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Abstract
The evaluation of extreme rainfall events is crucial for the management and planning of water resources, particularly in the design 
of drainage systems and water storage reservoirs. Such evaluation can be carried out through the estimation of design rainfall, 
which is commonly represented as rainfall intensity–duration–frequency (IDF) data. The purpose of this study is not only to apply 
probabilistic models to annual maximum daily rainfall data but also to construct the IDF curves of rainfall in the Mamminasata 
region of South Sulawesi Province. This study utilizes annual maximum daily rainfall data obtained from the Water Resources, 
Human Settlements, Spatial Planning, and Development Office of South Sulawesi Province, as well as the Meteorology, 
Climatology, and Geophysics Agency (BMKG) of Indonesia. The dataset consists of observations from 8 rainfall stations in the 
Mamminasata region spanning 36 years, from 1989 to 2024. The methodology involves first determining the appropriate 
probability distribution for each rainfall station, followed by estimating rainfall intensity using the Mononobe method, and finally 
constructing the IDF curves based on the estimated design rainfall and rainfall intensities for different return periods. This study 
found that each regency or city within the Mamminasata region generally exhibits distinct rainfall probability distributions. This 
highlights the importance of evaluating multiple probabilistic models to appropriately characterize the variability and extremes 
rainfall pattern across different locations. Based on the IDF curve, the results indicate that the longer the rainfall duration, the lower 
the intensity. Likewise, the shorter the return period, the lower the corresponding intensity.    
 
Keywords IDF curve, maximum rainfall, Mononobe method, probabilistic model 

1. INTRODUCTION

Extreme rainfall events can lead to both droughts 

and floods. These events recur almost every year, as 

observed in the Mamminasata region of South 

Sulawesi, where heavy rainfall with high intensity 

struck the city of Makassar in mid-December 2024 

and early 2025, resulting in flooding across 11 

districts. The flood that hit Makassar at that time 

was the most severe compared to previous years. It 

also caused several areas to become paralyzed and 

inaccessible, with hundreds of vehicles stranded in 

Maros Regency. In Gowa Regency, residents living 

near the Bilibili River were evacuated to safe 

locations [1]-[3]. Meanwhile, heavy rain 

accompanied by strong winds also affected Takalar 

 
Regency, causing flooding in several areas with 

water levels reaching approximately 70 cm [4].  

One approach that can be used to understand 

extreme rainfall patterns is the intensity–duration–

frequency (IDF) curve analysis [5]. The IDF curve 

is a statistical tool that estimates the magnitude of 

extreme rainfall that may occur over different 

durations and intensities, and it provides 

information on rainfall intensity for various return 

periods [5]-[7]. Information derived from the IDF 

curve is particularly useful in the design of drainage 

infrastructure and flood control systems [7]. Proper 

management and planning are expected to minimize 

flooding or waterlogging in an area, while excess 

water can also be directed to infiltration or storage, 

so that it may be utilized during the dry season. 

Many hydrological researchers have conducted 

studies on the IDF relationship of rainfall. For 

example, Al Mamoon et al. [8] estimated new 

design rainfall in Qatar using L-moments based on 

the frequency index approach, while Elsebaie [9] 

developed IDF relationships for 2 regions in Saudi 

Arabia. Similarly, De Paola et al. [10] evaluated 

IDF curves for 3 regions in an African city. As 

previously explained, the IDF relationship 

encompasses rainfall intensity, varying durations, 

and the recurrence intervals of extreme rainfall 
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events. For accurate hydrological analysis based on 

the IDF curve, it is essential to estimate rainfall 

intensity. Such estimation based on short-term 

rainfall data can be carried out using an empirical 

approach, namely the Mononobe method [11]. The 

Mononobe method can also be applied to daily 

rainfall data when automatic rainfall records are not 

available in the observed area [12]. 

Before constructing the IDF curve, the first step 

is to determine the probability distribution of 

extreme rainfall, with the aim of estimating the 

design rainfall. Several probability distribution 

models commonly used by researchers include 

Pearson type III (PE3) distribution, log-normal 

(LN3) distribution, generalized extreme value 

(GEV) distribution, generalized Pareto (GPa) 

distribution, generalized logistic (GLo) distribution, 

and others [13]-[17]. Gnecco et al. [5] applied the 

GEV distribution to define the IDF curve in the 

Liguria region of Northern Italy. De Zoysa et al. 

[16] employed the Gumbel and PE3 distributions in 

developing the IDF curve in Sri Lanka. Noor et al. 

[6] utilized the Exponential, GPa, Gumbel, and 

GEV distributions to evaluate the IDF curve in 

Peninsular Malaysia. Ciupak et al. [13] applied the 

PE3, LN3, Weibull, log-gamma, and Gumbel 

distributions to develop the precipitation maximum 

time probability (PMAXTP) model in Poland. 

 

 

 

Table 1. Name and location of study. 

 
 

 
Figure 1. Location of study.  

 

Code Name of station Regency/City Longitude Latitude Elevation (m a.s.l.) 

St. 1 Camba Maros 119.839 -4.921 338 

St. 2 Panyalingan Maros 119.563 -4.918 1 

St. 3 Maroangin Maros 119.583 -4.967 3 

St. 4 Paotere Makassar 119.420 -5.114 4 

St. 5 Bontosallang Gowa 119.414 -5.331 16 

St. 6 Paku Gowa 119.450 -5.283 18 

St. 7 Sungguminasa Gowa 119.461 -5.209 13 

St. 8 Palleko Takalar 119.463 -5.358 16 

St. 9 Campagaya Takalar 119.395 -5.346 12 
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Based on this description, this study adopts a 

probabilistic approach to determine the probability 

distribution that best fits the annual maximum daily 

rainfall data in the Mamminasata region, which 

comprises Makassar City, Maros Regency, 

Sungguminasa (the capital of Gowa Regency), and 

Takalar Regency. The selected distribution is then 

applied to estimate the design rainfall, and the 

resulting estimates are further used to construct the 

IDF curve. 

  

2. MATERIALS AND METHODS 

 

2.1. Probabilistic Models 

Several probability distribution functions are 

frequently employed in the analysis of rainfall data 

[18], such as: 

 

2.1.1. The GEV Distribution  

The cumulative distribution function (CDF) of 

the GEV distribution is defined as Equation (1): 

 

      (1) 

 

where ξ denotes the location parameter, α the 

scale parameter, and κ the shape parameter. For κ < 

0,                   , for κ > 0,                    , and for κ = 0, 

the GEV distribution simplifies to the Gumbel 

distribution. 

 

2.1.2. The GPa Distribution  

The CDF of the GPa distribution is defined as 

Equation (2): 

 

      (2) 

 

where ξ denotes the location parameter, α the 

scale parameter, and κ the shape parameter. For κ < 

0, x ϵ [ξ, ∞] for κ > 0,                 , for κ = 0, the GPa 

distribution is the Exponential distribution, and for 

κ = 1, the GPa distribution is the uniform 

distribution on x ϵ [ξ, ξ + α]. 

 

2.1.3. The GLo Distribution 

The CDF of the GLo distribution is defined as 

Equation (3): 

 

      (3) 
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where ξ denotes the location parameter, α the 

scale parameter, and κ the shape parameter. For κ < 

0,                  , for κ > 0,                  , and for κ = 0, 

the GLo distribution is the Logistic distribution. 

 

2.1.4. The LN3 Distribution 

The CDF of the LN3 distribution is defined as 

Equation (4): 

 

      (4) 

 

where Ф (.) is a CDF of the standard normal 

distribution, ξ denotes the location parameter, α the 

scale parameter, and κ the shape parameter. For κ < 

0,                  , for κ > 0,                 , and for κ = 0, 

the LN3 distribution is the Normal distribution with 

parameters ξ and α.  

 

2.1.5. The PE3 Distribution 

The CDF of the PE3 distribution is defined as 

Equation (5): 

      (5) 

 

where ξ denotes the location parameter, α the 

scale parameter, κ the shape parameter, and Г (.) is 

Gamma function. 

 

2.1.6. The Rainfall Intensity Estimation 

The distribution of rainfall as a function of time 

describes the variation in rainfall depth during a 

rainfall event. According to previous work, if 

automatic rainfall data are not available, rainfall 

intensity can be estimated using empirical methods 

[12], such as the Mononobe method, as shown in 

Equation (6): 

 

      (6) 

 

where I denotes the rainfall intensity for a 

rainfall duration of t (mm/h), t represents the 

rainfall duration (h), and R24 is the maximum 24-h 

rainfall (mm). 

 

 

 
Figure 2. Flowchart illustrating the construction of the IDF curve.  
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Figure 3. Distribution of the mean monthly rainfall.  

 

Code n Mean Median SD Min Max Skewness Kurtosis 

St.1 36 113.36 98 41.62 57 207 0.64 -0.85 

St.2 36 154.25 147 49.22 76 290 0.81 0.69 

St.3 36 149.40 137 68.99 46 400 1.99 5.28 

St.4 36 164.80 155.65 49.67 103 378 2.34 8.74 

St.5 36 149.83 144.50 47.62 85 317 1.63 4.06 

St.6 36 129.67 120 57.79 62 384 2.57 9.95 

St.7 36 139.06 141.50 35.81 81 215 0.17 -0.71 

St.8 36 141.94 118.50 104.89 61 710 4.79 25.99 

St.9 36 207.64 145 167.37 78 790 2.002 3.79 

Table 3. Statistical description of annual maximum daily rainfall data.  

 

 

 
Figure 4. Spatial variability of maximum daily rainfall.  



J. Multidiscip. Appl. Nat. Sci. 

1034 

2.1.7. L-Moments 

One of the methods that can be used in rainfall 

probability distribution modeling is the L-moment 

method. L-moments are sample statistical 

summaries that are analogous to conventional 

moments [18]. These L-moments provide 

information on measures of location, scale, 

skewness, kurtosis, and other characteristics related 

to the shape of the probability distribution of the 

sample data. L-moments are calculated linearly and 

provide more robust parameter estimates for data 

compared to other methods [19]. 

Let x1:n ≤ ... ≤ xn:n denote the ordered sample, 

where n is the sample size. Hosking and Wallis [18] 

proposed an estimator for βr as Equation (7): 

 

      (7) 

 

The first four L-moments are given by Equations 

(8) – (11): 

 

λ1 = b0     (8) 

λ2 = 2b1 - b0      (9) 

λ3 = 6b2 - 6b1 + b0               (10) 

λ4 = 20b3 - 30b2 + 12b1 - b0                    (11) 

 

where λ1 represents the measure of location (L-

mean) and λ2 represents the L-scale. 

Hosking and Wallis [18] defined the L-moment 

ratios in extreme value analysis within the field of 

hydrology (Equations (12) – (14)) as follows: 

                (12) 

 

                (13) 

 

                (14) 

 

 

where τ is the L-coefficient of variation (L-Cv), τ3 

is the L-skewness (L-Cs) and τ4 is the L-kurtosis (L-

Ck).  

 

2.2. Data 

This study utilized annual maximum daily 

rainfall data from 9 rainfall stations in 

Mamminasata region of South Sulawesi Province, 

covering the period from 1989 to December 2024. 

The rainfall stations were chosen based on the 

availability of complete data and extended 

observation period. The data was collected from the 

Water Resources, Human Settlements, Spatial 

Planning and Development Office of South 

Sulawesi province, and the Meteorology, 

Climatology and Geophysics Agency (https://

dataonline.bmkg.go.id). The code, name, and 

location data of the rainfall stations are shown in 

Table 1, and location of all stations is displayed in 

Figure 1.  

 

2.2.1. Homogeneity Tests  

Accurate climate variability analysis requires 

prior homogeneity testing of rainfall datasets. A 

 

 

 

 
Figure 5. Plot of empirical data and five probability distributions.  

 
 

https://dataonline.bmkg.go.id
https://dataonline.bmkg.go.id
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Table 4. Goodness-of-Fit test for probability distributions. 

Code/ Station  
K-S value Critical  The null  AIC  BIC  

Distribution  
(D) Value hypothesis value value 

St.1 

GEV 0.15 0.227 Accepted 75.52 80.27 

GPA 0.12 0.227 Accepted 112.41 117.17 

GLO 0.16 0.227 Accepted 76.63 81.38 

LN3 0.15 0.227 Accepted 75.20 79.96 

PE3 0.14 0.227 Accepted 74.67* 79.41* 

St.2 

GEV 0.08 0.227 Accepted 76.08* 80.83* 

GPA 0.09 0.23 Accepted 115.17 119.92 

GLO 0.09 0.23 Accepted 76.31 81.06 

LN3 0.08 0.23 Accepted 76.03 80.78 

PE3 0.07 0.23 Accepted 76.06 80.81 

St.3 

GEV 0.12 0.23 Accepted 82.30 87.05 

GPA 0.15 0.23 Accepted 154.11 158.86 

GLO 0.10 0.23 Accepted 79.32* 84.07* 

LN3 0.13 0.23 Accepted 102.75 107.50 

PE3 0.14 0.23 Accepted 114.75 119.50 

St.4 

GEV 0.05 0.23 Accepted 76.17* 80.92* 

GPA 0.09 0.23 Accepted 150.40 155.15 

GLO 0.07 0.23 Accepted 75.80 80.55 

LN3 0.05 0.23 Accepted 76.81 81.56 

PE3 0.07 0.23 Accepted 115.25 120.00 

St.5 

GEV 0.11 0.23 Accepted 77.14 81.89 

GPA 0.13 0.23 Accepted 155.44 160.19 

GLO 0.10 0.23 Accepted 76.48* 81.23* 

LN3 0.11 0.23 Accepted 77.46 82.21 

PE3 0.12 0.23 Accepted 79.04 83.79 

St.6 

GEV 0.06 0.23 Accepted 76.50 81.25 

GPA 0.10 0.23 Accepted 191.70 196.45 

GLO 0.08 0.23 Accepted 75.84* 80.59* 

LN3 0.06 0.23 Accepted 78.03 82.78 

PE3 0.09 0.23 Accepted 118.07 122.82 

St.7 

GEV 0.07 0.23 Accepted 76.04* 80.79* 

GPA 0.07 0.23 Accepted 77.21 81.96 

GLO 0.08 0.23 Accepted 77.11 81.86 

LN3 0.07 0.23 Accepted 76.14 80.89 

PE3 0.07 0.23 Accepted 76.12 80.87 

St.8 

GEV 0.12 0.23 Accepted 138.7 143.45 

GPA 0.16 0.23 Accepted 226.99 231.74 

GLO 0.12 0.23 Accepted 115.91* 120.66* 

LN3 0.16 0.23 Accepted 190.52 195.27 

PE3 0.23 0.23 Rejected 223.08 227.83 

* The best distribution 
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homogeneous climatic series is characterized by 

variability attributable only to natural weather and 

climate processes. Therefore, inhomogeneous series 

should be detected and either adjusted or removed 

before further analysis. In this study, three tests 

were used to detect inhomogeneity in the data 

series: the Pettitt test, the Buishand Range Test, and 

the Standard Normal Homogeneity Test (SNHT). 

According to Suhaila [20], the performance of the 

three homogeneity tests is assessed by classifying 

the results into three categories. A series is labeled 

class A (useful) when none or only one test rejects 

the null hypothesis at the 1% significance level, 

indicating no evident inhomogeneity. Class B 

(doubtful) includes series for which two tests reject 

the null hypothesis, suggesting possible 

inhomogeneities and requiring cautious 

interpretation. Class C (suspect) refers to series in 

which all three tests reject the null hypothesis; such 

series should be excluded from trend and variability 

analyses. 

Table 2 presents the results of the homogeneity 

tests for each rainfall station. The Pettitt and SNHT 

tests indicate that only station 9 is significant at the 

1% significance level. Meanwhile, the Buishand 

Range test shows significant results at the 1% level 

for stations 7 and 9. Based on the homogeneity 

classification proposed [20], it is concluded that the 

data series at station 9 is inhomogeneous and 

therefore excluded from further analysis.  

 

2.3. Construction of IDF curves 

Figure 2 shows a flowchart for constructing the 

IDF curve. The annual maximum rainfall data were 

fitted to five probability distributions. The best-

fitting distribution was selected based on the 

Kolmogorov–Smirnov (K–S) test [13]. If more than 

one distribution satisfied the K–S test, the final 

selection was made based on the smallest AIC and 

BIC values [13]. The uncertainty of the probability 

distribution parameters and their confidence 

intervals was estimated using the bootstrap method 

through resampling [21]. The initial values of the 

distribution parameters applied in the bootstrap 

procedure were obtained using the L-moment 

method [22]. The next step involves estimating 

return levels using the parameters of the best‐fitting 

probability distribution for return periods of 2, 5, 

10, 25, 50, and 100 years. The corresponding 

confidence intervals for the return levels are then 

 

 

 
 

Code/ Station Distribution 
Parameter estimation (mean and 95% CI) 

Location Scale Shape 

St.1 PE3 113.28 42.01 1.11 

    (99.55, 127.17) (33.14, 49.63) (0.05, 1.99) 

St.2 GEV 133.76 40.62 0.06 

    (119.43, 150.03) (30.36, 51.73) (-0.15, 0.31) 

St.3 GLo 135.85 28.74 -0.25 

    (120.76, 150.57) (19.25, 39.87) (-0.41, 0.03) 

St.4 GEV 143.69 30.74 -0.08 

    (132.79, 156.41) (21.25, 39.85) (-0.36, 0.27) 

St.5 GLo 142.23 22.08 -0.19 

    (128.07, 155.29) (15.82, 29.61) (-0.35, 0.06) 

St.6 GLo 117.81 23.16 -0.26 

    (103.19, 133.43) (16.36, 31.78) (-0.46, -0.53) 

St.7 GEV 126.05 34.33 0.24 

    (112.17, 140.00) (27.26, 40.96) (0.01, 0.48) 

St.8 GLo 117.02 21.96 -0.44 

    (105.48, 129.68) (13.96, 33.85) (-0.66, -0.09) 

 

Table 5. Parameter estimation using Bootstrap method for the best distribution. 
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determined using a resampling method. Using the 

design rainfall (return level) estimates for return 

periods of 2, 5, 10, 25, 50, and 100 years, rainfall 

intensity was calculated with the Mononobe 

method. Finally, the IDF curve was developed from 

the estimated intensities for durations of 1, 2, 3, 6, 

12, and 24 h, corresponding to return periods of 2, 

5, 10, 25, 50, and 100 years.  

 

3. RESULTS AND DISCUSSIONS 

 

3.1. Description of Rainfall Data  

Based on Figure 3, it can be observed that in all 

locations, peak rainfall occurs in December and 

January, indicating that these months are 

characterized by heavy rainfall throughout the 

region. In contrast, the dry season typically occurs 

in August and September. For further analysis, the 

annual maximum daily rainfall data were used. A 

description of these data is presented in Table 3 and 

Figure 4. Table 3 shows that the mean annual 

maximum daily rainfall over the 36-year period in 

the Mamminasata region ranges from 113 to 208 

mm. The minimum value, 46 mm, was recorded at 

station 3 (Maroangin, Maros), while the maximum 

value, 790 mm, occurred at station 9 (Campagaya, 

Takalar). The skewness values are all positive, 

indicating that the data distributions are skewed to 

the right and generally exhibit a sharp peak. Figure 

4 shows that the northern part of the Mamminasata 

region experiences lower daily maximum rainfall, 

whereas the southwestern part exhibits higher daily 

maximum rainfall.  

 

3.2. Fitting Probability Density Functions and 

Estimation of Their Parameters  

Figure 5 illustrates the comparison between 

empirical data and five fitted probability 

distributions. Visually, all distributions exhibit a 

close alignment with the empirical curve across 

most quantiles. These visual assessments are 

supported by the results of the Kolmogorov–

Smirnov test, as well as the Akaike Information 

Criterion (AIC) and Bayesian Information Criterion 

(BIC) presented in Table 4, which collectively aid 

in identifying the best-fitting model for annual 

maximum daily rainfall data. As shown in Table 4, 

all stations fit the five candidate distributions, with 

 

 

 
Figure 6. Return level plots of annual maximum daily rainfall.  
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Figure 7. Spatial distribution of the return levels (T2–T100) in the Mamminasata region.  

 
Figure 8. The IDF curve for each station.  
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the exception of station 8, where the data does not 

fit the PE3 distribution. The selection of the best-

fitting distribution for each station is based on the 

lowest AIC and BIC values. Accordingly, the best 

distributions are as follows: PE3 for Station 1, GLo 

for stations 3, 5, 6, and 8, GEV for stations 2, 4 and 

7.The estimated parameters for each selected 

distribution are provided in Table 5. 

The results of this study are consistent with the 

findings of Sanusi et al. [23], which indicate that 

the annual maximum rainfall data in Gowa Regency 

follow the PE3, LN3, and GLo distributions.  

 

3.3. The Return Levels and IDF Curves  

The estimated parameters of the best-fit 

distributions in Table 5 were subsequently used to 

calculate the return level for each station, 

corresponding to return periods of 2, 5, 10, 25, 50, 

and 100 years (Table 6). The results present the 

estimated return levels of maximum rainfall for 

return periods ranging from 2 to 100 years at the 

eight rainfall stations, together with their associated 

uncertainty bounds. For all stations, return levels 

increase monotonically with increasing return 

period, indicating a higher magnitude of extreme 

rainfall events at longer recurrence intervals (Figure 

6). Station 1 consistently shows the lowest return 

levels, indicating relatively milder extreme rainfall 

conditions. Stations 1 and 4 exhibit relatively stable 

return levels with narrow confidence intervals 

indicating consistent rainfall patterns. The estimated 

return levels for the 2-year and 5-year return 

periods at station 4 are 154.79 and 187.14 mm/day, 

respectively. These values are not significantly 

different from the previous findings [24], who 

reported estimated return levels of 144.675 and 

188.624 mm/day for the same return periods.  In 

contrast, stations 7 and 8 exhibit the highest return 

levels, particularly for long return periods, 

suggesting a greater exposure to extreme rainfall 

events. These differences highlight the 

heterogeneous nature of extreme rainfall 

characteristics in the Mamminasata region, which 

may be attributed to local climatic influences, 

topography, and proximity to moisture sources. The 

uncertainty associated with return level estimates 

increases substantially with increasing return 

period, as indicated by the widening confidence 

intervals. This pattern is especially pronounced for 

return periods exceeding 50 years and is most 

evident at stations 7 and 8. For shorter return 

periods (2–10 years), the confidence intervals are 

 

 

Code/ Station D Station D Critical value (N=8) 

St.1 1.83 St. 5 0.54 2.14 

St.2 0.21 St. 6 0.20  

St.3 1.05 St. 7 1.00  

St.4 1.63 St. 8 1.53   

Distribution L-Skewness p-value RMSE 
Parameter estimation 

Location Scale Shape 

GEV 1.019 0.998 23.9 118.13 35.33 -0.11 

GLO 0.78 0.9797 18.97 132.20 24.83 -0.24 

Distribution 
Return levels (95% CI) 

2-year 5-year 10-year 25-year 50-year 100-year 

GEV 131.35 175.73 208.30 253.46 290.13 329.43 

GLO 132.20 173.10 204.20 250.96 292.68 341.47 

 Absolute difference 0.86 2.64 4.10 2.50 2.55 12.05 

Table 7. The discordancy measure (D) for each station. 

 

 
Table 8. The regional fitting distribution.  

 

 
Table 9. Estimated return levels of rainfall for the GEV and GLO distributions.  
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relatively narrow across all stations.  

The spatial distribution of rainfall the return 

levels for different return periods (T2–T100) 

illustrates the interpolated spatial variability of 

extreme rainfall across the Mamminasata region 

based on station-derived estimates (Figure 7). 

Rainfall the return levels increase consistently with 

increasing return period at all locations, indicating a 

progressive intensification of extreme rainfall 

events for rarer occurrences. Spatially, higher return 

levels are predominantly observed in the western 

and northwestern parts of the study area, whereas 

relatively lower values are found in the southern 

and southeastern regions. The persistence of this 

spatial pattern across all return periods suggests that 

the spatial variability of extreme rainfall is 

systematic and likely influenced by regional 

climatic and topographic controls rather than 

random local extremes 

These design rainfall values were then applied to 

determine the estimation of rainfall intensity for 

durations of  2, 3, 6, 12, and 24 h. The resulting IDF 

curves are presented in Figure 8. In the IDF curve, 

the x-axis represents the rainfall duration (in hours), 

while the y-axis indicates the estimated rainfall 

intensity (in mm/hour). These curves are presented 

for various return periods. As shown in Figure 8, 

for all stations, rainfall intensity decreases 

systematically with increasing duration, while 

higher return periods consistently correspond to 

higher rainfall intensities. This behavior confirms 

the expected theoretical characteristics of IDF 

relationships and indicates that the fitted probability 

distributions adequately capture the extreme rainfall 

behavior. At shorter durations (2–3 hours), the 

highest rainfall intensities are observed, particularly 

for long return periods. Stations 7 and 8 exhibit the 

largest intensities, reaching approximately 90–100 

mm/h for the 100-year return period at a 2-h 

duration, whereas station 1 shows the lowest 

intensities across all return periods and durations. 

These spatial differences highlight the pronounced 

variability of extreme rainfall across the study area, 

likely influenced by local climatic and topographic 

conditions.  

As rainfall duration increases, the differences in 

intensity between return periods gradually diminish, 

especially for durations longer than 12 h. At 24-h 

duration, rainfall intensities across all stations 

converge to relatively lower values, reflecting the 

transition from short-duration convective rainfall to 

longer-duration rainfall processes. This 

convergence further supports the physical 

consistency of the estimated IDF curves. Based on 

Figure 1, the eight rainfall stations in the 

Mamminasata region are geographically close, 

therefore, Regional Frequency Analysis (RFA) was 

applied in this study. The annual maximum rainfall 

 

 

 
Figure 9. The IDF curve for Mamminasata region.  
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data from the eight stations were found to be 

statistically homogeneous, as indicated by the 

heterogeneity measures (H₁ = 0.86 < 1 and H₂ = 

0.85 < 1) according to the criteria of Hosking and 

Wallis. In addition, Table 7 shows that all stations 

have discordancy measures (D) lower than the 

corresponding critical values, indicating that none 

of the stations is discordant.  

The distribution functions used to estimate 

rainfall magnitudes in the Mamminasata region are 

the Generalized Extreme Value (GEV) and the 

Generalized Logistic (GLO) distributions. The 

goodness-of-fit results presented in Table 8 indicate 

that both the GEV and GLO distributions are 

suitable for estimating rainfall return levels in the 

Mamminasata region. The estimated return levels 

for both distributions are summarized in Table 9, 

which shows that the return level estimates from the 

two distributions do not differ significantly. 

Furthermore, the IDF curves for the Mamminasata 

region are presented in Figure 9.  

Figure 9 illustrates the relationship between 

rainfall intensity and duration for different return 

periods. The results show a consistent decrease in 

rainfall intensity with increasing duration across all 

return periods. Higher return periods are associated 

with greater rainfall intensities, particularly for 

short durations, reflecting more extreme rainfall 

events. The separation between the IDF curves is 

more pronounced at short durations and gradually 

diminishes at longer durations, indicating that 

rainfall variability is more dominant at shorter 

timescales. The smaller spacing between the curves 

at longer durations suggests more homogeneous 

regional rainfall characteristics. Overall, the 

regional IDF curves provide stable estimates and 

can be reliably used for hydrological design in the 

Mamminasata region.   

 

4. CONCLUSIONS 

 

This study focused on identifying probability 

distributions that best represent the annual 

maximum daily rainfall data in the Maminasata 

region, which comprises nine locations. The results 

indicate that the distribution models vary across 

stations, suggesting that each location exhibits 

distinct statistical characteristics. This highlights the 

importance of considering the probability 

distribution types for data when constructing IDF 

curves. These findings underscore the need to 

employ multiple distribution models to accurately 

capture the variability and extremes of rainfall 

patterns across different locations. The results also 

show a general that the longer the rainfall duration, 

the lower the intensity. Likewise, shorter return 

periods are associated with lower intensities. 

However, at certain stations, rainfall intensities 

remain nearly constant across all return periods for 

each given duration. This study has limitations, as it 

does not explicitly address the treatment of non-

stationarity in the data. Future research will focus 

on non‑stationary modeling of extreme rainfall with 

time‑varying parameters to capture climate 

variability and change, and on applying multivariate 

GEV models for a more comprehensive 

understanding of regional rainfall extremes. 
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