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Abstract. Extreme rainfall often leads to flooding in various regions. This 

study conducts the analysis of temporal probability of flood risk due to 

extreme rainfall in Jakarta by using data from meteorological stations in 

Kemayoran (for Central Jakarta) and Tanjung Priok (for North Jakarta) over 

30 years (1994-2023). Peak Over Threshold (POT) approach was applied to 

identify extreme rainfall events. Mean Residual Life Plot (MRLP) was used 

to determine thresholds for extreme rainfall, resulting in thresholds of 122 

mm/day for Central Jakarta and 126 mm/day for North Jakarta. Using 

Generalized Pareto Distribution (GPD) modeling, the probability of 

flooding due to extreme rainfall exceeding these thresholds was calculated 

for various time frames. In Central Jakarta, the probability of flooding due 

to extreme rainfall exceeding 122 mm/day is 32.10% over 5 years, 

increasing to 97.90% over 50 years. In North Jakarta, the probability of 

flooding due to extreme rainfall exceeding 126 mm/day is 21.80% over 5 

years and rises to 91.50% over 50 years. Extreme rainfall tends to result in 

higher probabilities of flooding over the long term. The results suggest that 

while extreme rainfall events are rare, it can cause the probability of flood 

occurrence to increase significantly over time.  

1 Introduction 

Indonesia is geographically prone to natural disasters. Climate change that frequently occurs 

makes the risk of natural disasters in Indonesia even higher. Shafqat et al. [1] shows a map 

of climate change vulnerability in the world and Indonesia is one of the countries in the Asian 

continent that is vulnerable to climate change and vulnerable to changes in environmental 

conditions due to the lack of preparedness and technology to deal with climate change. 

Indonesia is one of the countries participating in the Sustainable Development Goals (SDGs), 

a program that has 17 goals set  by  the United Nations (UN) in September 2015 [2]. One of  
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the goals of the 17 SDGs goals, namely goal number 13, is Climate Action. Handling climate 

change and disaster management is very important to increase resilience and reduce the 

vulnerability of communities and several sectors due to the negative impacts of climate 

change.  

The La Nina climate change indicator, namely the decrease/cooling of sea surface 

temperatures, can cause increased rainfall in Indonesia. One of the natural disasters that often 

occurs due to high rainfall is flooding. The phenomenon of flooding is one of the natural 

disasters that often occurs in Indonesia. Data on the frequency of flooding in the Indonesian 

Disaster Data Book-National Disaster Management Agency (BNPB) in the last 5 years 

(2019-2023) are 784, 1,518, 1,794, 1,531, and 1,255 incidents, respectively [3]. This shows 

that the frequency of flooding in Indonesia is very high. BNPB collected that flooding has 

the highest frequency of occurrence of other disasters over the past 20 years. Every year 

various regions in Indonesia experience damage and losses due to flooding, one of which is 

Jakarta. In March and April 2024, several areas in Jakarta were flooded and the Jakarta 

Regional Disaster Management Agency (BPBD) stated that this flooding event was caused 

by the intensity of rainfall, which was included in the extreme category, the highest rainfall 

recorded was 137.4 mm [4,5]. The high potential for flooding in DKI Jakarta results in the 

importance of disaster management and disaster mitigation efforts or mitigation efforts 

before a disaster occurs [6]. In 2020, the Jakarta area experienced a significant increase in 

flooded areas, reaching three times above normal [7]. In addition, Jakarta's rainfall was 

recorded at 377 mm/day, the highest in 24 years. This was the cause of the significant increase 

in flooding that year. 

Previous studies on extreme rainfall in Indonesia, especially Jakarta, include: 

Hanugraheni and Iriawan [8], conducted hierarchical Bayesian modeling of extreme rainfall 

data in Jakarta. This study found that the characteristics of rainfall in Jakarta have a heavy 

tail pattern indicating extreme rainfall. Kiki and Wirahma [9] conducted an analysis of heavy 

rain in Jakarta on September 27, 2017, using the atmospheric dynamics analysis method and 

weather satellite imagery analysis. The results of the analysis showed that based on the 

recapitulation data of extreme weather events from the BMKG Jakarta Public Meteorology 

Center, the extreme rain event in the Jakarta area on September 27, 2017, was the second 

event throughout the month. Jannah et al. [10] conducted a study to understand the 

characteristics of rainfall in Jakarta at present and its changes in the future using the trend 

analysis method and Statistical Downscaling Model. The results of the study showed that 

rainfall in Jakarta has characteristics that are increasing in the future period for both annual 

rainfall parameters, maximum rainfall and number of rainy days. Several previous studies 

have shown that rainfall in Jakarta is classified as extreme rainfall. 

Previous studies on the relationship between extreme rainfall and flooding in Jakarta 

include: Stephanie, Jimawan and Jayadi [11], studied the effect of rainfall on flooding in 

Jakarta using the time series method and the Gumbel method. This study produced a 

relationship between maximum daily rainfall and the recurrence period so that high rainfall 

will cause flooding that is almost evenly distributed in Jakarta. Then Damanik et al. [12] 

conducted a study on the evaluation of the rainfall index in flood conditions in Jakarta using 

Rclimdex. The study found that one of the factors causing flooding in Jakarta is extreme 

rainfall. The number of flood events in downstream Jakarta correlates more highly with the 

rainfall index than in upstream and central areas. Pratama and Boer [13] conducted an 

analysis of extreme rainfall events and their impact on the community in Cilandak and 

Jatinegara Villages, Jakarta, using the regression method. The results showed that the 

frequency of flood events in both areas was significantly related to extreme climate events. 

This shows that the risk of flooding in both areas tends to increase. The impact of flooding 

on the people of Jakarta is very large due to the damage to facilities owned, the emergence 

of health problems and disruption of work hours and causing quite large losses. The results 
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of several previous studies indicate that flooding in Jakarta has a close relationship with 

extreme rainfall. 

Based on the discussion, this study was conducted to analyze the temporal probability of 

flood risk due to extreme rainfall by using data from meteorological stations in Jakarta. 

Extreme Value Theory (EVT) method, especially Peak Over Threshold (POT) approach, was 

used to analyze extreme rainfall data. EVT is a statistical method that studies the behavior of 

the tail of a distribution of data containing extreme values and POT approach used a threshold 

to define those extreme values. The map of geographical context of this research is provided 

in Figure 1. 
 

 
Fig. 1. The Map of Geographical Context of The Research 

 

The results of analysis show that the probability of flooding due to extreme rainfall is 

high over long periods. It indicates that rainfall with an intensity of more than 122 mm/day 

has a more significant impact of flooding events in Central Jakarta, while rainfall with an 

intensity higher than 126 mm/day has considerable impact on flooding events in North 

Jakarta. 

2 Literature Review 

2.1 Extreme Value Theory (EVT)  

Extreme Value Theory (EVT) is a statistical approach that is designed to analyze the behavior 

of the distribution’s tail based on data characterized extreme values and it is commonly 

employed to assess the extreme behavior of environmental phenomena [14]. EVT can be 

employed to estimate rare event’s probability. For example, it facilitates the estimation of 

return levels for return periods exceeding the duration of available observations [15]. Peaks 

Over Threshold (POT) is an EVT approach used by considering a predefined threshold or 

reference value by using Generalized Pareto Distribution (GPD). The GPD is well-suited to 

characterize the tail behavior of distribution particularly for extreme values that fall above 

the threshold. The values that exceed this threshold are the extreme values [16;17]. The GPD 

has the Cumulative Distribution Function that can be write as follows [18]: 

𝐹(𝑥) = 1 − [1 + 𝜉 (
𝑥−𝑢

𝜎
)]

−1 𝜉⁄

      (1) 

The Maximum Likelihood Estimation (MLE) is used to estimate the scale (𝜎) and shape 

(𝜉) parameters of GPD [19]. These parameters define how extreme events evolve with an 

increasing return period [18]. The values exceeding the threshold u are effectively 

represented by GPD. The method for determining the threshold using graphs can be done in 

various ways, one of which is the Mean Residual Life Plot (MRLP) [20;21]. In general, if 
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values exceeding the threshold are found and form or approximate a straight line, it can be 

chosen as the optimal MRLP. In MRLP, determining whether a line appears straight or not 

is highly subjective, leading to some degree of arbitrariness in threshold selection. To identify 

a more representative threshold, some criteria can be utilized to refine the threshold 

determination process [22]. For large values of x above a threshold u, the distribution can be 

approximated by the GPD, and its properties can be obtained as follows: 

𝐸(𝑋 − 𝑢|𝑋 > 𝑢) =
𝜎−𝜉𝑢

1−𝜉
+

𝜉

1−𝜉
𝑢      (2) 

that is the expected value of the data exceeding threshold u. When the shape (𝜉) parameter 

of GPD reaches a stable value, the resulting plot form a straight line. Specifically, when the 

threshold u is defined on the horizontal axis and the average value on the vertical axis, the 

line's slope and intercept are determined by the properties of the distribution in Equation 2, 

reflecting the relationship between threshold and extreme values. The core principle of 

MRLP is to achieve stability in parameter estimation by fitting the GPD within a specific 

threshold range [23].  

2.2 Kolmogorov-Smirnov (KS) Test  

The goodness-of-fit test can be conducted using the Kolmogorov-Smirnov test. This test aims 

to examine the extent to which a distribution fits a specific distribution. The hypotheses used 

in the Kolmogorov-Smirnov test can be formulated as follows: 

𝐻0: The data distribution is the same as a specific distribution, 

𝐻1: The data distribution is not the same as a specific distribution  

In this context, the specific distribution is usually a theoretical distribution expected to fit 

the observed data. This test provides information about how well the observed data fits the 

expected distribution. For a set of N ordered data points 𝑋1, 𝑋2, … , 𝑋𝑁, the empirical 

distribution function is defined as: 

𝐸𝑁 = 𝑛(𝑖)/𝑁       (3) 

𝑛(𝑖) represents the number of data points smaller than 𝑋𝑖, where the 𝑋𝑖 values are arranged 

in descending order. Then in the KS test statistics, the calculation is performed using the 

equation as follows [24]: 

𝐷 = max
1≤𝑖≤𝑁

(𝐹(𝑋𝑖) −
𝑖−1

𝑁
,

𝑖

𝑁
− 𝐹(𝑋𝑖))     (4) 

F represents the theoretical cumulative distribution of the dataset. The null hypothesis H0 can 

be rejected if 𝐷 >  𝐷𝛼 . 

2.3 Mean Absolute Percentage Error (MAPE)  

MAPE is a measure of relative accuracy used to determine the percentage of deviation from 

forecast results. MAPE is defined as the average of Absolute Percentage Error (APE). In 

other words, APE is a part of MAPE. The variable used in this case is rainfall. MAPE 

calculation uses the following equation [25]: 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑ 𝐴𝑃𝐸𝑖

𝑛
𝑖=1        (5) 

𝐴𝑃𝐸𝑖 = |(
𝑥𝑖−𝑥𝑖

𝑥𝑖
) × 100%|      (6) 
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where : 

𝑥𝑖 : actual value of highest rainfall  

𝑥̂𝑖: estimated value (return period) of highest rainfall 

n : number of meteorological stations 

Sumari et al. [26] stated that MAPE is the average of the difference between actual data 

and predicted results shown in percentage, where the smaller the MAPE value, the closer the 

predicted results are to the original, with the classification of MAPE value interpretations 

listed in Table 1: 

Table 1. The MAPE Value Interpretation 

MAPE Value Interpretation 

< 10% The model accuracy is very accurate 

10% - 20% The model accuracy is good 

20% - 50% The model accuracy is moderate 

> 50% The model accuracy is poor 

2.4 Temporal Probability of Flooding  

Temporal probability can be computed by the probability of rainfall exceeding a threshold. 

The probability (p) of exceeding a specified rainfall threshold in a particular year is defined 

as follows [27]: 

𝑝 = 1 − 𝐹(𝑥)       (7) 

𝐹(𝑥) is the cumulative distribution function of the rainfall, that is assumed to GPD with scale 

(𝜎) and shape (𝜉) parameters. The temporal probability can be calculated using the following 

equation: 

Pr (𝑥𝑡ℎ, 𝑁) = 1 − (𝐹𝐺𝑃𝐷(𝑥𝑡ℎ; 𝜎, 𝜉))𝑁    (8) 

where: 

𝑥𝑡ℎ    : the rainfall threshold that triggers flooding 

𝑁     : 𝑁 year periods 

𝐹𝐺𝑃𝐷  : CDF of Generalized Pareto Distribution (GPD) 

3 Data and Methods 

The data used in this study is daily rainfall data (mm/day) obtained per month from the 

Meteorology, Climatology, and Geophysics Agency (BMKG) of Indonesia from January 1, 

1994, to December 31, 2023 (30 years: 10,957 days) for meteorological station Kemayoran 

- Central Jakarta, Tanjung Priok - North Jakarta, and Halim Perdana Kusuma - East Jakarta. 

This data collection is in accordance with the guidelines of the World Meteorological 

Organization (WMO) which indicate that climatology analysis is ideally carried out over a 

period of 30 years to obtain an accurate and stable climate representation [28], as well as 

reports from the Intergovernmental Panel on Climate Change (IPCC) which supports the use 

of a minimum period of 30 years for climate analysis to obtain long-term climate change 

trends [29]. The rainfall data structure is presented in Table 2. 

The data analysis method used in this study is EVT analysis, including POT approach 

using GPD modeling and determination the threshold using MRLP. The steps of analysis are 

explained as follows: 

1. Data preprocessing and exploration 

2. Calculating the threshold value from rainfall data by using MRLP method 
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3. Selecting the extreme data (above the threshold) and fitting the extreme data using GPD 

4. Next, the Kolmogorov Smirnov test will be used to test the suitability of the distribution. 

If it is suitable, the previous parameters can be used 

Then the obtained parameters are used to calculate the temporal probability of flooding due 

to extreme rainfall in certain time periods. 

Table 2. The Rainfall Data Structure 

Observation Date 

Meteorological Station 

Kemayoran Tanjung Priok 
Halim Perdana 

Kusuma 

𝑋1 𝑋2 𝑋3 

1 January 1, 1994 𝑋1,1 𝑋1,2 𝑋1,3 

2 January 2, 1994 𝑋2,1 𝑋2,2 𝑋2,3 

 … … … … 

 … … … … 

n-1 December 30, 2023 𝑋𝑛−1,1 𝑋𝑛−1,2 𝑋𝑛−1,3 

n December 31, 2023 𝑋𝑛,1 𝑋𝑛,2 𝑋𝑛,3 

 𝑋 = rainfall (mm/day) 

4 Results and Discussion 

Preprocessing of rainfall data is carried out first so that the data is ready to be used for further 

analysis. Checking the missing and trace values (not measured) in the rainfall data is then 

carried out for each meteorological station. Rainfall data from BMKG is marked with '9999' 

for missing values (not measured) and '8888' for trace or not measured. Trace is an indication 

of rain with a value of less than 0.1 millimeters [30]. The Quality Control (QC) procedure 

applied by BMKG to validate rainfall data containing missing values, namely if the data 

contains more than 20% missing values, the data cannot be used [31]. To overcome missing 

and trace values, value imputation is carried out, with reference to trace values imputed with 

a value of 0 (zero) and missing values imputed with a chained equation using the 'mice' 

package in R software which is based on Monte Carlo Markov Chain (MCMC) simulation, 

where the imputation of missing values is carried out with an iteration process until the 

appropriate value is obtained [32]. A summary of the missing values and traces at each 

meteorological station based on daily rainfall data that has been collected from January 1, 

2013 to December 31, 2023 is shown in Table 3: 
 

Table 3. The Identification of Missing Values and Traces at Each Meteorological Station 

Meteorological 

Station 
City %Trace 

%Missing 

Value 
Description 

Kemayoran 

Tanjung Priok 

Halim Perdana 

Kusuma 

Central Jakarta  

North Jakarta  

East Jakarta  

6.1 

3.6 

2.4 

  3.9 

  5.9 

66.3 

Data can be used for analysis 

Data can be used for analysis 

Data cannot be used for 

analysis 
 

Table 3 shows that of the three meteorological stations, rainfall data from the Halim 

Perdana Kusuma meteorological station cannot be used, because the percentage of missing 

values is 66.3%, so according to the BMKG QC for rainfall, the data is included in the criteria 

for data that cannot be used in the analysis because the % missing value is more than 20%. 

Therefore, the Halim Perdana Kusuma meteorological station and the city of East Jakarta 

were removed from the analysis. Furthermore, rainfall data at the Kemayoran and Tanjung 

Priok meteorological stations containing traces were imputed with a value of 0 (zero) and 
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missing values were imputed with the average rainfall in the same month as the missing 

value. After data imputation, a re-check was carried out and it was ensured that there was no 

more missing data or traces in the rainfall data. 

4.1 Descriptive Statistics Analysis of Rainfall Data  

In accordance with the results of the missing value and trace checks, the rainfall data that can 

be continued for analysis is the daily rainfall data from the Kemayoran (for Central Jakarta) 

and Tanjung Priok (for North Jakarta) meteorological stations. Descriptive statistical analysis 

of daily rainfall data (mm/day) produces the following results: 

Table 4. Descriptive Statistics of Rainfall Data (mm/day) 

Deskriptive 

Statistics 

Meteorological Stations 

Kemayoran-Central Jakarta  Tanjung Priok-North Jakarta  

Median     0.00     0.00 

Mode     0.00     0.00 

Minimum     0.00     0.00 

Mean     5.46     5.09 

Maximum 277.50 284.00 

Variance 231.87 220.70 
 

Table 4 shows that the median and minimum of the rainfall data are 0.00 mm/day. In 

addition, the mode (the most frequently occurring value) at both meteorological stations is 

also 0.00 mm/day, meaning that both Central and North Jakarta often have non-rainy (cloudy) 

days. However, the maximum rainfall value at both stations is very high, namely 277.50 

mm/day for the Kemayoran meteorological station and 284.00 mm/day for the Tanjung Priok 

meteorological station, where according to BMKG, if the rainfall is > 150 mm/day then the 

rainfall is classified as extreme. Based on this information, it can be concluded that in the 

cities of Central and North Jakarta it rarely rains, but if it does rain it can be very high and 

even be classified as extreme in intensity. The average (mean) rainfall value is around 5 

mm/day for both meteorological stations, meaning that on average there is light rain in the 

cities of Central and North Jakarta. The high variance value indicates that the rainfall data 

varies at both stations.  

 
Fig. 2. Plot of Rainfall Data (mm/day) in Kemayoran Meteorological Station (Central Jakarta) 
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Fig. 3. Plot of Rainfall Data (mm/day) in Tanjung Priok Meteorological Station (North Jakarta) 

 

Figure 2 and Figure 3 show the visualization of rainfall (mm/day) in Kemayoran and 

Tanjung Priok meteorological stations. From the figures, there were many days where there 

was no rain, which is indicated by many rainfall plots that are around 0.00 mm/day, this is in 

accordance with the results of previous descriptive statistics. Figure 2 shows that at the 

Kemayoran meteorological station (Central Jakarta), the highest rainfall occurred on 

February 10, 2015 and February 25, 2020, which was 277.50 mm/day. Meanwhile, Figure 3 

shows the highest rainfall at the Tanjung Priok meteorological station (North Jakarta), which 

was 284.00 mm/day, occurred on February 1, 2014. Figure 3 also shows that on February 10, 

2015, rainfall in North Jakarta was also monitored as high, which was 247 mm/day. This is 

in accordance with information from Indonesia’s National Disaster Management Agency 

(BNPB) in the Kompas news [32] which noted that flooding occurred in Jakarta, especially 

the Central Jakarta area starting on February 9 2015, where this is in accordance with rainfall 

data from the Kemayoran Meteorological Station (Central Jakarta), namely 177 mm/day on 

that date, and immediately increased the following day. 

4.2 Extreme Rainfall Analysis using Peak Over Threshold (POT) 

In this analysis, data division is used, training data for model formation according to POT 

results and testing data to validate the results of the model that has been formed. Daily rainfall 

data for 1994-2021 is used as training data, while daily rainfall data for 2022-2023 is used as 

testing data. Model validation is carried out using the Mean Absolute Percentage Error 

(MAPE) which is calculated based on the return period results of the model and compared 

with the actual values of the testing data.  

Extreme rainfall analysis using POT is carried out first by determining the threshold using 

MRLP. The threshold determination using MRLP can be seen in Figure 4. Plots that tend to 

form horizontal linear patterns (marked in yellow) will be considered as the selected 

threshold. The best threshold value is selected based on the smallest AIC value and the 

appropriate GPD distribution fit test results.  

A summary of the threshold selection with MRLP from Figure 4 is presented in Table 5. 

Based on the threshold determination results in Figure 4 and Table 5, it can be concluded that 

the extreme rainfall threshold selected at the Kemayoran Meteorological Station - Central 

Jakarta and the Tanjung Priok Meteorological Station - North Jakarta are 122 mm/day and 

126 mm/day, respectively.  
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Fig. 4. Mean Residual Life Plot for Determining Threshold: a) Kemayoran Meteorological Station-

Central Jakarta, b) Tanjung Priok Meteorological Station-North Jakarta 

 

Table 5. Extreme Rainfall Threshold Selection using Mean Residual Life Plot (MRLP) 

Rainfall Threshold 

The amount of 

data above the 

threshold 

AIC KS test of GPD 

Kemayoran-

Central 

Jakarta  

110 31 301.77 Failed to reject H0 (suitable) 

112 

114 

116 

120 

30 

29 

28 

25 

291.24 

280.92 

270.64 

243.24 

Failed to reject H0 (suitable) 

Failed to reject H0 (suitable) 

Failed to reject H0 (suitable) 

Failed to reject H0 (suitable) 

122 24 233.35 Failed to reject H0 (suitable) 

Tanjung 

Priok-North 

Jakarta  

112 

114 

29 

26 

275.12 

250.93 

Failed to reject H0 (suitable) 

Failed to reject H0 (suitable) 

116 23 240.58 Failed to reject H0 (suitable) 

118 

120 

23 

22 

223.63 

213.78 

Failed to reject H0 (suitable) 

Failed to reject H0 (suitable) 

126 20 191.11 Failed to reject H0 (suitable) 

 
Fitting the distribution of extreme rainfall was carried out using the Generalized Pareto 

Distribution (GPD). The results of the Generalized Pareto Distribution (GPD) distribution 

fitting for extreme rainfall data according to the threshold at both meteorological stations are 

shown in Table 6. The results show that the GPD distribution for extreme rainfall at both 

stations have parameters 𝜉 > 0. This indicates that the probability of extreme rainfall events 

is still high. Meanwhile, the scale parameter (σ) shows that extreme rainfall data is quite 

diverse at both meteorological stations. 
 

 

a) 

b) 
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Table 6. GPD Parameter Estimation Results for Extreme Rainfall According to Threshold at Each 

Meteorological Station 

Extreme Rainfall Threshold Parameter Estimated Value 

Kemayoran Meteorological 

Station-Central Jakarta  

122 mm/day 𝜉 = shape parameter  

𝜎 = scale parameter  

  0.204 

35.599 

Tanjung Priok Meteorological 

Station -North Jakarta  

126 mm/day 𝜉 = shape parameter  

𝜎 = scale parameter  

  0.310 

24.199 

 
Based on the results of the parameter estimation, the CDF for each extreme rainfall data 

according to the threshold at both meteorological stations can be written as follows: 

a. The CDF of GPD distribution for extreme rainfall (> 122 mm/day) at Kemayoran 

Meteorological Station - Central Jakarta: 

𝐹1(𝑥) = 1 − (1 +
0.204

35.599
𝑥)

−
1

(0.204)
     (9) 

b. The CDF of GPD distribution for extreme rainfall (> 126 mm/day) at Tanjung Priok 

Meteorological Station - North Jakarta: 

𝐹2(𝑥) = 1 − (1 +
 0.310

24.199
𝑥)

−
1

( 0.310)
     (10) 

The calculation of return period – 2 years (the highest rainfall value expected to be 

exceeded in the next 2 years) compared to the actual value of the testing data (the highest 

rainfall value for 2 years). The results of the analysis are shown in Table 7: 

Table 7. Extreme Rainfall Model Validation using APE Value 

Meteorological 

Station 

Return Period 

(2 years) 

Actual Value 

(2 years) 
APE Description 

Kemayoran-

Central Jakarta  

142.28  

mm/day 

204.00 mm/day 30.25% The model accuracy 

is moderate 

Tanjung Priok-

North Jakarta  

135.13  

mm/day 

134.70 mm/day 0.32% The model accuracy 

is very accurate 

 

The results of the model validation show that the model produced in Eq. (9) is not good 

but is still suitable for use based on the APE value (the APE criteria follows MAPE 20%-

50% indicating that the model has moderate accuracy, meaning that the model is acceptable 

but needs improvement), while the model in Eq. (10) is very accurate because it has an APE 

value <10% and is even very close to the actual value.  

The results of the calculation of the temporal probability of flooding due to extreme 

rainfall (exceeding the threshold) are presented in Table 8. The analysis results in Table 8 

show that the probability of at least one flood event in Central Jakarta due to extreme rainfall 

above the threshold of 122 mm/day is predicted to increase over time. For example, the 

probability of a flood occurring in 1 year is 0.074, and continues to increase to 0.979 over 50 

years. With a threshold of 122 mm/day, the probability of a flood occurring is quite high in 

a longer period, indicating that extreme rainfall with an intensity of 122 mm/day and above 

has a more significant impact on flood events. In North Jakarta, the probability of a flood due 

to extreme rainfall above 126 mm/day also increases from 0.048 in 1 year to 0.915 over 50 

years. With a threshold of 126 mm/day, the probability of a flood occurring is high in the 

long term, indicating that rainfall with this intensity has quite an impact on flood events in 
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North Jakarta. The thresholds of 122 mm/day and 126 mm/day tend to provide a higher 

probability of flood events, especially in the long term in the Central Jakarta and North 

Jakarta areas. 

Table 8. The Temporal Probability of Flooding Due to Extreme Rainfall 

Meteorological 

Station 
𝑭(𝒙𝒕𝒉) 

Threshold 

(𝒙𝒕𝒉) 
N 𝐏𝐫 (𝒙𝒕𝒉, 𝑵) 

Kemayoran - 

Central Jakarta 𝐹1(𝑥) = 1 − (1 +
0.204

35.599
𝑥)

−
1

(0.204)
  

122 mm/day 1 

2 

5 

10 

15 

20 

25 

50 

0.074 

0.143 

0.321 

0.538 

0.686 

0.787 

0.855 

0.979 

Tanjung Priok - 

North Jakarta  𝐹2(𝑥) = 1 − (1 +
 0.310

24.199
𝑥)

−
1

( 0.310)
    

126 mm/day 1 

2 

5 

10 

15 

20 

25 

50 

0.048 

0.094 

0.218 

0.389 

0.522 

0.626 

0.708 

0.915 

5 Conclusion 

The results of the temporal probability analysis of flooding due to extreme rainfall show that 

the temporal probability of flooding increases over time, with the following provisions: In 

Central Jakarta (with extreme rainfall > 122 mm/day), the probability of flooding increases 

from 0.074 over 1 year to 0.979 over 50 years; In North Jakarta (with extreme rainfall > 126 

mm/day), the probability of flooding increases from 0.048 over 1 year to 0.915 over 50 years. 

The probability approaching 1 over a 50-year period indicates that flooding due to extreme 

rainfall is almost certain to occur in the long term in both regions. In can be conclude that 

EVT method is essential to risk analysis about climate change and natural disaster. This 

method produces good results and can be applied in other environmental fields. 

The calculation of the probability of flooding is not yet complete and will be continued 

to the calculation of the spatial probability of flooding according to the spatial vulnerability 

of each area in Central and North Jakarta in the next research. 
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