluster at the Jecheon and Geumsan stations.

The results of the extreme precipitation intensity-based climate indices are shown
in Figures S1–S7. Similarly to the duration and frequency-based indices, the increasing
trends dominate the seven investigated precipitation intensity-based climate indices. For
PRCPTOT and SDII, the rates of increasing trends based on the ITA indicators ranged from
0.62 to 1.50 mm/year and 0.05 to 1.18 mm/day/year, respectively, with the increment being
more pronounced at the Boeun station (1.50 mm/year) for PRCPTOT and the Seosan and
Boeun stations (>1 mm/day/year) for the SDII (Figures S1 and S2). The increasing trends
in PRCPTOT and SDII were found to be statistically significant at a 95% confidence level
at all the stations except at the Boryeong station, where non-significant decreasing and
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increasing trends occurred, respectively. Both indices are found to exhibit non-monotonic
increasing trends, each in 70% of the stations.

For the sub-trend clusters, the PRCPTOT exhibits neutral trend behavior around the
low-value clusters in Chungju, Seosan, Cheongju, Jecheon, Boeun, and Buyeo; however,
Boryeong shows neutral trend behavior around the medium-value cluster (Figure S1).
Similarly, SDII demonstrates neutral trend behavior around the low-value cluster in
Chungju, Cheongju, Chupungryeong, Boeun, Buyeo, and Geumsan stations. In contrast,
the medium-value cluster reveals neutral trend behavior at the Boryeong and Geumsan
stations (Figure S2).

The R95p and R99p indices show, on average, increasing trends with the existence of
monotonic trends at the Seosan and Boeun stations (Figures S3 and S4). For R95p, statis-
tically significant increasing trends occurred at the Chungju, Seosan, Cheongju, Chupun-
gryeong, Jecheon, Boeun, Buyeo, and Geumsan stations at the rate of 4.19, 2.31, 2.39, 0.33,
3.58, 1.21, and 1.58 mm/year, respectively. In comparison, non-significant decreasing trends
are exhibited at the Cheonan (−0.06 mm/year) and Boryeong (−0.07 mm/year) stations.
However, the statistically significant increasing trend rates in R99p ranged from 2.42 to
7.53 mm/year with the highest and lowest change occurring at the Seosan and Chupun-
gryeong stations. Further, non-significant increasing trends occur at the Chungju and
Cheonan stations at the rates of 0.85 and 1.09 mm/year, respectively. However, the
statistically significant decreasing trend occurs at the Boryeong station at the rate of
−1.28 mm/day. R95p and R99p are found to exhibit non-monotonic increasing trends each
in 50% and 30% of the stations, respectively.

The sub-trend clusters in R95p reveal neutral trend behavior around the low-value
cluster at the Chupungryeong, Boryeong, and Buyeo stations and increasing trend behavior
around the majority of the stations (60%). On the other hand, the sub-trend information for
R99p indicates increasing trend behavior around the low-value and high-value clusters in
the majority of the stations, with the exception of the Chungju, Cheonan, and Geumsan
stations, where neutral trend behavior was observed around the low-value cluster.

For the Rx1day, Rx3day, and Rx5day indices, the ITA indicator results show a combina-
tion of trends in the maximum days of extreme precipitation intensity-based climate indices
(Figures S5–S7). In general, all three indices exhibit increasing trends at the majority of
the stations, with Rx1day, Rx3day, and Rx5day showing statistically significant increasing
trends at 60%, 60%, and 70% of the stations, respectively. In addition, the non-monotonic
increasing trends are exhibited at 30%, 30%, and 50% of the stations for each of the Rx1day,
Rx3day, and Rx5day indices, respectively. The significant increasing trends occurred at
the Seosan, Cheongju, Jecheon, Boeun, Cheonan, and Geumsan stations at the rate of 1.52,
1.73, 1.59, 1.04, 1.18, and 0.89 mm/year for Rx1day and 0.43, 1.22, 0.65, 1.43, 0.29, and
1.00 mm/year for Rx3day, respectively. At the same time, Rx5day exhibits significant
increasing trend rates of 0.87, 1.26, 0.65, 0.77, 1.66, 0.31, and 1.31 mm/year at the Seosan,
Cheongju, Chupungryeong, Jecheon, Boeun, Cheonan, and Geumsan stations, respectively.
Similarly, all three indices exhibit significant decreasing trends at the Chungju station at
the rate of −0.12, −0.43, and −0.60 mm/year, respectively.

The sub-trend information reveals neutral behavior in Rx1day around the low-value
clusters at the Chupungryeong, Boeun, Boryeong, Buyeo, and Geumsan stations, while
increasing trends behavior is dominant around the middle-value cluster and high-value
cluster, indicate combined trend behaviors. Similarly, in Rx3day, the neutral trend behavior
dominates the low-value cluster, especially at the Chungju, Seosan, Cheogju, Chupun-
gryeong, Boeun, Boryeong, and Buyeo stations; however, middle and high cluster values
exhibit a combination of trend behaviors. Further, Rx5day reveals neutral behavior around
the low-value clusters at the Chungju, Cheonan, Boryeong, and Buyeo stations, while
middle and high cluster values exhibit a combination of trend behaviors.
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3.2. Spatial Variability and Trends in Extreme Climate Indices

The spatial variations in the extreme climate indices, characterized by duration, fre-
quency, and intensity indices, and their trends based on the ITA, MK, and SR from 1973 to
2020 are shown in Figure 9, Figure 10, and Figure 11, respectively. The computed extreme
precipitation-based climate indices using the trend indicator for ITA (D), Z statistics for
the MK test (ZMK), and test statistics for the SR test (ZSR) showed varying degrees of
variabilities, especially in terms of statistical significance level across the study area. For
instance, in the precipitation duration-based indices, the spatially averaged CDD increases
from the western towards the central area with the highest value around the Buyeo and
Cheonan regions and lowest value around the Seosan region, which are all significant
except for two regions of Seosan and Geumsan (Figure 9). However, the CWD was very
high in the southern area, around the Geumsan region. At the same time, it showed a
low value in the central area around the Cheongju region, with all the regions showing
statistically significant trends. MK and SR showed slightly similar trend variability in CDD
with ITA, especially with high and low CDD around the Seosan and Cheonan regions,
respectively (Figures 10 and 11). However, MK and SR differ in the spatial variability of
CWD with ITA, where the distribution of low-value CWD is more pronounced, unlike in
the ITA. Similarly, the high CWD can be found around the Jecheon and Buyeo regions,
while the lowest value is distributed around the Seosan and Boryeong regions. Further,
while all the regions indicate similar increasing and decreasing trends with ITA, none of
the regions indicate statistical significance, unlike in the ITA methods.
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The precipitation frequency-based indices (R10mm, R20mm, and R30mm) show in-
creasing trends from the western region to the eastern region of the study area based on the
ITA indicator (Figure 9). These results are consistent with the pattern of trend distribution
in both MK and SR. The high R10mm, R20mm, and R30mm occur around the Boeun,
Chungju, and Jecheon regions, while the low values are distributed around the Seosan
and Boryeong regions for all the trend analysis methods (Figures 9–11). However, while
all three indices show significant trends in all the regions except the Boryeong region for
R30mm, the MK and SR only indicated a significant trend around the Boeun region for
R10mm (Figures 10 and 11).

For the spatial distribution and trends in the precipitation intensity-based indices,
PRCPTOT, SDII, R95p, R99p, Rx1day, Rx3day, and Rx5day, the pattern of variability showed
that the majority of the high precipitation intensity-based indices occur in the eastern
region of the study area (Figures 9–11). Specifically, it can be observed that the increasing
trends with high values in PRCPTOT, SDII, R95p, R99p, Rx3day, and Rx5day indices up to
1.50 mm/decade, 1.18 mm/day/decade, 3.58 mm/decade, 7.38 mm/decade, 1.43 mm/decade,
and 1.66 mm/decade, respectively, occurred around the Boeun region. In contrast, the
high rate of decreasing trends in PRCPTOT, R95p, R99p, Rx1day, Rx3day, and Rx5day
up to −0.09 mm/decade, −0.07 mm/decade, −1.28 mm/decade, −0.44 mm/decade,
−0.57 mm/decade, and −0.07 mm/decade, respectively, are observed around Boryeong
region as indicated by the ITA indicator. Similarly, trend test statistics of MK and SR
showed similar distribution patterns in the regions of high and low values, especially for
PRCPTOT, SDII, R95p, Rx1day, Rx3day, and Rx5day. However, the status of the statistically
significant level varies between MK and SR test statistics ZMK and ZSR and ITA method
statistic D test, with the latter showing more statistically significant trends in many regions.

4. Discussion

The extreme precipitation-based climate indices in the Chungcheong region of South
Korea during 1973–2020 generally showed increasing trends and variability in the extreme
indices among the sub-regions as indicated by the stations in the study area. The increasing
CWD and decreasing CDD around the western region in the study area implies that
the number of days with no rainfall is likely to decrease. In contrast, more days with
heavy rainfall are likely to increase, which could translate to a flooding condition in this
region. Similarly, a significant increase in the precipitation intensity-based climate indices
such as PRCPTOT, SDII, R95p, R99p, Rx1day, Rx3day, and Rx5day around the eastern
region (Boeun, Chupungryeong, and Cheongju) and a significant increase in extreme
precipitation frequency indices such as R10mm and R20mm, and R30mm could potentially
cause increasing heavy flood around these regions. In addition, these results are consistent
with related studies where significant increases in the trends in these indices were identified
as extreme climate events such as floods [28,37].

The sub-regions around the study area have also been reported to be impacted by
flooding and drought conditions [38,39]. The significant increase in CDD around the north-
central and some parts of southern regions (Cheonan, Cheongju, Buyeo, and Boryeong),
with decreases in R95p and R99p, and low Rx1day, Rx3day, and Rx5day around these
regions could be a potential cause of drought in these regions. Considering the intensive
agricultural activities in the Chungcheong region [40], the increase in dry climate extremes
could create challenging impacts on the agricultural productivity and food security in the
region and South Korea in general [15]. The vulnerability of sub-regions such as Jecheon and
Geumsan in the Chungcheong region to flood and drought due to significantly increasing
trends in climate extremes has been previously reported [24,41]. This result is consistent
with the findings in [15], where heavy climatic conditions are identified in the summer and
autumn seasons around the northeast region of the Chungcheong province. Moreover, the
influence of the orographic effect and local convection aided by the mountainous terrain in
the study area could influence the extreme precipitation amount and intensity around the
adjacent sub-regions [42].
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The statistical relationship among the three trend analysis methods was further con-
ducted using Pearson’s correlation analysis. The Pearson correlation results in the scatter
matrix plot showed a moderate correlation between the ITA method and MK and SR tests,
as indicated by the coefficient values of 0.42 and 0.43, respectively (Figure 12). Meanwhile,
MK and SR clearly showed a very good correlation with a coefficient of 0.99. This can be
explained by the inability of the two tests to determine some significant hidden sub-trends
compared to the ITA test. Furthermore, the ITA test offers the possibility of presenting the
trends graphically, which allows for the detection of trends in extreme values.
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Previous studies have also demonstrated and reported the superiority of the ITA test
over the MK tests in detecting trends in time series data [15,30,31,43]. Ref. [30] attributed the
low performance of the MK test in detecting the trends in time series data to the possible
presence of significant serial correlation in the data series. Similarly, ref. [15] ascribed
the superior performance of the ITA to its ability to detect underlying and significant
trends in climate-related data. Further, in the studies conducted in [10,43], where different
statistical techniques were compared to ITA in evaluating variability and changes in climate
conditions, the results showed that the ITA method was able to detect significant trends in
some stations where other methods, such as MK, Modified MK, Bootstrapped MK, linear
regression, Spearman’s rho, and Sen’s slope failed to detect such significant trends. These
results are consistent with the findings of this present study.
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5. Conclusions

This study analyzed the spatiotemporal variability and changes in 12 extreme precipitation-
based climate indices in the Chungcheong region of South Korea based on the daily
precipitation datasets from 10 synoptic stations during 1973–2020. The climate indices were
used to assess the trends in the extreme precipitation duration, frequency, and intensity
using the innovative trend analysis (ITA) method, which the results were further compared
with two other non-parametric tests: Mann-Kendall (MK) and Spearman’s rho (SR).

Overall, the majority of the stations exhibited significant increasing trends at a 95%
confidence level, as indicated by the ITA method in all the investigated indices, with only a
few stations indicating significant decreasing trends in R95p, R99p, Rx3day, and Rx5day.
The sub-trend analysis further revealed the dominance of neutral behavior around the
low-value cluster, especially for the extreme precipitation duration, while increasing trends
dominate the high-value clusters in most stations. Meanwhile, only R10mm, R95p, and
R99p exhibited monotonic trends in the Boeun, Seosan, and Boeun stations, respectively.
The risk of flood and drought conditions is pronounced in the study area, especially
around the north-central and some parts of southern and western regions, which could
greatly impact the water resources and agricultural activities. This can be attributed to
the significant increasing trends in extreme precipitation intensity such as PRCPTOT, SDII,
R95p, R99p, Rx1day, and Rx3day and extreme precipitation duration such as Rx1day,
Rx3day, and Rx5days, and also increasing trends in CWD and decreasing trends in CDD in
those regions.

Further, the ITA method indicated a superior performance and exhibited significant
statistical trends in the investigated extreme precipitation indices at more stations than the
MK and SR tests. However, Pearson’s correlation showed a moderate relationship between
the ITA and the two tests. This study provides outcomes that could provide researchers
and policymakers with essential information for addressing the climate-related problems
of water resources management and agriculture in the study area and other related climatic
regions. A future study is recommended to investigate the cause of the changes in the
extreme precipitation indices in relation to the relative impacts on the water resources and
agricultural production in the study area.
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