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Abstract: This study proposed a spatially and temporally improving methodology adopting the 

Regional Frequency Analysis with L-moments approach to estimate rainfall quantiles from 22787 

grids of radar rainfall in Taiwan for a 24-hour duration. Due to limited radar coverage in the eastern 

region, significant discordant grids were found in the coastal area of the eastern region. A K-means 

cluster analysis using scaled at-site characteristics was used to group the QPESUMS grids in Taiwan 

into 22 clusters/sub-regions based on their characteristics. Spatially, homogeneous subregions with 

QPESUMS data produce more detailed homogeneous subregions with clear and continuous bound-

aries, especially in the mountain range area where the number of rain stations is still very limited. 

According to the results of z-values and L-moment ratio diagrams, the Wakeby (WAK), Generalized 

Extreme Value (GEV), and Generalized Pareto (GPA) distributions of rainfall extremes fitted well 

for the majority of subregions. The Wakeby distribution was the dominant best-fitted distribution, 

especially in the central and eastern regions. The east of the northern part and southern part of 

Taiwan had the highest extreme rainfall for each return period. Both areas were frequently struck 

by typhoons. By using grid-based (at-site) as the basis for assessing regional frequency analysis, the 

results show that the regional approach in determining extreme rainfall is very suitable for large-

scale applications and even better for smaller scales such as watershed areas. The spatial investiga-

tion was performed by establishing regions of interest in small subregions across the northern part. 

It showed that regionalization was correct and consistent. 
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1. Introduction 

Extreme rainfall events have a significant influence on society and may result in 

death and property destruction, for example, by creating landslides or floods as a result 

of dike breaches or dam collapses [1]. Extreme rainfall and record-breaking floods are be-

coming more frequent and intense in many parts of the world. Floods are growing in-

creasingly prevalent when design limitations for flood protection infrastructure (storm 

drainage, embankments, and dams) are surpassed and places with a large population sud-

denly face unexpected rainfall amounts [2]. Numerous recent research have been con-

ducted to determine the patterns and trends of extreme rainfall globally, for example in 

Jakarta [3], in US [4], in Pakistan [5], in Ethiopia [6], in Korea [7], and in Taiwan [8]. 

Design rainfall is a stochastic representation of rainfall intensity or depth at a given 

location for a specific duration and return period [9]. Extreme rainfall modeling is critical 

for the design of flood preparation systems that rely primarily on rainfall frequency 
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estimations [10]. A rainfall frequency analysis is used to estimate the frequency with 

which certain rainfall amounts or depths are predicted to occur. Additionally, the rainfall 

frequency analysis data may be utilized to quantify the rainfall depth associated with a 

certain probability of occurrence. Thus, information on the design values (quantiles) of 

extreme one-day and multi-day rainfall quantities is critical in a variety of sectors of water 

resources engineering, including dam and sewage system design, flood mitigation, and 

soil and vegetation loss protection [11]. 

The majority of hydrologic processes, including rainfall, are stochastic in nature. Be-

cause there are no pure deterministic hydrologic processes, considerable use of probabil-

ity theory and frequency analysis is required to adequately comprehend and characterize 

the phenomena. The objective of frequency analysis is to determine the quantiles of the 

distribution of the random variable of interest [12]. [13] proposed probability weighted 

moments (PWMs) as a substitute for ordinary moments for estimating parameters for dis-

tributions whose inverse form is clearly established. However, PWMs can only be read 

inferentially as scale and shape measurements of a probability distribution. [14] circum-

vented this by defining L-moments as linear combinations of the PWMs. 

There are two approaches to rainfall frequency analysis: one is at-site estimation, 

which simply uses the data from each station for statistical analysis, and the other is re-

gional estimation, which uses observations from gauges located in a homogeneous region 

with similar climatological and physical characteristics [15]. The use of at-site frequency 

analysis with yearly maximum data is a common method for determining extreme quan-

tiles. In this method, an appropriate distribution is chosen to characterize the data on ex-

treme rainfall. Regardless of the parameter estimating technique used (e.g. maximum like-

lihood or L-moments), the at-site approach is linked with rather high levels of uncertainty, 

which vary according to the available data. It takes longer sequences to get more reliable 

design values from traditional at-site hydrological frequency analysis. In general, the 

fewer data available, the greater the amount of uncertainty associated with both parame-

ters and quantile estimations [16]. Hence, increasing the amount of rainfall data available 

for fitting the parameters of such parametric distributions is a critical step in improving 

the probability of extreme rainfall occurrences. 

To compensate for the scarcity of at-site observations, in the 1960s, the regional 

method of frequency analysis was created, which "traded space for time". Since the 1980s, 

this method, based on the index-flood method, has grown in popularity [17]. The regional 

approach's basic concept is the substitution of time for space: a multi-site study yields 

more accurate quantile estimates than an at-site analysis. However, under the regional 

method, sites cannot be aggregated arbitrarily; the resultant group of sites must satisfy 

the criteria of homogeneity, which requires that sites pooled together have comparable 

probability distribution curves of extremes. As a result, one of the most contentious topics 

in regional frequency analysis is the mechanism for grouping locations. 

The index-flood method is one way of estimating rainfall extremes. The basic premise 

of this approach is that the rainfall distributions at each site within a homogeneous area 

have the same coefficient of variation and skewness, allowing for the quantile estimation 

of any return period at any location within the region [18]. By multiplying the yearly max-

imum rainfall data by a scale or index, the index flood technique begins by normalizing 

extreme rainfall data for each location within the homogeneous area. The standardized 

extreme rainfall estimate for the selected return period is generated by applying a regional 

distribution to the pooled standardized extreme rainfall data from the region's stations. 

Finally, for the location of interest, regional extreme rainfall estimates are derived by mul-

tiplying its index by the standardized extreme rainfall estimates [19]. [12] utilized the L-

moments approach to enhance the index flooding method and established the regional 

frequency analysis method based on L-moments. This technique has been extensively 

used in the study of regional floods, precipitation, and drought.  

Recently, several researchers have shifted their focus to regional frequency studies in 

order to compensate for data scarcity. [20] employed rainfall regionalization to expand 

rainfall data to areas where rainfall data is not accessible. [21] used a principal component 
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analysis in T-mode to determine the regionalization of extreme rainfall in Portugal. The 

findings reveal three spatial regions derived using PCA. [22] categorized 4 regions as ho-

mogeneous regions through cluster analysis in the Yangtze River Delta, China. The spatial 

pattern of extreme rainfall with a 100-year return period shows two regions with the larg-

est extreme rainfall and a large area with the lowest extreme rainfall. The areas with the 

lowest extreme rainfall are the most developed and densely populated areas. The afore-

mentioned studies demonstrate that regionalization is a valuable tool for analyzing the 

frequency of rainfall extremes across large areas, and the results will aid in flood preven-

tion and management in the area of research. However, to predict rainfall extremes, L-

moments-based regional frequency analysis needs more representative, consistent, accu-

rate, and long-sequence rainfall data. In locations with complicated terrains, such as Tai-

wan, rainfall vertical variation is obvious, and the data representative of rain gauge sta-

tions is often sparse, complicating infrastructure development and the research of extreme 

rainfall. 

Taiwan is situated in the East Asian monsoon zone, receiving 2,500 mm of rainfall 

annually [23]. Taiwan is characterized by several adverse natural characteristics, includ-

ing complicated terrain, short and swift rivers, and a position within the East Asian mon-

soon region and northwestern Pacific typhoon track. Additionally, during the Mei-Yu 

Rain Season in May and June, Taiwan is impacted by frontal systems, and the island is 

pounded by three to four typhoons each year [24]. This extreme meteorological phenom-

enon may occur during short periods of intense rainfall, resulting in slope collapse, land-

slides, and floods. On the other hand, during the dry season, from September to April, the 

southwest section of Taiwan often experiences several days without rainfall, which may 

result in droughts. A study by [25] found that extreme rainfall has been getting worse and 

more common for a long time, but the number of consecutive dry days has been going 

down in southwest Taiwan in recent years. Due to extreme weather and climate events in 

Taiwan, it is important to look at how the hydrological environment has changed. 

Monitoring extreme rainfall is critical for flood predictions, warnings, and mitigation. 

Precipitation monitoring accuracy is critical for estimating the volume of floods and the 

spatial and temporal distribution of flooded regions. Estimates of extreme rainfall are of-

ten derived from analyses of long-term rain gauge data. Due to the scarcity of rain gauges 

in many parts of the world, an interpolation approach is often used to provide a spatial 

map for the predicted frequency [26]. However, the sparse spatial density of rain gauges 

has a substantial impact on the dependability of estimations of extreme rainfall. For design 

applications involving large regions, such as river catchments or drainage basins, these 

point estimates become insufficient. 

In comparison to rain gauges, radar-based Quantitative Precipitation Estimates 

(QPE) offer a significant advantage over sparse rain gauges in that they offer high spatial 

and temporal resolution with extensive spatial coverage. Typically, a single weather radar 

station samples an area with a radius of 100–200 kilometers with a spatial resolution of 

around 1-4 kilometers and a temporal resolution of up to 5 minutes. Despite the inherent 

errors associated with weather radars as a remote sensing and indirect method, a typical 

radar station's coverage may theoretically give the equivalent of a dense network of rain 

gauges. Additionally, this kind of quantitative precipitation estimate product addresses 

the drawbacks associated with gauge station-based data, such as limited coverage, uneven 

distribution, and inconsistent results [15]. 

There have been a few studies examining the use of radar and satellite-based rainfall 

data. [27] used the extreme value theory to estimate depth-duration-frequency curves for 

the period 1998–2008 using weather radar data spanning the whole land area of the Neth-

erlands. They calculated the data for extreme rainfall and their associated uncertainty us-

ing a regional frequency analysis technique. They determined that radar data, when sub-

jected to stringent quality control, are acceptable for estimating the amounts of extreme 

area rainfall. [28] used multivariate analysis and L-moment techniques to regionalize rain-

fall in Iran using GPCC gridded data. They classified Iran into eight homogenous zones 

and found that for half of the regions, the Wakeby distribution was the best-fitting 
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distribution. [29] assessed the potential of using a 12-year quantitative precipitation esti-

mate (QPE) radar-based precipitation dataset to examine extreme rainfall in Belgium. The 

radar dataset spans 2005–2016, has a resolution of 1 km, and is updated every 5 minutes. 

They discovered that the extreme statistics vary little according to topography. 

Despite recent developments in the realm of radar-rainfall monitoring and estima-

tion, the use of radar QPE products for extreme rainfall analysis and the derivation of 

design frequency estimates has not yet been fully exploited. The primary constraint on 

using radar datasets for rainfall frequency estimates is their low historical data collection. 

However, as more radar datasets with lengthy archival records (>10 years) become avail-

able, the use of radar-based information for rainfall frequency analysis becomes increas-

ingly viable. In this sense, a combination of radar-based rainfall and the L-moments ap-

proach provides a superior tool for examining the properties of extreme rainfall. The ob-

jective of this study is to develop a methodology to incorporate the benefit of high spatial 

resolution radar rainfall data as well as temporal enhancement against the limited histor-

ical records by regional frequency analysis . Since the homogeneous regions are identified 

in regional frequency analysis based on the L-moments approach, the best-fit distributions 

are therefore selected in order to estimate the rainfall quantiles in each homogeneous re-

gion. The index flood method and regional approach to each grid across Taiwan could be 

applied to explore the spatial variations of rainfall extremes. 

2. Materials and Methods 

2.1. Study Area 

Taiwan, with a total area of 36,000 km2, is located in Southeast Asia's Western Pacific 

(between Japan and the Philippines). Taiwan has a long and narrow shape, with the Cen-

tral Mountain Range extending across the middle of the country. The mountainous area 

with elevations greater than 1,000 meters comprises 32% of the island, while hills and 

plateaus with elevations between 100 and 1,000 meters encompass 31% of the island, and 

the rest of the island is flat with elevations of less than 100 meters. 

Typhoons are the primary rainfall sources in Taiwan, followed by meiyu fronts, trop-

ical low-pressure systems, and southwesterly flow occurrences [30]. These extreme mete-

orological occurrences can bring tremendous rainfall in a short period of time, resulting 

in flooding, landslides, slope collapse, and other problems. Between 1897 and 2018, the 

CWB reported that Taiwan issued an average of 6.8 typhoon warnings per year [8]. Tai-

wan receives an abundance of rainfall each year, ranging from 1,600 to 3,100 mm with an 

average of approximately 2,500 mm. Additionally, extremely heavy rainfall with a maxi-

mum rate of more than 100 mm/hour can occur during the summer season (May–Octo-

ber). 

2.2. Data 

The radar-derived rainfall data used in this study is QPESUMS (Quantitative Precip-

itation Estimation and Segregation Using Multiple Sensors). The QPESUMS system was 

created by Taiwan's Central Weather Bureau (CWB) and the National Severe Storms La-

boratory (NSSL) of the United States' National Oceanic and Atmospheric Administration 

(NOAA). The QPESUMS system is primarily constructed of four weather Doppler radars 

that cover the entirety of Taiwan and the surrounding ocean. It measures base reflectivity 

with a high spatial resolution (0.0125° x 0.0125°) and a temporal resolution of 10 minutes 

[31, 32].  

At the end of 2001, Taiwan's Central Weather Bureau completed the Doppler radar 

observation network and implemented the QPESUMS system, which enhanced the mon-

itoring, analysis, and early warning capability for violent or mutational weather. Quanti-

tative radar rainfall estimation technology has advanced to the point that it can deliver 

more uniform and high-resolution spatial rainfall distribution information on a larger 

scale, hence establishing itself as the most effective method for increasing rainfall estima-

tion accuracy [33]. 

In this study, the records of 22787 grid pixels of QPESUMS are collected to cover the 

whole of Taiwan. The 24-hour duration of the annual maximum series for the period 2006-
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2020 data was applied to conduct Regional Frequency Analysis (RFA) in Taiwan. The 

gridded rainfall dataset is the most recent data that hasn't been widely used in studies. 

2.3. L-Moment approach 

L-moments are linear combinations of order statistics that provide the expectation of 

particular linear combinations. The letter L denotes linear, indicating that L-moments are 

a linear function of the order statistics. L-moments are more robust to outliers in the data 

than ordinary moments. As a result, L-moments yield more reliable parameter estimations 

than conventional moments. L-moments was proposed as a modification of probability-

weighted moments (PWMs) by [13] and [14]. For a distribution function, there are two 

cases of PWMs of the r-th order, 𝛼𝑟 and 𝛽𝑟: 

 

𝛼𝑟 =  ∫ 𝑥(𝐹)(1 − 𝐹(𝑥))𝑟  𝑑𝐹, 𝛽𝑟 =  ∫ 𝑥(𝐹)(𝐹(𝑥))𝑟  𝑑𝐹, 𝑟 = 0, 1, 2, … 
1

0
 

1

0
  (1) 

 

 [14] defined L-moments as linear functions of PWMs for the ordered sample x1 ≤ x2 

≤ ... ≤ xm of size m: 

𝜆1 =  𝛽0,  𝜆2 = 2𝛽1 − 𝛽0, 𝜆3 = 6𝛽2 − 6𝛽1 + 𝛽0,  𝜆4 = 20𝛽3 −  30𝛽2 + 12𝛽1 − 𝛽0 (2) 

The parameter k1 is known as the L-location or distribution mean, while the param-

eter k2 is known as the L-scale. The L-moment ratios are expressed as follows: 

𝜏2 =  
𝜆2

𝜆1
⁄  , 𝜏3 =  

𝜆3
𝜆2

⁄  , 𝜏4 =  
𝜆4

𝜆2
⁄       (3) 

where 𝜏2 denotes the coefficient of L-variation (L-CV), 𝜏3 is L-skewness (L-CS), and 

𝜏4 is L-kurtosis (L-CK). 

The L-moments and L-moments ratios are analogous to their ordinary moment coun-

terparts, but they are more unbiased. Thus, these values can be used to describe the major 

characteristics of the distributions that are frequently utilized in extreme value analysis 

[34]. The L-moments procedures are available as an R package from CRAN (https://cran.r-

project.org/package=lmomRFA) [35]. Figure 1 depicts a summary of the Regional Fre-

quency Analysis procedures using L-Moments, and the section that follows explains the 

regionalization approaches in further depth. 

 

Figure 1. Flowchart of Regional Frequency Analysis using L-Moments 
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2.4. Discordancy Measure  

Hosking & Wallis (H) [12] discordancy measure is widely recommended for screen-

ing outliers’ sites in regional frequency analysis (RFA). Discordancy measures provide a 

discordancy metric for detecting anomalous sites in a region by utilizing the sample mean 

and sample covariance matrix of the site's sample L-moment ratios including L-CV, L-

skewness, and L-kurtosis. The performance of conventional and robust techniques for 

identifying discordant sites is evaluated using Monte Carlo simulations.  

Assuming N stations are available in the area, the following three-dimensional vector 

of sample L–moment ratios of the yearly maximum daily rainfall sequence may be con-

structed and recorded: 

𝑢𝑖 =  [𝑡𝑖, 𝑡3
𝑖 , 𝑡4

𝑖 ]
𝑇
       (4) 

 

The following are the discordant detection indicators: 

𝐷𝑖 =  
1

3
(𝑢𝑖 − 𝑢̅)𝑇 𝐴−1(𝑢𝑖 − 𝑢̅),     (5) 

𝑢̅ =  𝑁−1 ∑ 𝑢𝑖 ,
𝑁
𝑖=1        (6) 

 

𝐴 =  ∑ (𝑢𝑖 − 𝑢̅)(𝑢𝑖 − 𝑢̅)𝑇 .𝑁
𝑖=1       (7) 

 

A is a sample covariance matrix, N is the number of property vectors, 𝑢𝑖  is the vector 

containing L-moment ratios for the station i, and 𝑢̅ is the unweighted regional average 

value, 𝐷𝑖  is the measure of discordancy. Sites with 𝐷𝑖  > 3 should be considered discord-

ant, according to [12]. To some extent, the criterion for discordance should increase as the 

number of sites in the region increases. This is due to the fact that sites with high 𝐷𝑖  val-

ues are more likely to be found in larger regions. In any case, regardless of the magnitude 

of these values, it is recommended to search the data for the sites with the highest 𝐷𝑖  val-

ues. 

2.5. K-Means Clustering 

Cluster analysis is a conventional approach of statistical multivariate analysis that 

can be used to break down huge and complicated data sets into a small number of data 

groups where members of a group have characteristics in common [36]. The supervised 

cluster algorithm approach, K-means, is applied to identify homogeneous regions across 

Taiwan. The K-mean clustering technique is chosen owing to its successful application in 

other rainfall regionalization studies [22,36-37]. In the K-means method, each cluster is 

represented by its centroid, which is the mean (weighted or unweighted average) of fea-

ture vectors within the cluster. This method is known for its efficiency in clustering large 

data sets with numerical attributes [38]. 

In this study, five dimensions/attributes known as site-characteristics are used in con-

junction with the K-means algorithm to regionalize the rainfall extreme. The site-charac-

teristics including latitude, longitude, elevation, the mean annual maximum series of each 

grid, and 5-year rainfall (Figure 2). Because variables with different units might impact 

the outcomes of the K-means clustering technique, the data should be standardized using 

suitable transformation functions before performing the algorithm [39]. As a result, the 

following variables/attributes of each site should be rescaled as follows: 

𝑌 =
(𝑋−𝑋𝑚𝑖𝑛)

(𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛)
       (8) 

where Y is the normalized value, and 𝑋𝑚𝑖𝑛 and 𝑋𝑚𝑎𝑥  are the minimum and maxi-

mum values for each variable in the data set (X), respectively. Cluster analysis does not 

always provide the desired results. Subjective enhancements are often required to pro-

mote physical continuity and reduce regional heterogeneity. 
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Figure 2. Site-characteristics used in K-means clustering 

2.6. Heterogeneity Measure 

The heterogeneity measure is used to determine if proposed regions generated by 

cluster analysis of site attributes could be considered as homogenous. Hosking and Wal-

lis’s heterogeneity measure (H) is often used in regional frequency analysis to assess re-

gional homogeneity. This statistic is calculated using dispersion measures, which are de-

fined as the total of the errors between the at-site sample L-moment ratios and the regional 

average L-moment ratios. Using Monte Carlo simulation, a measure of heterogeneity gen-

erates several simulated regions from a flexible probability distribution and compares ob-

served and generated data [40]. [12] estimate heterogeneity by parameterizing the more 

flexible four-parameter Kappa distribution using data from the candidate region, from 

which simulated regions are produced using Monte Carlo sampling. A statistic V can be 

computed for the actual region and all simulated regions as the total of the squared devi-

ations from the mean across all sites for a given L-moment ratios. To estimate H, the mean 

and standard deviation of V over all simulated regions are calculated and compared to V 

for the actual data. The heterogeneity measure is calculated as follows: 

𝐻1 =  
(𝑉1−𝜇𝑣)

𝜎𝑣
 ,       (9) 

𝑉1 =  {∑ 𝑛𝑖(𝑡𝑖 − 𝑡𝑅)2 / ∑ 𝑛𝑖
𝑁
𝑖=1  𝑁

𝑖=1 }
1

2 ,    (10) 

𝑡𝑅 =  ∑ 𝑛𝑖𝑡
𝑖  /  ∑ 𝑛𝑖

𝑁
𝑖=1

𝑁
𝑖=1      (11) 

where 𝑉1 is the standard deviation of at-site sample L-CV and 𝜇𝑣 and 𝜎𝑣 mean and the 

standard deviation of the simulated values of V, respectively. 

[12] classify an area as acceptably homogeneous when H < 1, possibly heterogeneous 

when 1 ≤ H < 2 and definitely heterogeneous when H ≥ 2. If the value of H1 did not fulfill 

the criterion, the site inside the region needed to be modified to meet the requirements for 

becoming an approved homogenous region. [12] are then proposed several region 

changes, including the following: (1) relocating a site or a few sites within a region; (2) 

subdividing the region; (3) merging two or more regions and redefining groups; (4) break-

ing up the region by reassigning its sites to other regions; and (5) removing a site or sites 

from the data. 

2.7. Selection of Candidate Distributions 

[12] suggested two methods for determining the best-fitting distribution: The L-Mo-

ment ratios diagram and the Z-test. The L-moment ratio diagram is a visualization of the 

distribution function's calculated L-Skewness and observed L-Kurtosis values. The curves 

represent potential links between the proposed distribution's L-Cs and L-Ck [41]. L-mo-

ment ratio diagrams have been proposed as a handy tool for differentiating between al-

ternative distributions that might be used to represent regional data. The sample average 
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and a line of best-fit through the sample L-moment ratios are two graphical tools used to 

aid in distribution selection. The closeness of the sample average or the record length 

weighted average to the theoretical curve or point in L-skewness and L-kurtosis space of 

a given candidate distribution has been regarded as an indicator of the distribution's suit-

ability to represent the regional data. 

The Z-test is a statistic that reflects how well the theoretical L-kurtosis of the fitted 

distribution matches the regional average L-kurtosis of the observed data. The quality of 

fit is determined for each of the candidate distributions by: 

 

|𝑍𝐷𝐼𝑆𝑇| =  
𝜏4

𝐷𝐼𝑆𝑇−𝑡̅4+ 𝛽4

𝜎4
      (12) 

 

where 𝑍𝐷𝐼𝑆𝑇  denotes the candidate distribution and 𝜏4
𝐷𝐼𝑆𝑇 denotes the fitted (candi-

date) distribution's L-kurtosis obtained via simulation for the purpose of estimating the 

fitted distribution as follows: 

 

𝜏4
𝐷𝐼𝑆𝑇 =  ∑ 𝐴𝑘  𝜏3

𝑘8
𝑘=0  ,       (13) 

 

where 𝐴𝑘 are the coefficients described in [12], 𝛽4 denotes the bias of the regional 

average sample L-kurtosis (𝑡4̅ =  𝑡4̅
(𝑚)

/𝑚) determined using simulation approach with 

𝑡4̅
(𝑚)

 denoting the sample L-kurtosis of the mth simulation: 

 

𝛽4 =  
∑ (𝑡̅

4
(𝑚)

 − 𝑡̅4)
𝑁𝑠𝑖𝑚
𝑚=1

𝑁𝑠𝑖𝑚
       (14) 

 

and σ4 is the standard deviation of regional average sample L-kurtosis estimated as 

 

𝜎4 =  √(𝑁𝑠𝑖𝑚 − 1)−1(∑ (𝑡4̅
(𝑚)

 −  𝑡4̅)2 −  𝑁𝑠𝑖𝑚𝛽4
2𝑁𝑠𝑖𝑚

𝑚=1 )    (15) 

 

A fit is regarded satisfactory if |ZDIST| is sufficiently close to zero, with |ZDIST| 1.64 

being a fair criterion. If there are more than one acceptable distribution, the one with the 

lowest |ZDIST| is considered to be the best distribution. 

 Generalized Normal (GNO), Pearson Type III (PE3), Generalized Extreme Value 

(GEV), Generalized Logistic (GLO), and Generalized Pareto (GPA) Distributions are the 

candidate distributions considered in this study. If the three-parameter frequency distri-

butions do not match the rainfall data well, we may try fitting using a five-parameter 

Wakeby distribution. Wakeby distributions have more parameters than other system dis-

tributions, allowing for a greater variety of shapes and a relatively good fit to any sample 

[42]. 

2.8. Estimation of Rainfall Quantiles 

The index-flood approach is used in regional frequency analysis to determine quan-

tiles for each station's distinct return periods. The index flood method assumes that rain-

fall from multiple locations within a region is normalized by their mean annual rainfall 

from a single distribution. The index flood technique works on the premise of defining 

rainfall at each site as two components, one representing the rainfall specific to the loca-

tion and the other reflecting the rainfall features common to the homogenous region. 

Equations (16) and (17) determine the parameters of the fitted frequency distribution from 

the regional average L-moment ratios, which are weighted proportionately to the site's 

record length, respectively. 

 

𝑡𝑅 = ∑ 𝑛𝑖𝑡
(𝑖)𝑁

𝑖=1 ∑ 𝑛𝑖
𝑁
𝑖=1⁄  ,       (16) 

 

𝑡𝑟
𝑅 = ∑ 𝑛𝑖𝑡𝑟

(𝑖)𝑁
𝑖=1 ∑ 𝑛𝑖  ,      𝑟 = 3,4, …𝑁

𝑖=1⁄       (17) 
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Finally, the quantile estimates at site i are obtained from the index flood 𝜇𝑖 and re-

gional quantile function q(F)F given by: 

 

𝑄𝑖(𝐹) = 𝜇𝑖𝑞(𝐹),       𝑖 = 1, 2,∙∙∙, 𝑁      (18) 

2.9. Accuracy Assessment 

Uncertainty is a necessary component of every statistical estimate. The related uncer-

tainty of an estimated quantile indicates how dependable the value is for confident usage. 

[12] suggested an evaluation approach that includes utilizing a Monte Carlo simulation to 

generate regional average L-moments. Quantile estimations for different return durations 

are computed in the simulation. The computed quantiles for non-exceedance probability 

F is 𝑄̂𝑖
[𝑚](𝐹) − 𝑄𝑖(𝐹)/𝑄𝑖(𝐹) at the mth repetition. The relative error of the estimate at sta-

tion i for non-exceedance probability F is 𝑄̂𝑖
[𝑚](𝐹) − 𝑄𝑖(𝐹)/𝑄𝑖(𝐹). This amount can be av-

eraged across all M repeats to approximate the estimators' relative RMSE. The relative 

RMSE for a large M is approximated by: 

𝑅𝑖(𝐹) = {
1

𝑀
∑ [

𝑄̂𝑖
[𝑚]

(𝐹)−𝑄𝑖(𝐹)

𝑄𝑖(𝐹)
]

2

𝑀
𝑚=1 }

1/2

    (17) 

The regional average relative RMSE of quantile estimates provides an overview of 

the accuracy of quantile estimations across all grids in the region: 

𝑅𝑅(𝐹) =
1

𝑁
∑ 𝑅𝑖(𝐹)𝑁

𝑖=1       (18) 

Analogous values can be calculated for growth curve estimations, but with 𝑄̂𝑖(𝐹) 

and 𝑄̂𝑖
[𝑡ℎ𝑒 𝑚]

 substituted by 𝑞̂𝑖(𝐹)  and 𝑞̂𝑖
[𝑚]

, respectively. The 90% error bounds for  

𝑞̂(𝐹) are: 

𝑞̂(𝐹)

𝑈0.05(𝐹)
≤ 𝑞(𝐹) ≤

𝑞̂(𝐹)

𝐿0.05(𝐹)
     (19) 

where 𝑈0.05(𝐹) and 𝐿0.05(𝐹) are the values where approximately 90% of simulated val-

ues to true value ratio, i.e., 𝑞̂(𝐹)/𝑞(𝐹), lies. We simply multiply the relative error meas-

urements by the calculated quantiles to get the absolute error measures. The flowchart of 

Regional Frequency Analysis is summarized in Figure 2 and the following section de-

scribes the detailed procedure of regionalization techniques. 

2.10. Regional and Gird-based Estimates for Watershed Scale 

Extreme rainfall patterns are commonly characterized using at-site and regional fre-

quency analysis. While at-site frequency analysis uses only records from the target loca-

tion (grid/station) to estimate the quantiles, regional frequency analysis makes use of data 

from stations with comparable rainfall patterns to produce more precise estimates of ex-

treme rainfall intensities. In this part, we were analyzed the difference and similarity be-

tween regional and grid-based (at-site) estimate at several return periods at one particular 

watershed. In this study, we select Touqian watershed. The reason for this comparison is 

that regional estimates, when applied at the watershed-scale, sometimes have high uncer-

tainties and cannot be applied, especially in regions that have complex topography and 

rainfall patterns. This is due to the different approaches where at-site analysis considers 

at-site characteristics & at-site statistics only for the entire watershed area, while regional 

analysis, when applied to watersheds also considers at-site characteristics & at-site statis-

tics for all grids/stations in each homogeneous region where part of the area is in the wa-

tershed. 

To analyze the differences between the two approaches, we use a spatial approach 

with visual and statistical comparisons at 50-year return period. Furthermore, the similar-

ity analysis uses an image matching approach. Normalized Cross-Correlation (NCC) and 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 21 July 2022                   doi:10.20944/preprints202207.0325.v1

https://doi.org/10.20944/preprints202207.0325.v1


 

Jaccard Similarity Index (JSI) were used to measure the degree of similarity between the 

two approaches. NCC is one of the most effective and commonly used similarity metrics 

in matching tasks. The Normalized Cross-Correlation (NCC) of two time series can be 

defined as 

𝑁𝐶𝐶 =
∑ (𝑥𝑖−𝑥̅)(𝑦𝑖−𝑦̅)𝑛

𝑖=1

𝜎𝑋𝜎𝑌
      (20) 

where n is sample size, xi and yi are the individual grids indexed with i, X and Y are the 

regional and at-site(grid-based) datasets.  

Jaccard Similarity Index (JSI) is a statistical value used to compare the similarity and 

diversity between two different sample sets. Jaccard similarity is defined as the magnitude 

of the intersection of the two sets divided by the magnitude of the union of the two sets 

(Eqs. 21). The larger the value, the more similar condition for the two groups [43]. 

𝐽𝑎𝑐𝑐𝑎𝑟𝑑 (𝐴, 𝐵) =
|𝐴∩𝐵|

|𝐴∪𝐵|
      (21) 

In this study we used weighted Jaccard Similarity Index. In this measure, the high 

similarity between a pair of points indicates that the points have high resemblance, mean-

while low similarity indicates that the points are distant. Weighted Jaccard Similarity com-

puted between two vectors or data points x and y where each of vectors has a length of n 

is the summation of the minimum of two vectors in each dimension divided by the sum-

mation of the maximum of those two vectors in each dimension. The calculation of 

weighted JSI can be seen in the following equation. 

𝐽𝑆𝐼 (𝑋, 𝑌) =
∑ min (𝑋𝐾,𝑌𝐾)𝑛

𝐾=1

∑ max (𝑋𝐾,𝑌𝐾)𝑛
𝐾=1

     (22) 

Practically, the numerator is the intersection of two vectors and denominator is the 

union of two vectors. The Jaccard Similarity Index between two vectors is 1 when those 

two vectors are the same and is 0 when those two vectors do not have anything in common 

(that is the numerator is zero). 

3. Results 

3.1. Screening the Data 

Validating the acceptability of the data for the analysis by screening for unusual data 

items is a crucial part of any statistical data analysis. The discordancy measure, Di = D(ui), 

should tell us how distant ui is from the center of the area in respect to its size. Large Di 

values suggest that the ith site should be examined further for the potential of data errors, 

or that the prospect of relocating the site should be considered. 

Validating the data for analytical acceptability by screening for outliers is a critical 

component of any statistical data analysis. The discordancy measure, Di = D(ui), should 

indicate the distance between ui and the area's center in proportion to its size. Large Di 

values indicate that the ith site should be investigated further for any data inaccuracies or 

that the site should be relocated. 

When assessing the discordancy test results generated for the stations, grids with a 

D value of 3 and higher are recommended to be eliminated from future regional studies 

since they could not pass the discordancy test when the cluster size is more than 15. To 

some degree, the discordancy criteria should be a function of the number of sites in the 

area. This is because sites with high Di values are more likely to be found in large regions. 

In any case, regardless of the size of these values, it is recommended to study the data for 

the locations with the highest Di values [12]. 

Based on the above theories, we conducted two discordance test approaches, first by 

using a critical Di of more than 3 and the second using a critical value of > 6. Figures 3a 

and 3b show the discordant spatial grid distribution (DI >3) and a graph of the relationship 

between L-skewness and L-CV. A total number of 801 of 22787 grids is categorized as 
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discordant (3.52% of total grids). The spatial distribution of discordant grids is almost 

evenly distributed throughout the region, but a continuous significant discordant grid is 

seen in the southeastern area. 

After further testing, we found that, to some extent, the grid with DI values >3 (dis-

cordant) did not affect the homogeneity of the region after clustering and heterogeneity 

tests. therefore, we continued the second analysis by increasing the critical Di limit by > 6. 

Based on this critical value, 171 of 22787 grids are categorized as discordant (0.75%) (see 

Figure 3c and 3d). Grids with discordant value greater than 6 greatly affects the homoge-

neity of the region. The region that was originally homogeneous shifted to heterogeneous, 

especially in the southeastern region.  

 

 
Figure 3. Spatial distribution of QPESUMS discordant grids in Taiwan; a). discordant 

grids using Di > 3 as critical  

 

After conducting further investigations in the southeast (discordant grid > 6), by com-

paring the radar estimation value (QPESUMS) with the three closest rainfall stations, we 

found that the QPESUMS rainfall values were extremely underestimated rain gauge val-

ues from 2006-2015 (Figure 4). but after 2016, the value tends to be similar. According to 

[44], due to the island's two major mountain ranges (the Snow Mountain Range (SMR) 

and the Central Mountain Range (CMR)) and the significant blockages caused, the S-band 

radar network's vertical coverage in the inner island was severely limited. For large 

swaths of the SMR and CMR, the lowest 1 km of the atmosphere is not covered by radar. 

These vertical coverage gaps adversely impacted the quality of precipitation forcing used 

in hydrological forecasting, and additional radars are required to address these gaps. 

Since 2016, four additional C-pol radars have been placed island-wide to enhance radar 

coverage at low altitudes. As a result, the C-pol radars considerably improved low-level 

coverage, particularly along the east coast and throughout a major portion of northern 

and southern Taiwan. Based on that consideration, the discordant grids with DI >6 were 

excluded for further analysis.  

a c 
b 

d 
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Figure 4. Discordant grids along the coastal in comparison with 3 closest rain gauges 

3.2. Identification of Homogeneous Regions 

Determining the number of subregions is critical in the work of L-moment because 

an insufficient number of subregions will result in an inappropriate division pattern that 

may not meet the RFA's homogeneity requirement [45]. The number of subregions in this 

research was decided by first establishing an initial number based on regional geograph-

ical factors and then shifting the number back and forth until all split subregions passed 

the homogeneity test. This determination employs the K-means clustering method and 

subjective adjustment. in K-means clustering method, five factors called site-characteris-

tics including latitude, longitude, elevation, mean annual maxima, and 5-year rainfall are 

employed to subdivide the whole Taiwan island into subregions, while the subjective ad-

justment is used to ensure that all regions are homogeneous. Since the QPESUMS data has 

a very large grid (22787 grids), the use of the k-means clustering method alone to region-

alize the frequency of analysis will be very difficult, therefore it needs to be refined by 

subjective adjustment [36]. The region should be sufficiently large to have a large sample 

size (many extremes) and small enough to neglect extreme statistic variability [29]. 

For each region, discordancy and heterogeneity measures (Di and H1) defined in Eqs. 

(5) and (9) were calculated to see if they are spatially continuous and physically reasona-

ble. When the estimated heterogeneity measure (H1) surpasses the critical value, which 

indicates "potentially" and "definitely" heterogeneous, K-Means then will be used to re-

group the grids in the region into smaller regions. This process was repeated until no fur-

ther separation of heterogeneous regions was possible. Occasionally, the discordance 

measure suggested that several surrounding grids within a region are discordant with the 

remainder of the region. In this case, the homogenous regions were manually refined by 

using subjective adjustments as described in the methodology section. Examining the dis-

cordant grids showed several natural and physically defensible modifications to the clus-

ters, leading to more homogeneous clusters after accounting for the topographical and 

geographic patterns of the average annual maximum series. 

15 initial clusters/sub-regions were determined by using the K-means clustering 

method. Furthermore, a total of 22 sub-regions are discovered to apply to the study area 
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after subjective adjustments. The 22 subregions were defined as geographical areas with 

similar topography and climatological characteristics that experienced similar meteoro-

logical conditions during storm events. We depict the boundaries of the 22 subregions in 

Figure 5. This regional classification is similar to the findings of [46] which divides Taiwan 

into 17 homogeneous sub-regions. They divided sub-regions using the Principal compo-

nent analysis method, self-organizing maps, and L moment using 127 rain gauges data. 

Limited spatial density using uneven rain gauges makes interpolation difficult and makes 

it difficult to produce maps with clear homogeneous boundaries. [47] in their research 

that compares mapping approaches of design annual maximum daily precipitation also 

concludes that one of the problems or difficulties of the regional approach is the disconti-

nuity of boundaries between sub-regions. They suggest that in the future, the use of radar-

based rainfall could be a solution. Our findings further confirm that, using QPESUMS 

which is based on high resolution radar-based rainfall, we can produce homogeneous re-

gions that are not only similar, but also more detailed with clear boundaries between re-

gions, especially in the center/mountain range area where the number of rain stations is 

still very limited. In other words, we have better results in terms of detail. 

 
Figure 5. The division of 22 homogeneous subregions using QPESUMS in Comparison 

with Chen & Hong, (2012)’s homogeneous subregions using Rain Gauges in Taiwan 

Geographically, the 22 sub-regions are divided into 5 regions: the northern region 

(sub-regions 1-6), the western region (sub-regions 7-10), the center region (sub-regions 11-

15), the eastern region (sub-regions 16 & 17), and the southern region (sub-region 18-22). 

Table 1 shows the total number of grids in each sub-region, as well as their L-moment 

ratio. According to Table 1, the biggest sub-region is sub-region 16, which is located in the 

eastern region and has a total grid of 2231 grids, whilst the smallest sub-region is sub-

region 22, which is located in the southern region and has a total grid of 248 grids. In 

contrast, the northern and southern areas of Taiwan have complicated distribution pat-

terns of homogenous sub-regions. The results of heterogeneity tests for annual rainfall 

data are also summarized in Table 1. It can be seen that all regions are ‘acceptably 
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homogeneous’, with H < 1. These results demonstrate that the 22 regions are sufficiently 

homogeneous. 

Table 1. L-moment ratios and heterogeneity measure of 22 subregions 

Region/Sub-

region 

Number 

of Grids 

L-moment ratios 
H1 

t t_3 t_4 

North 

1 711 0.33 0.24 0.17 -2.01 

2 453 0.22 0.21 0.11 -0.62 

3 509 0.19 0.18 0.15 -0.67 

4 1359 0.25 0.28 0.17 -0.14 

5 1806 0.28 0.15 0.10 -1.86 

6 606 0.24 0.20 0.16 -1.27 

West 

7 980 0.32 0.34 0.17 -5.83 

8 1186 0.26 0.19 0.10 -5.33 

9 1961 0.27 0.26 0.20 -7.71 

10 1150 0.26 0.25 0.14 0.85 

Center 

11 1938 0.32 0.29 0.08 -4.97 

12 1344 0.25 0.11 0.10 -4.90 

13 826 0.23 0.00 0.06 -6.01 

14 474 0.22 0.07 0.05 -1.19 

15 567 0.17 0.11 0.20 -6.87 

East 

16 2231 0.25 0.08 0.06 -5.21 

17 652 0.25 0.17 0.09 0.07 

South 

18 1629 0.19 0.09 0.12 -3.63 

19 609 0.16 0.10 0.12 -6.49 

20 1283 0.16 0.05 0.08 -3.25 

21 265 0.25 0.20 0.07 -2.55 

22 248 0.35 0.30 0.14 0.92 

 

3.3. Selection of Distribution Models 

The determination of appropriate regional frequency distributions is also important 

in the RFA. An inappropriate selection of distributions may result in a large overestima-

tion or underestimation of extreme rainfall. Rainfall maxima are often positively skewed, 

having a comparatively longer right tail. Three-parameter frequency distributions are 

much more flexible than two-parameter distributions, which may enhance fit in the right 

upper tail region. Three-parameter frequency distributions are primarily very popular, 

and they are frequently used in the context of a regional frequency analysis (RFA) method. 

The L-moment ratio diagram is widely used as the first visual assessment tool for 

selecting a regional frequency distribution from sample data collected in a particular lo-

cation. The sample L-moment ratios, regional average L-moment ratios, and theoretical L-

moment ratio curves of candidate distributions are displayed in an L-skewness and L-

kurtosis space. The theoretical plotting positions of the candidate distributions are given 

using polynomial approximations. 

L-moment ratio diagrams have been used to show averages of L-skewness and L-

kurtosis in 22 homogeneous regions. Then, theoretical curves for different distributions 

have been shown, as well (Figure 5). As long as the point that is the regional average is 

close to the curve that corresponds to a certain distribution, this distribution will be a good 

choice for the parent distribution in the region. As shown in the L-moment ratio diagrams 
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(Figure 6), in 11 of Taiwan's 22 subregions, the regional average L-moment ratios do not 

approach or are exactly on the theoretical curves of five candidate distributions. As a re-

sult, [12] suggest that the Wakeby (WAK) robust distribution is the most appropriate.  

More precisely, the z value indicates the degree to which the regional mean distribu-

tion fits the five alternative distributions the best. According to the z value in Table 2, the 

best fit parent distribution of half of 6 subregions in the northern region, specifically sub-

regions 1, 3, and 6, is dominated by the GEV distribution. Only subregion 8 in the western 

region has a z value that does not fit any of the five possible distributions. while the 

Wakeby (WAK) distribution best fits all subregions in the east and center regions. Finally, 

Generalized Pareto (GPA) best fits as parent distribution in the southern region. Moreo-

ver, table two also shows the distribution parameters of the best-fit parent distribution for 

each subregion. A way to figure out how well a distribution fits is to look at how far sam-

ples points are from the curve for that distribution. Additionally, the optimal distribution 

determined at this stage will be used to calculate the regional growth curve for each ho-

mogenous region.  
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Figure 6. L-moment ratio diagram (LMRD) of 22 homogeneous regions in Taiwan (the 

gray dots are site sample L-moment ratios, the red points are the regional average L-mo-

ment ratios, and colored curves represent theoretical L-moment ratio curves of 5 candi-

date distributions) 
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Table 2. GoF measures, Best fit Distribution, and parameter distribution of 22 homogenous Sub-Regions in Taiwan 

Reg 
Goodness-of-fit Measures 

Best Fit Distribution 

Parameter estimates for distributions ac-

cepted at the 0.90 level  

GLO GEV GNO PE3 GPA ξ/μ α/σ K/β γ δ 

North                  

1 7.44 0.61 -2.28 -7.59 -16.25 GEV 0.71 0.42 -0.11   

2 18.58 11.54 9.70 5.99 -4.92 WAK 0.48 0.68 0.32 0.00 0.00 

3 7.45 -0.08 -1.17 -3.90 -16.92 GEV 0.84 0.27 -0.01   

4 13.00 5.05 -0.08 -9.14 -15.97 GNO 0.88 0.38 -0.58   

5 34.65 17.03 16.09 11.85 -20.90 WAK 0.30 1.04 0.49 0.00 0.00 

6 5.87 -1.60 -3.35 -7.00 -18.90 GEV 0.79 0.33 -0.05     

West            
     

7 19.51 14.45 8.66 -1.41 -0.68 GPA 0.37 0.62 -0.02   

8 31.21 18.77 16.39 11.10 -9.58 WAK 0.35 0.58 2.62 0.58 -0.17 

9 1.52 -7.88 -13.01 -22.24 -33.28 GLO 0.89 0.24 -0.26   

10 19.89 11.13 7.17 -0.05 -10.72 PE3 1.00 0.50   1.48   

Center            
     

11 63.27 53.04 45.54 32.36 25.38 WAK 0.32 0.74 0.10 0.00 0.00 

12 30.61 13.51 14.22 11.95 -21.70 WAK 0.24 2.03 7.43 0.70 -0.34 

13 35.70 16.95 21.79 21.79 -16.88 WAK 0.18 2.61 8.57 0.92 -0.69 

14 29.02 16.95 18.71 18.19 -6.53 WAK 0.36 0.92 1.90 0.42 -0.30 

15 -11.39 -20.36 -19.99 -21.20 -38.83 WAK 0.40 2.43 5.54 0.20 0.11 

East            
     

16 56.21 32.30 34.29 32.08 -15.90 WAK 0.26 1.17 5.37 0.83 -0.50 

17 24.58 14.92 13.61 10.26 -6.62 WAK 0.36 0.56 2.58 0.58 -0.21 

South            
     

18 23.65 1.61 5.38 3.62 -36.65 GEV 0.86 0.30 0.12   

19 12.97 1.83 2.73 1.61 -20.65 PE3 1.00 0.29  0.60  

20 37.51 16.77 20.29 19.72 -23.01 WAK 0.50 1.00 2.47 0.25 -0.16 

21 20.74 14.78 13.42 10.58 1.01 GPA 0.41 0.79 0.34   

22 13.01 9.74 7.04 2.33 0.68 GPA 0.28 0.77 0.07     

 

3.4. Estimation of Regional Quantiles 

Following successful selection of the most appropriate regional frequency distribu-

tion, the regional quantiles for various return periods are estimated using the parameter 

estimates for the distributions in Table 2. The index-flood method is used to estimate the 

quantile estimations at varied non-exceedance probabilities and recurrence intervals for 

22 sub-regions in Taiwan in the current study. The index flood technique, which normal-

izes data at each site by dividing by the sample mean or median, is one of the most often 

used ways for regional frequency analysis. 

Table 3 shows the desired rainfall quantile estimates with different return periods for 

each homogeneous region. It can be seen that the selected regional distributions for each 

sub-region predict quantiles that are very comparable. This suggests that each of the can-

didate distributions can be used in the regional frequency analysis of radar-based rainfalls 

in Taiwan, regardless of which distribution was chosen. Additionally, Table 3 demon-

strates that the variation in the range of quantile estimations grew from 0.80-0.99 in 2-year 

to 1.71-3.35 in 100-year return period. This result explains that the variation in quantile 

estimate would increases as the return duration increases. 
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Table 3. Quantile estimates with different return periods for each homogeneous sub-re-

gion 

Region/Sub-

region 

Return Period 

2 5 10 20 50 100 

North             

1 0.86 1.39 1.78 2.18 2.75 3.21 

2 0.91 1.34 1.59 1.80 2.01 2.13 

3 0.94 1.25 1.46 1.65 1.91 2.11 

4 0.88 1.29 1.61 1.93 2.39 2.77 

5 0.91 1.46 1.74 1.94 2.12 2.21 

6 0.92 1.31 1.58 1.85 2.21 2.50 

West             

7 0.80 1.38 1.83 2.28 2.89 3.35 

8 0.91 1.38 1.67 1.92 2.22 2.41 

9 0.89 1.29 1.60 1.95 2.49 3.00 

10 0.88 1.35 1.66 1.97 2.36 2.65 

Center             

11 0.82 1.43 1.86 2.26 2.75 3.09 

12 0.94 1.38 1.62 1.82 2.02 2.13 

13 0.99 1.38 1.55 1.65 1.73 1.77 

14 0.98 1.36 1.54 1.67 1.81 1.89 

15 0.98 1.19 1.37 1.55 1.82 2.03 

East             

16 0.96 1.40 1.62 1.78 1.91 1.98 

17 0.92 1.37 1.64 1.87 2.13 2.29 

South             

18 0.97 1.27 1.44 1.60 1.78 1.90 

19 0.97 1.23 1.38 1.52 1.68 1.79 

20 0.99 1.25 1.38 1.50 1.63 1.71 

21 0.90 1.39 1.67 1.89 2.12 2.25 

22 0.80 1.45 1.92 2.37 2.93 3.33 

 

The regional growth curve, which was based on the regional distribution, was plot-

ted for a set of return periods (Figure 7). This growth curve depicts the variation of the 

regional quantile (growth factor) q(F) versus the not-exceeded probability F or the return 

period T (T = 1 / (1 – F)). According to the variation of the growth curves for 22 homoge-

neous regions in Figure 6, sub-regions 1, 7, 11, and 22 have higher regional growth curves 

in the higher return period than other sub-regions, whereas sub-regions 13, 19, and 20 

have the lowest. There are no results that show which distribution has a higher or lower 

growth factor. The level of growth factor, on the other hand, is influenced by site charac-

teristics, particularly the annual maximum series and elevation. Sub-regions 13, 19, and 

20 are sub-regions with high AMS and a higher average elevation. 
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Figure 7. Regional growth curves of 22 homogeneous regions in Taiwan 

3.5. Accuracy Result 

Although the estimates obtained through regional frequency analysis are reliable, we 

still require specific measures to assess the accuracy of these estimates. Table 4 displays 

the relative regional RMSE values and 90 % error bounds. Table 4 shows that the RMSE 

and error bounds increased in line with the increase in the return period. It is clear that 

the uncertainty of regional quantiles grows with the return period. In the upper tail, high 

RMSE values and error bounds are observed, indicating the unreliability of quantities 

with return period T > 100 year. 

Table 4 further demonstrates that the root mean square errors of the predicted re-

gional growth curve and the quantiles for 22 homogenous regions range from 0.002 for a 

2-year return period (sub-region 18) to 0.158 for a 100-year return period (sub-region 18), 

respectively (sub-region 9). The RMSE values indicate that the estimate of extreme rainfall 

is reliable up to a return period of 100 years. It will be necessary to collect more historical 

data for estimates of longer return periods in order to improve the reliability of the quan-

tile estimation. Additionally, Table 4 includes the 90 percent error boundaries, demon-

strating that the quantile estimations are sufficiently accurate when return periods are 

shorter than 100 years. This result is also consistent with [48]'s regional frequency analysis 

of precipitation extremes in China's Hanjiang River Basin. They discovered that when the 

return time exceeds 1000 years, the RMSE values are relatively large, implying that quan-

tile estimations are sufficiently reliable when the return period is less than 100 years, and 

then become unreliable as the return period increases. 
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3.6. Spatial Mapping of Extreme Rainfall 

Spatial rainfall mapping is a useful tool for depicting rainfall frequency for different 

return periods across the study area. It is a map of the region in which the colors represent 

the intensity of expected rainfall in various areas of the region. In this analysis, the maps 

were generated using GIS technique. Extreme rainfall for 24-hour duration and return 

period (2, 5, 10, 20, 50, and 100-year) were created by importing all the point values and 

convert into grid/raster values. the rainfall extreme values are obtained from the index-

flood approach which multiplies the regional growth factor of different return periods by 

the average annual maximum series of 22787 QPESUMS grids as index-flood. 

 
Figure 8. Spatial patterns of extreme rainfall for different return periods 

Figure 8 illustrates the spatial patterns of extreme rainfall for different return periods. 

There are two significant regions with the highest rainfall extremes especially for 100-year 

return period with extreme value more than 1200 mm/day. One is the eastern part of 

northern region (mainly sub-region 5) which is in Yilan County, and the other is in the 

southern region (sub-region 10, 14, 15, 19, and 20) which is part of Tainan City, Chiayi 

County, Kaohsiung City, and Pingtung County. These two places are frequently struck by 

typhoons. The closure of the central mountain range has a profound effect on the spatial 

distribution, frequency, and intensity of typhoon extreme rainfall. [49] investigated, 
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utilizing CWB hourly precipitation data from stations, and discovered that the typhoon 

extreme rainfall pattern is phase locked to the central mountain range (CMR), and that 

topographic forcing plays a critical role in typhoon extreme rainfall. 

3.7. Regional and Grid-based Estimates for Watershed Scale 

Extreme rainfall patterns are commonly characterized using at-site and regional fre-

quency analysis. In previous part, it has been proven that regional frequency analysis has 

been able to estimate and display extreme rain for the entire Taiwan area. However, in 

such a case, a comparison with at-site analysis is advised, particularly in smaller scale 

regions. In this part, we were analyzed the difference and similarity between regional and 

grid-based (at-site) estimate at several return periods at Touqian Watershed (Figure 9).  

 

 
Figure 9. Touqian Watershed as region for comparing regional and grid-based (at-site) 

analysis 

As seen in Figure 9, there are three homogeneous sub-regions within the Touqian 

watershed, including sub-region 4, 5, and 11, with a total of 322 grids or 566 km2 within 

drainage area and a total of 5103 grids for the 3 homogeneous subregions. More specifi-

cally, of the 322 grids within the Touqian watershed, 145 grids are located in subregion 4 

(10.67 % of total SR-4 grids), 101 grids are located in subregion 5 (5.59 % of total SR-5 

grids), and 76 grids are located in subregion 11 (3.92 % of total of total SR-11 grids). 
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Figure 10. Extreme rainfall for at-site frequency analysis using the GEV distribution and 

regional frequency analysis at 50-year return period 

Spatial distribution of extreme rainfall and statistics for a 50-year return period at-

site frequency analysis using the GEV distribution and for a 50-year return period using 

regional frequency analysis is depicted in Figure 10. It's not clear which frequency distri-

bution is best for estimating extreme hydrological events, but the GEV distribution is the-

oretically a good fit for the annual maximum series of extreme hydrological events. As 

can be observed from the at-site analysis, rainfall varies from 263.09 to 1049.22 mm/day, 

with an average of 641.6 mm/day. Meanwhile, regional analysis indicates a narrower rain-

fall range, with a minimum of 338.83 mm/day and a maximum of 883.48 mm/day, with a 

lower average of 581.23 mm/day. Spatially, extreme rainfall is comparatively larger when 

at-site analysis is used, particularly in the upper part of the Touqian watershed, which is 

part of subregion 5 and 11. This result indicating that regional frequency analysis may 

yield more precise estimates of rainfall quantiles than at-site analysis not only for larger 

area but also for smaller-scale area. 

Figure 11 illustrates the extent to which the two analyses' estimates of extreme rain-

fall differ. As can be observed, the difference in the value of extreme rainfall estimates is 

not significant in subregion 4, however the difference is rather significant in subregion 5 

and 11. The average extreme rainfall for at-site and regional analyses in subregion 5 was 

829.55 mm/day and 729.84 mm/day, respectively, whereas in subregion 11, it was 817.7 

mm/day and 670.99 mm/day. 
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Figure 11. Comparison of the average extreme rainfall for at-site and regional frequency 

analysis at 50-year return period. 

 

Figure 12. Similarity index for Touqian and Taiwan 

 

Table 5. Similarity index between grid-based and regional frequency analysis for Touqian 

watershed and Taiwan 

Return 

Period 

Touqian Taiwan 

NCC JSI NCC JSI 

2-year 0.980 0.935 0.977 0.917 

5-year 0.989 0.916 0.965 0.912 

10-year 0.990 0.914 0.946 0.899 

20-year 0.990 0.888 0.929 0.890 

50-year 0.990 0.858 0.907 0.880 

100-year 0.989 0.839 0.892 0.874 

1000-year 0.988 0.795 0.849 0.855 

 

Figure 12 and Table 5 depict similarity measures between the grid-based and re-

gional approaches at Touqian Watershed and for the whole Taiwan as a reference for dif-

ferent return periods. Based on that figure and table, the NCC values for Touqian are 

around 0.9 which means there was a higher correlation between grid-based and regional. 

So was the correlation for the whole of Taiwan. The difference is that for the Touqian 
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watershed (small-scale), the correlation tends to be stable while for the Taiwan (big-scale), 

the correlation tends to decrease as the return period increases, although it was not very 

significant (from 0.97 at 2-year to 0.84 at 1000-year). Likewise, the JSI value which has a 

range from 0.79 to 0.93 which explains that there was a high similarity between grid-based 

and regional approaches for both small-scale and big-scale. Both scales also show a de-

crease in the level of similarity along with the increase in the rainfall return period. Inter-

estingly, the similarity value for Touqian is lower than for Taiwan at a higher return pe-

riod. This result is in line with the accuracy results using Monte Carlo which demonstrates 

increasing uncertainty in higher return periods. [50] also suggest, for higher return peri-

ods, the estimation of extreme rainfall should be treated with caution and longer rainfall 

data is required. By using grid-based as the basis for assessing regional frequency analy-

sis, these results show that the regional approach in determining extreme rainfall is very 

suitable for large-scale applications and even better for smaller scales such as watershed 

areas. 

3.8. Small-scale Spatial Investigation 

A spatial investigation in a more specific area is carried out to determine the accuracy 

of regional frequency analysis. According to [51], Certain inaccuracies are to be expected 

when applying the approach to different geographical locations with reduced spatial var-

iance. The spatial investigation in this study was carried out by establishing a region of 

interest in the northern part of Taiwan (Figure 13). The northern part of Taiwan was cho-

sen as the region of interest because it has several small homogeneous subregions and a 

more dynamic rainfall pattern. 

 
Figure 13. Region of Interest in Northern part of Taiwan used for spatial investigation 

Furthermore, Figure 14 and Table 5 compare the average extreme rainfall value, 

standard deviation, and coefficient of variation of the RoI's six homogeneous sub-regions 

and the entire RoI for the 5-year return period. The coefficient of variation value for each 

sub-region within the RoI is markedly different, and when compared to the CV value for 

the entire RoI, the CV value for each sub-region is lower. This demonstrates that the re-

gionalization was accurate and consistent. 
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Figure 14. Extreme rainfall of 6 sub-regions within region of interest and the whole region 

of interest at 5-year 

 

Table 5. Extreme rainfall statistics of 6 sub-regions within region of interest and the whole 

region of interest  

Sub-

region 

Region of Interest Whole ROI 

Mean Std Dev CV Mean Std Dev CV 

1 361.51 49.78 13.77 

363.95 67.23 18.47 

2 345.39 59.00 17.08 

3 399.03 38.45 9.64 

4 291.57 35.03 12.01 

5 409.32 63.94 15.62 

6 311.17 23.14 7.44 

 

5. Conclusions 

Regional frequency analysis of extreme rainfall using the L-moment approach was 

carried out in Taiwan using the QPESUMS daily rainfall dataset with high resolution from 

2006 to 2020. Using K-means clustering, the entire island of Taiwan was divided into 22 

homogeneous sub-regions based on extreme rainfall (series mean annual maximum, and 

5-year rainfall) and location index (including latitude, longitude, and altitude). With 

higher resolution of radar rainfall, the clustering produces homogeneous regions that are 

not only similar, but also more detailed with clear boundaries between regions, especially 

in the center/mountain range area where the number of rain stations was still very limited. 

With the critical Di increased to 6, 171 of the 22,787 grids (0.75 %) were classified as dis-

cordant grids. The grid with a discordant value greater than 6 located in Taiwan's south-

eastern coastal region has a significant impact on the region's homogeneity. Wakeby 

(WAK), Generalized Extreme Value (GEV), and Generalized Pareto (GPA) distributions 

of extreme rainfall are best suited for most subregions based on L-moment ratio diagrams 

and z-values (Goodness-of-fit measures). The Wakeby distribution is the most dominant 

and best-fitting distribution, particularly in the central and eastern regions. Estimation of 

rainfall quantiles based on parameters according to the best-fitted distribution for each 

sub-region resulted in an increase in the range of variation from 0.80-0.99 in 2-year to 1.71-

3.35 in 100-year return period. This result explains that the variation in quantile estimate 

would increase as the return duration increases.  According to the variation of the growth 

curves for 22 homogeneous regions, sub-regions 1, 7, 11, and 22 have higher regional 

growth curves in the higher return period than the other sub-regions, while sub-regions 

13, 19, and 20 have the lowest. The relative regional RMSE values and 90 % error bounds 
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show that the uncertainty of regional quantiles increases with return period demonstrat-

ing that the quantile estimations are sufficiently accurate when return periods are shorter 

than 100 years. The index-flood method was used to create the spatial distribution of rain-

fall quantiles for several return periods (2 years, 5 years, 10 years, 20 years, 50 years, and 

100 years), which considers the regional growth curve as a regional scale and the annual 

maximum rainfall as site specific. The spatial distribution of extreme rainfall reveals that 

two areas receive significantly more rainfall than others. The eastern part of the northern 

region (primarily sub-region 5) is in Yilan County, and the southern region (sub-regions 

10, 14, 15, 19, and 20) is in Tainan City, Chiayi County, Kaohsiung City, and Pingtung 

County. A comparison of at-site (grid-based) and regional frequency analysis at the 

Touqian Watershed revealed that regional frequency analysis may yield more precise es-

timates of rainfall quantiles than at-site analysis, not only for larger areas but also for 

smaller-scale areas. A region of interest has been established to determine whether the 

regionalization is accurate in smaller and more complex sub-regions in the northern area. 

The coefficient of variation value for each sub-region within the RoI is significantly differ-

ent, and the CV value for each sub-region is lower when compared to the CV value for 

the entire RoI. This demonstrates how accurate and consistent the regionalization was. 
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