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ABSTRACT 

Rainfall variability in tropical urban regions remains challenging to characterize due to its strong 

spatiotemporal complexity and non-stationary behavior. This study investigates long-term rainfall 

dynamics in Jakarta, Indonesia, using the Bayesian Estimator of Abrupt Change, Seasonality, and 

Trend (BEAST) to analyze a 161-year monthly rainfall time series (1864–2024). The BEAST 

framework was used to decompose the rainfall series into trend, seasonal, and outlier components, 

allowing persistent structural changes to be distinguished from isolated extreme observations. The 

results indicate substantial temporal variability in Jakarta’s rainfall regime. The most strongly 

supported candidate trend changepoint occurred around January 2020, with a posterior probability of 

83.56% and an estimated abrupt change of 121.02 mm. The seasonal component exhibited its strongest 

candidate changepoints around January 2014 and January 2016, with posterior probabilities of 29.3% 

and 21.16%, respectively. The outlier component identified several isolated extreme observations, 

including January 1979, with an outlier changepoint probability of 92.49%, followed by January 1963 

(82.72%), January 2002 (68.11%), January 1872 (67.92%), January 1965 (61.83%), and February 2020 

(56.63%). Sensitivity analysis showed that explicitly accounting for isolated extreme observations 

increased the posterior support for the January 2020 trend changepoint from 71.04% to 83.56%, while 

its timing remained stable. These findings demonstrate that extreme observations can influence the 

strength of inferred structural changes and highlight the importance of probabilistic, non-stationary 

approaches for characterizing long-term rainfall dynamics in rapidly urbanizing tropical regions. 
 

Keywords: Bayesian Estimator of Abrupt Change, Seasonality, and Trend (BEAST); Changepoint 

detection; Rainfall variability; Outlier detection; Jakarta. 

1. INTRODUCTION 

 

Climate change detection involves identifying systematic changes in observed climate variables 

while accounting for natural climate variability and external forcing. It also accounts for natural 

climate variability, such as the El Niño–Southern Oscillation, which occurs independently of external 

influences (Stott et al., 2021). Previous studies have investigated extreme events associated with 

climate change (Blain et al., 2011; Siliverstovs et al., 2010; van de Vyver, 2012; Gilleland et al., 

2006). In recent decades, climate change has contributed to an increase in the frequency and intensity 

of extreme weather events. These include heatwaves, tropical storms, and extreme rainfall (WMO, 

2021; Nurdiati et al., 2022; IPCC, 2023). Rainfall remains one of the most challenging climate 

variables to characterize because of its high spatial and temporal variability (Septiawan et al., 2017). 
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High-intensity rainfall events can lead to severe impacts (Zhou et al., 2023), including flooding, 

infrastructure damage, economic losses, and water contamination (Spekkers et al., 2017; Nguyen et 

al., 2021; Tu et al., 2023). Therefore, understanding rainfall variability is essential for developing 

effective mitigation and adaptation strategies (Koutsoyiannis and Baloutus, 2000).  

Jakarta has experienced a significant increase in rainfall intensity over the past decades (Siswanto 

et al., 2016; Jannah et al., 2023; Maheng et al., 2024). For instance, extreme rainfall events that 

previously, under early 20th-century climate conditions, had a return period of 24.5 years, now occur 

much more frequently (Siswanto et al., 2017; Siswanto et al., 2015). Historical evidence indicates that 

extreme rainfall events have become more frequent, contributing to recurring flood disasters. The first 

major flood in Jakarta was recorded in 1918 (ANRI, 2003), followed by other major flood events in 

1996, 2002, 2007, 2012, and 2014, most of which were driven by high rainfall intensity (Yunika et 

al., 2012; OCHA, 2013; Siswanto et al., 2015). 

Jakarta is projected to experience a faster increase in extreme rainfall compared to other cities 

(Suroso et al., 2021; Siswanto et al., 2022). Historically, major floods were expected to occur once 

every five years, but recent evidence indicates that such events are becoming more frequent. This is 

reflected in a series of extreme rainfall events that triggered floods in 2015, 2018, and 2020 (Siswanto 

et al., 2017; Wicaksono and Herdiansyah, 2019; Patel, 2020). The trend appears to have continued in 

recent years, culminating in severe flooding and marked changes in rainfall patterns (Raidi, 2025; 

Anshory, 2025). Moreover, a shift in the timing of extreme rainfall events was observed, with major 

floods occurring in March and even extending into the dry season in July 2025 (Mardiana, 2025). 

These findings highlight significant changes in Jakarta’s rainfall patterns in recent years, underscoring 

the urgency of conducting comprehensive analyses to detect rainfall pattern changes, particularly in 

Jakarta (Gure, 2021). 

Various statistical approaches have been developed to detect changes in climate variables, 

including the Mann–Kendall test, Theil–Sen estimator, Pettitt test, regression-based approaches, and 

artificial intelligence methods (Knutson et al., 2017; Gocic and Trajkovic, 2013; Ribes et al., 2017; 

Maheng et al., 2024; Bône et al., 2022). However, conventional approaches may have limited ability 

to characterize nonlinear temporal dynamics and multiple structural changes in long-term climate 

records. More importantly, extreme observations may exert a strong influence on the identification 

and interpretation of structural changes when isolated events are not explicitly distinguished from 

persistent changes in the underlying signal. Consequently, an observed extreme event may either 

represent a short-lived anomaly or coincide with a broader shift in the rainfall regime, and 

distinguishing between these possibilities is important for interpreting long-term rainfall variability. 

These limitations make the interpretation of long-term rainfall dynamics sensitive to the treatment of 

nonlinear variation, structural changes, and extreme observations (Zhao et al., 2019). 

To address these limitations, this study applies a Bayesian changepoint detection framework to 

one of the longest rainfall records in Southeast Asia. This framework offers probabilistic inference 

capable of capturing nonlinear patterns and detecting subtle changepoints. Bayesian inference treats 

parameters and model structures probabilistically, enabling more robust quantification of uncertainty 

(Dan’azumi et al., 2025). This study applies the Bayesian Estimator of Abrupt Change, Seasonality, 

and Trend (BEAST). This method enables probabilistic detection of changepoints and decomposition 

of time series into interpretable components, including trend and seasonality. In the present study, an 

outlier component is additionally incorporated to identify isolated observations that deviate 

substantially from the underlying trend-seasonal structure. This formulation provides a framework 

for examining whether extreme rainfall observations coincide with persistent structural changes or 

represent isolated departures from the underlying rainfall dynamics. Therefore, this study aims to 

characterize long-term rainfall variability in Jakarta over the 161-year period from 1864 to 2024 using 

the BEAST framework. Specifically, the study aims to (i) characterize the long-term trend and 

seasonal variability of monthly rainfall, (ii) identify probabilistic structural changepoints in the trend 

and seasonal components, and (iii) identify isolated extreme observations through the outlier 

component and examine their relationship with detected structural changes. 
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 2. STUDY AREA AND DATA 

The Jakarta metropolitan area is located on the northwestern coast of Java Island, at coordinates 

6°12′ S–106°48′ E. As the capital of Indonesia, Jakarta plays a central role in the country’s political 

and economic activities. Administratively, Jakarta is divided into five municipalities and one regency 

(Fig. 1). The region has experienced rapid population growth and urban expansion, with an annual 

growth rate of 0.94% (BPS, 2018). Accelerated urbanization has led to the emergence of informal 

settlements, increased transportation activity, and growing demand for residential and commercial 

space. These developments have significantly influenced local climate conditions (Januari et al., 

2024). 

 

 

Fig. 1. Location of Jakarta, Indonesia, showing the administrative boundaries of five municipalities (Central, 

West, North, South, and East Jakarta) and the Thousand Islands Regency. Green dots indicate the observation 

stations: KNMI Jakarta–Kemayoran and BMKG Kemayoran. 

Jakarta has a monsoonal rainfall regime, with relatively high rainfall during December–February 

and a pronounced dry period during June–August (Aldrian and Susanto, 2003). To investigate long-

term rainfall variability, this study compiled monthly rainfall observations covering 161 years, from 

1864 to 2024. The historical record consists of two observational sources. Rainfall observations from 

1864–1990 were obtained from the archives of the Koninklijk Nederlands Meteorologisch Instituut 

(KNMI) at the Jakarta/Kemayoran station (−6.17°S, 106.82°E; elevation 7 m), whereas observations 

from 1991–2024 were obtained from the Meteorology, Climatology, and Geophysics Agency 

(BMKG) at the Kemayoran station (−6.16°S, 106.84°E; elevation 4 m). The two observation sites are 

geographically close, with an elevation difference of approximately 3 m (Fig. 1). The KNMI record 

was available as monthly accumulated rainfall, whereas the BMKG record consisted of daily rainfall 

observations.  
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Missing values in the BMKG daily rainfall records were reconstructed using an iterative 

multivariate linear regression imputation procedure. Missing observations were initially replaced with 

monthly mean values and subsequently updated through repeated ordinary least-squares regression 

until a complete dataset was obtained. The reconstructed daily BMKG rainfall data were then 

aggregated into monthly totals and merged with the monthly KNMI dataset to produce a continuous 

monthly rainfall record spanning 1864–2024. This procedure is conceptually related to iterative 

regression-based imputation methods (Templ et al., 2011). 

Because the rainfall record was constructed from two observational sources, the consistency of 

the merged series was evaluated before subsequent time-series analysis. A Mann–Whitney test was 

first applied to compare rainfall distributions across the joining period between the KNMI and BMKG 

records. The test indicated a significant difference in median rainfall between the two periods (p = 

0.0008). Such differences may reflect both climatic variability and potential non-climatic influences, 

including changes in station characteristics, instrumentation, observation procedures, or the 

surrounding environment (Aguilar et al., 2003). However, the two observation sites are located in 

close proximity and follow standardized rainfall measurement practices (BMKG, 2020; Setyawati et 

al., 2025), which reduces the likelihood that the observed difference can be attributed solely to the 

change in observational source. 

To further assess whether the difference detected at the KNMI–BMKG transition represented a 

structural discontinuity caused by the data-source transition, a Pettitt test was subsequently applied to 

the complete merged rainfall series. Rather than detecting a changepoint at the 1990/1991 junction, 

the test identified a statistically significant changepoint around 1972 (K = 80,263; p = 0.0094). The 

detected changepoint therefore precedes the transition between the two observational sources by 

approximately two decades, suggesting that the principal structural change identified by the Pettitt 

test is unlikely to be explained solely by the merging of the KNMI and BMKG records. Instead, it 

may reflect longer-term hydroclimatic variability that occurred prior to the station transition. 

The Mann–Kendall test further indicated a significant increasing trend in monthly rainfall over 

the full observation period (S = 84,957; Z = 3.0001; p = 0.0027). These preliminary assessments 

provide evidence that the 1864–2024 record contains both long-term trend and structural variability. 

Nevertheless, the conventional tests do not provide information on multiple changepoints, their 

posterior uncertainty, or the distinction between isolated extreme observations and persistent changes 

in the underlying rainfall signal. Therefore, the resulting continuous monthly series was subsequently 

analyzed using the BEAST framework described in Section 3. 

This case study focuses on two main objectives. First, it applies an advanced methodological 

framework. Second, it establishes a foundation for identifying structural changes in rainfall. This 

framework can be extended in future studies to incorporate multiple drivers of climate variability. All 

analyses were conducted using MATLAB 2025a and RStudio, employing the Rbeast package for time 

series decomposition and changepoint detection. 

3. METHODS 

The methodological framework of this study examines Jakarta’s monthly rainfall over the period 

1864–2024. To clarify the research workflow, the entire sequence of analytical steps is shown in Fig. 

2, offering a visual overview of the process. 

 

3.1. A Bayesian Estimator of Abrupt Change, Seasonal Change and Trend (BEAST) 

The Bayesian Estimator of Abrupt Change, Seasonality, and Trend (BEAST) developed by Zhao 

et al. (2019). BEAST was selected due to its ability to simultaneously detect abrupt changes and 

model non-stationary climate dynamics, which are common in long-term rainfall records. This 

approach quantifies multiple sources of uncertainty. It also identifies abrupt changes across different 

temporal scales and captures complex nonlinear variations in time series data. Climate-related time 

series typically exhibit dynamics at three primary scales. These include (i) seasonal cycles, (ii) gradual 

long-term changes, and (iii) abrupt shifts caused by extreme events or climate regime transitions.  
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Fig. 2. Research workflow diagram. 
 

In the decomposition framework, the observed time series is represented as the sum of a seasonal 

component, a trend component, an outlier component, and an error term. Abrupt structural changes 

are not represented as a separate additive component; instead, they are captured through changepoints 

within the seasonal and trend components. The outlier component is used to represent isolated 

observations that substantially deviate from the underlying trend-seasonal structure. The BEAST 

model applied in this study can therefore be expressed in Eq. (1). 

 

𝑦̂(𝑡𝑖) = 𝑓(𝑡𝑖; Θ) = 𝑆(𝑡𝑖; ΘS) + 𝑇(𝑡𝑖; ΘT) + 𝑂(𝑡𝑖; Θ𝑂) + 𝜀𝑖, 𝑖 = 1, … , 𝑛, (1) 
 

where, 

𝑦̂(𝑡𝑖)   -observed rainfall at time 𝑡𝑖; 

𝑆(𝑡𝑖; ΘS)   -seasonal component;  

𝑇(𝑡𝑖; ΘT)   -long-term trend component;  

𝑂(𝑡𝑖; ΘO)  -outlier component representing isolated observations; 
ΘS and ΘT  -parameters implicitly account for abrupt changes 

𝜀𝑖 ∼ 𝒩(0, 𝜎2)  -error term with Gaussian noise.  

The analysis employs the Rbeast package, which implements Bayesian estimation using the 

Markov Chain Monte Carlo (MCMC) algorithm (Zhao, 2025). The MCMC approach enables efficient 

exploration of a high-dimensional model space without incurring prohibitive computational costs. 

Consequently, it overcomes the limitations of analytical solutions and allows the Bayesian framework 

to address complexities that conventional methods may fail to capture. MCMC generates sample-

based estimates that support statistical inference. In this study, it is used to evaluate the posterior 

distribution of the model parameters (Zhang et al., 2013). 
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3.2. MCMC Parameter Setup 

During the simulation setup, several key parameters are specified, including the number of 

samples per chain, the number of chains, the burn-in period, and the thinning factor. Running multiple 

chains allows assessment of the convergence of the Markov Chain Monte Carlo (MCMC) algorithm 

toward the target posterior distribution. The burn-in period ensures that the chains reach a stable state 

before sampling begins, while the thinning factor is applied to reduce autocorrelation among 

successive samples.  

These chains collectively capture essential information required to analyze rainfall patterns, 

including long-term trends, seasonal variations, and abrupt changes. Additional parameters include 

the maximum step size, resampling probabilities, and tolerance levels for credible intervals (CI). 

3.2.1. Seasonal Component 

The seasonal component 𝑆(𝑡) is approximated using a piecewise harmonic model defined over 

𝑝 changepoints 𝜉𝑘 , where 𝑘 = 1, … , 𝑝. These changepoints partition the time series into (𝑝 + 1) 

intervals [𝜉𝑘 , 𝜉𝑘+1], with 𝜉0 = 𝑡0 and 𝜉𝑝+1 = 𝑡𝑛 representing the temporal bounds of the dataset. The 

seasonal model is defined separately within each segment as follows in Eq. (2). 

 

𝑆(𝑡) = ∑ [𝑎𝑘,𝑙 ∙ sin (
2𝜋𝑙𝑡

𝑃
) + 𝑏𝑘,𝑙 ∙ cos (

2𝜋𝑙𝑡

𝑃
)] , 𝜉𝑘 ≤ 𝑡 ≤ 𝜉𝑘+1;   𝑘 = 0, 1, … , 𝑝

𝐿𝑘

𝑙=1

, 

(2) 

 

where:  

𝑃    -seasonal period; 

𝐿𝑘   -the harmonic order in segment 𝑘; 

𝑎(𝑘,𝑙) and 𝑏(𝑘,𝑙) -coefficients of the harmonic basis functions; 

𝑝    -number of seasonal changepoints; 

𝜉𝑘    -temporal location of the 𝑘-th changepoint; 

 

with, 

ΘS = {𝑝} ∪ {𝜉𝑘}𝑘=1
𝑝

∪ {𝐿𝑘}𝑘=0
𝑝

∪ {𝑎𝑘,𝑙 , 𝑏𝑘,𝑙}𝑘=0,…,𝑝;;𝑙=1,…,𝐿𝑘
. (3) 

 

These parameters are estimated within the Bayesian framework, which allows probabilistic 

inference and robust uncertainty quantification. The seasonal harmonic order was allowed to vary 

between 1 and 5, while the number of seasonal changepoints was constrained to 0–10. A minimum 

separation of six monthly observations was imposed between adjacent seasonal changepoints. These 

settings allow changes in seasonal amplitude and structure to be identified while limiting 

unrealistically short seasonal segments.   

3.2.2. Trend Component 

The long-term trend component 𝑇(𝑡) is modeled as a piecewise linear function with 𝑚 

changepoints located at 𝜏𝑗, where 𝑗 =  1, … , 𝑚. These changepoints divide the time series into 

(𝑚 + 1) intervals [𝜏𝑗 , 𝜏𝑗+1], with 𝜏0  =  𝑡0 and 𝜏𝑚+1  =  𝑡𝑛. The trend model within each segment 

defined as in Eq. (4). 

 

𝑇(𝑡) = 𝑎𝑗 + 𝑏𝑗𝑡, 𝜏𝑗 ≤ 𝑡 ≤ 𝜏𝑗+1, 𝑗 = 0, 1, … , 𝑚. (4) 

where:  

𝜏𝑗   -temporal location of the 𝑗-th changepoint; 

𝑎𝑗   -intercept of segment 𝑗; 

𝑏𝑗   -slope of segment 𝑗; 

𝑚   -number of trend changepoints, 
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with, 

𝛩𝑇 = {𝑚} ∪ {𝜏𝑗}
𝑗=1,…,𝑚

∪ {𝑎𝑗 , 𝑏𝑗}
𝑗=0,…,𝑚

. (5) 

These parameters must be estimated to characterize the number and locations of structural changes, 

as well as the corresponding linear behavior within each segment. Estimating these parameters 

involves balancing model flexibility with interpretability. The polynomial order of the trend was 

restricted to 0–1, corresponding to constant or linear behavior within each segment. The number of 

trend changepoints was allowed to range from 0 to 50, with a minimum separation of six monthly 

observations between adjacent changepoints. 

3.2.3 Outlier Component 

An outlier component was incorporated to distinguish isolated extreme observations from 

persistent changes in the trend or seasonal components. In the BEAST framework, an observation 

may be represented by the outlier component when its deviation from the underlying trend-seasonal 

structure is sufficiently large relative to the estimated residual variation. The outlier component was 

enabled, with the number of potential outlier changepoints constrained to 0–10. The outlier detection 

threshold was controlled using an outlier significance factor of 2.5. 

Outlier occurrence was evaluated probabilistically using the posterior outlier probability. 

Therefore, an observation identified by the outlier component is interpreted as an observation with 

posterior support for being an isolated departure from the underlying model, rather than automatically 

being treated as an erroneous measurement. This distinction is important for rainfall data because 

extreme precipitation may represent genuine meteorological events rather than measurement errors. 

 

3.3. Parameter Strategies 

In the BEAST framework, the full set of parameters {Θs, ΘT, ΘO} is partitioned into two categories 

for estimation, namely the model structure 𝑀 and the parameter vector 𝛽𝑀, as shown in Eq. (6). The 

model structure 𝑀 defines the configuration of the time series decomposition including the number 

and temporal locations of trend and seasonal changepoints, the harmonic orders of the seasonal 

segments, and the configuration of the outlier component shown in Eq. (7). Conditional on a model 

structure, the parameter vector 𝛽𝑀 contains the coefficients required to represent the corresponding 

trend and seasonal basis functions as defined in Eq. (8).  

 

{𝛩𝑇 , 𝛩𝑆 , 𝛩𝑂} = {𝑀, 𝛽𝑀}. (6) 

 

𝑀 = {𝑚} ∪ {𝜏𝑗}
𝑗=1,…,𝑚

∪ {𝑝} ∪ {𝜉𝑘}𝑘=1,…,𝑝 ∪ {𝐿𝑘}𝑘=0,…,𝑝 ∪ 𝑀𝑂 . (7) 

𝛽𝑀 = {𝑎𝑗 , 𝑏𝑗}
𝑗=0,…,𝑚

∪ {𝑎𝑘,𝑙 , 𝑏𝑘.𝑙}𝑘=0,…,𝑝,𝑙=1,…,𝐿𝑘
∪ 𝛽𝑂 . (8) 

 

After regrouping, the general linear BEAST model (Eq. (1)) defined in Eq. (9). 

𝑦(𝑡𝑖) = 𝑥𝑀(𝑡𝑖)𝛽𝑀 + 𝜀𝑖 . (9) 

where 𝑥𝑀(𝑡𝑖) represents the basis functions determined by the model structure 𝑀, including the trend 

and seasonal basis functions, while the outlier configuration is incorporated into the model structure, 

and 𝜀𝑖 denotes the residual error. 

Model selection involves identifying the optimal model structure M. This includes determining 

the number and timing of changepoints as well as the appropriate level of harmonic complexity. This 

problem is analogous to variable selection in linear regression but is considerably more complex due 

to the combinatorial nature of possible model configurations. Therefore, this high-dimensional model 

selection problem is addressed within a Bayesian framework. 
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3.4. Bayesian Inference for Model Optimization 

The Bayesian framework treats all unknown values as random variables, including the model 

structure 𝑀, the parameter vector 𝛽𝑀, and the residual variance 𝜎2. Given the observed data 𝐷, the 

objective is to estimate the posterior distribution of these quantities rather than relying on point 

estimates. According to Bayes’ theorem, the posterior distribution is given by Eq. (10). 

𝑝(𝛽𝑀 , 𝜎2, 𝑀|𝐷) ∝ 𝑝(𝐷|𝛽𝑀, 𝜎2, 𝑀)𝜋(𝛽𝑀 , 𝜎2, 𝑀),  (10) 

with the likelihood function in Eq. (11) and prior distribution in Eq. (12): 

𝑝(𝐷|𝛽𝑀 , 𝜎2, 𝑀) = ∏ 𝒩(𝑦𝑖|𝑥𝑀(𝑡𝑖)𝛽𝑀, 𝜎2)

𝑛

𝑖=1

. 
(11) 

𝜋(𝛽𝑀 , 𝜎2, 𝑀) = 𝜋(𝛽𝑀 , 𝜎2|𝑀)𝜋(𝑀), (   (12) 

where: 

𝐷   -the observed dataset; 

𝑀   -model structure; 

𝛽𝑀   -parameter vector under model 𝑀; 

𝜎2    -residual variance; 

𝑝(𝐷| ∙ )   -likelihood function; 

𝑥𝑀(𝑡𝑖)   -basis functions defined by 𝑀; 

𝜋(𝛽𝑀 , 𝜎2|𝑀)  -conditional prior distribution; 

𝜋(𝑀)  -prior distribution over model structures. 

Due to limited prior information, a weakly informative prior is adopted. Specifically, a normal–

inverse-gamma distribution is used for the conditional prior 𝜋(𝛽𝑀, 𝜎2 ∣ 𝑀), allowing flexible 

modeling of parameter uncertainty. In addition, the prior 𝜋(𝑀) assumes that the number of 

changepoints follows a discrete distribution over non-negative integers with equal prior probability 

(Zhao et al., 2019). 

The posterior distribution 𝑝(𝛽𝑀 , 𝜎2, 𝑀 ∣ 𝐷)is explored using a hybrid sampling approach. This 

approach combines Reverse-Jump MCMC for model selection with Gibbs sampling for parameter 

updates. This strategy enables efficient exploration of the posterior space while maintaining 

convergence and stability of the estimation process (Zhao et al., 2019). 

4. RESULTS 

4.1. Data Exploration 

The monthly rainfall time series for Jakarta over the period 1864–2024 is presented in Fig. 3. 

The mean monthly rainfall is 157.66 mm, with a standard deviation of 137.07 mm, indicating 

substantial variability. Rainfall values range from 0 mm to 1,066.11 mm, reflecting the presence of 

both dry conditions and extreme precipitation events.  

An increasing tendency in average monthly rainfall is observed toward the 2020s (Fig. 3). This 

trend provides a basis for further analysis of seasonal and long-term variations. Throughout the 

observation period, several extreme rainfall events exceeding 600 mm per month were identified. The 

most extreme event occurred in February 2020, when monthly rainfall reached 1,066.11 mm. 

These results confirm that Jakarta’s rainfall regime is strongly influenced by the monsoonal 

climate, consistent with Aldrian and Susanto (2003). Peak rainfall occurs during January and 

February, as shown in Fig. 4. Variability during these months is higher, as indicated by the wider 

interquartile range and longer whiskers in the boxplot. 
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Fig. 3. Monthly rainfall time series (mm) in Jakarta for the period 1864–2024, illustrating long-term 

variability, seasonal fluctuations, and extreme events. 

 

 

 

Fig. 4. Boxplot distribution of monthly rainfall (mm) in Jakarta for 1864–2024, showing the median, 

interquartile range (IQR), and outliers, highlighting strong seasonality with peak rainfall in January–February 

and minimum rainfall in August. 

 

In contrast, the driest conditions occur in August and September, during which zero rainfall is 

occasionally observed. However, outliers are also present in these months, suggesting the occurrence 

of anomalous rainfall events during the dry season. These anomalies suggest increasing variability 

and potential shifts in seasonal rainfall behavior.  
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4.2. BEAST Results 

The BEAST model was applied to Jakarta’s monthly rainfall data to detect changepoints and 

estimate their associated probabilities, enabling the characterization of long-term rainfall dynamics. 

The dataset consists of 1,932 observations with a regular monthly temporal resolution. The time series 

was decomposed into seasonal, trend, and outlier components, as expressed in Eq. (13): 

𝑦(𝑡) = 𝑆(𝑡) + 𝑇(𝑡) + +𝑂𝑡 + 𝜀(𝑡). (13) 

Three independent chains were run, with 3,000 retained samples per chain, a burn-in period of 

150 iterations, and a thinning factor of 1. The random-number seed was fixed at 123 to ensure 

reproducibility. Based on this configuration, the total number of explored candidate structures is given 

in Eq. (14).  

𝑁 = (burnin + samples × thinning factor) × number of chains. (14) 

With these settings, the total number of MCMC iterations across the three chains was 9,450, 

including the burn-in iterations. The maximum changepoint movement step was set to 12 

observations. The resampling probabilities for the trend and seasonal polynomial/harmonic orders 

were set to 0.10 and 0.17, respectively. Posterior credible intervals were calculated at the 95% level. 

The seasonal and trend components were constrained to have a minimum segment length of six 

monthly observations, while the first and last six observations were excluded from consideration as 

changepoint locations. 

The final BEAST model achieved an 𝑅2 of 0.5814 and RMSE of 88.86 mm. These values indicate 

a reasonable in-sample representation of the observed rainfall series. The fitted model explicitly 

include an outlier component, allowing isolated extreme observations to be distinguished from 

persistent structural changes in the trend and seasonal components.  

Fig. 5 presents the BEAST decomposition results provide a comprehensive representation of 

Jakarta’s rainfall dynamics. The top panel shows the original time series (black), while the second 

panel (red) illustrates the seasonal component with the probability of changepoints (third panel). 

Seasonal component characterized by sinusoidal fluctuations that reflect recurring annual patterns in 

rainfall intensity. The fourth panel (green) shows the trend component with the probability of 

changepoints (fifth panel), whereas describes longer-term temporal variation. The sixth panel 

illustrates the direction (slope) of change in the trend component, where red indicates an increasing 

trend, green denotes stability, and blue represents a decreasing trend. The inclusion of the outlier 

component (last panel) allows isolated departures from these underlying structures to be represented 

separately.  

The decomposition indicates that rainfall dynamics were relatively stable over much of the early 

record, followed by increasingly dynamic behavior during the later decades. The posterior distribution 

of the model structure indicates that for the trend component. The posterior mean number of 

changepoints was 2.47, with a median and mode of 2, while the 90th percentile was four. These 

indicating uncertainty in the number of structural changes beyond the two most probable changes. 

For the seasonal component, the posterior distribution provides weaker evidence for persistent 

seasonal structural changes than for trend changes. The posterior mean number of changepoints was 

0.625, with a median and mode of 0, while the 90th percentile was 2. Nevertheless, individual 

candidate seasonal changepoints receive non-negligible posterior support. This indicates that the 

evidence for seasonal structural changes is concentrated around specific periods rather than 

supporting a uniformly changing seasonal regime throughout the 161-year record. 
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Fig. 5. Time series decomposition and changepoint detection using the BEAST model, showing the original 

data, seasonal component, trend component, structural changes, and outlier component. 

 

4.2.1. Seasonal Component 

The seasonal component exhibits a pronounced annual cycle throughout the observation period. 

The strongest positive seasonal contributions occur during January and February and the lowest 

contributions occurring during the dry-season months. The seasonal signal remained relatively stable 

until the early 2000s. The posterior changepoint probabilities were therefore used to rank candidate 

seasonal changepoints rather than treating all potential changepoints as equally supported. 

As summarized in Table 1, the major scp were identified. The strongest posterior supported 

seasonal transition occurred in January 2014, with a posterior probability of 29.33% and an estimated 

abrupt change of 214.28 mm. The 95% credible interval for its timing extends from approximately 

July 2013 to January 2014. A second seasonal changepoint was identified in December 2015, with a 

posterior probability of 21.16% and an estimated abrupt change of 79.20 mm. Its 95% credible 

interval extends from approximately June 2015 to January 2016. A lower-probability candidate was 

detected around August 2014, with a posterior probability of 3.54% and an estimated negative change 

of 36.27 mm. 

The magnitude of the estimated change in January 2014 is substantially larger than that associated 

with the December 2015 changepoint. This indicates that the 2014 transition represents the stronger 

modification of the seasonal structure, whereas the later 2015 transition is more appropriately 

interpreted as a subsequent adjustment of the seasonal regime. Importantly, these posterior 

probabilities represent uncertainty in the occurrence of individual changepoints, they should not be 

interpreted as conventional hypothesis-testing significance levels. 
Table 1. 

Seasonal changepoints detected by the BEAST model for Jakarta (1864–2024). 

scp Year Month Prop Abrupt change (mm) Credible Interval 

1 2014 January 0.293 214.28 July 2013–January 2014 

2 2015 November 0.212 79.20 June 2015–January 2016  

3 2014 August 0.035 -36.27 May–October 2014 
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4.2.2. Trend Component 

The reconstructed trend suggests relatively weak changes during the early portion of the record, 

followed by increasingly dynamic behavior during the latter part of the 20th century and especially 

after 2010. The sixth panel (Fig. 5) illustrates the direction of change in the trend component, whereas 

the trend remained relatively stable until the 1980s, as indicated by the predominance of green 

shading. After this period, an increasing trend becomes evident. Thereafter, the increasing extent of 

red shading reflects a gradual upward trend that persisted into the 2010s. A second upward phase is 

observed around 2020, following the seasonal changepoints identified earlier. However, this is 

followed by a transition toward a declining trend, as indicated by the emergence of blue shading.  

The posterior distribution of the trend changepoint number indicates a median and modal value 

of two changepoints, with a 90th percentile is four changepoints. This demonstrates that the posterior 

distribution retains uncertainty regarding additional structural changes. Consequently, the candidate 

changepoints should be interpreted according to their posterior probabilities rather than as a fixed set 

of independent regime shifts. 

Table 2 presents the highest-ranked candidates tcp with probabilities greater than 4%, 

representing the most strongly supported structural shifts identified by the BEAST model. The most 

strongly supported candidate changepoint in January 2020, with a posterior probability of 83.56% 

and a 95% credible interval spanning approximately July 2019 to January 2020. This changepoint 

was associated with an estimated upward shift in the trend component of 121.02 mm relative to the 

preceding period. Another notable changepoint was identified in August 2020, with a posterior 

probability of 25.46% and a credible interval extending from approximately July to October 2020, 

corresponding to an estimated positive shift of 36.06 mm. Earlier candidate changepoints were 

detected around February 2013 (7.12% probability), December 2003 (5.99%), and December 2007 

(4.66%), although their abrupt changes were substantially smaller than those associated with the 2020 

transition. 
Table 2. 

Trend changepoints detected by the BEAST model for Jakarta (1864–2024). 

tcp Year Month Prop Abrupt change (mm) Credible Interval 

1 2020 January 0.8356 121.02 July 2019–January 2020 

2 2020 August 0.2546 36.06 July–October 2020 

3 2013 Feb 0.0712 0.56 August 2012–August 2013 

4 2003 December 0.0599 0.68 February 2003–March 2004 

5 2007 December 0.0466 0.35 June 2007–March 2008 

6 1975 July 0.0436 0.34 May–October 1975 

 

4.2.3. Outlier Component 

The outlier component was included to distinguish isolated extreme observations from persistent 

changes in the underlying trend and seasonal structures. Unlike the trend and seasonal components, 

which represent persistent temporal structures and their associated changepoints, the outlier 

component is intended to capture localized departures at individual observations. Therefore, candidate 

outlier locations are not interpreted as changes between persistent rainfall regimes. Several individual 

observations received substantial posterior support for being isolated departures from the underlying 

trend-seasonal structure.  

The posterior distribution of the outlier component identified several candidate outlier locations 

across the 161-year observation period. The highest posterior support was obtained for January 1979, 

with an outlier changepoint probability of 92.49%, followed by January 1963 with a probability of 

82.72% (Table 3). Other candidate locations included January 2002 (68.11%), January 1872 

(67.92%), and January 1965 (61.83%). The February 2020 observation also received substantial 

posterior support, with an outlier changepoint probability of 56.63%.  
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                                                                                                         Table 3. 

Highest-ranked candidate outlier locations identified by the BEAST model  

for Jakarta (1864–2024). 

Rank Year Month Outlier changepoint probability 

1 1979 January 0.9249 

2 1963 January 0.8272 

3 2002 January 0.6811 

4 1872 January 0.6792 

5 1965 January 0.6183 

6 1926 February 0.5751 

7 1903 February 0.5721 

8 2020 February 0.5663 

9 1949 January 0.5269 

10 1940 January 0.5206 

The distribution of candidate outlier locations across different periods indicates that isolated 

departures from the underlying rainfall structure are not restricted to the most recent part of the record. 

In particular, the high posterior support for several observations before 2000 suggests that extreme 

deviations have occurred throughout the historical record rather than being a phenomenon exclusive 

to recent decades.  

The February 2020 observation is of particular interest because it corresponds to the maximum 

monthly rainfall recorded in the dataset, at 1,066.11 mm. Its posterior outlier changepoint probability 

of 56.63% indicates that the observation received substantial support as a localized departure from 

the underlying trend-seasonal structure. However, this result should not be interpreted as evidence 

that the February 2020 event caused the January 2020 trend changepoint. Instead, the two results 

describe different aspects of the time series: the trend changepoint represents a potential change in 

the underlying long-term rainfall behavior, whereas the outlier component identifies an observation 

that is unusually large relative to that underlying structure. 

4.3.4 Sensitivity of BEAST Results to the Outlier Component 

To assess the robustness of the detected changepoints to the treatment of extreme observations, 

the BEAST model was fitted under two specifications: without an explicit outlier component and with 

an outlier component. The comparison presents in Table 4, focused on the posterior probabilities and 

magnitudes of the principal trend and seasonal changepoints. 

The inclusion of the outlier component reduced the posterior support for the most strongly 

supported candidate trend changepoint around January 2020. Without the outlier component, the 

January 2020 changepoint had a posterior probability of 71.04% and an estimated abrupt change of 

55.96 mm. After including the outlier component, the same changepoint remained identifiable around 

January 2020, but its posterior probability decreased to 83.56%, with an estimated abrupt change of 

121.02 mm. This reduction indicates that the exceptionally large rainfall observations around the 

2019–2020 period contribute to the statistical evidence for the detected trend transition. However, the 

persistence of the changepoint after explicitly accounting for outliers indicates that the transition is 

not entirely attributable to isolated extreme observations. 

A similar pattern was observed for the seasonal component. The dominant seasonal changepoint 

remained around January 2014 under both model specifications, although its posterior probability 

decreased from 53.17% without the outlier component to 29.3% when the outlier component was 

included. The second seasonal transition also remained around 2015–2016, with its posterior 

probability decreasing from 25.06% to 21.16%. Thus, accounting for isolated extreme observations 

weakened the posterior evidence for the detected seasonal transitions but did not change their 

approximate timing. 

The model including the outlier component also produced a lower RMSE (88.86 mm) than the 

model without the outlier component (95.08 mm), together with a higher 𝑅2 (0.581 compared with 

0.519). This indicates that explicitly accounting for isolated extreme observations improved the 
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representation of the observed rainfall variability. Overall, the sensitivity analysis demonstrates that 

the principal changepoints identified by BEAST are partly influenced by extreme observations, 

particularly around 2020, but their temporal patterns remain broadly identifiable after the outlier 

component is incorporated. 
Table 4. 

Sensitivity of the principal changepoints to the outlier component 

Component Changepoint 
Model 

No outlier With outlier 

Model fit 
RMSE (mm) 95.08 89.10 

𝑅2 0.519 0.581 

Trend January 2020 71.04% / 65.61 83.56% / 121.02 

Seasonal 
January 2014 53.17% / 251.17 29.3% / 214.28 

January 2016 25.06% / 160.07 21.16% / 79.20 

Note: For changepoints, values are reported as posterior probability (%) / 

abrupt change (mm). 

The model including the outlier component provided a better in-sample representation of the 

observed rainfall variability, as indicated by the lower RMSE and higher 𝑅2. At the same time, the 

reduction in posterior probabilities and abrupt-change magnitudes demonstrates that the treatment of 

extreme observations affects the strength of evidence for the detected changepoints, particularly 

around 2020. 

5. DISCUSSION  

 The BEAST analysis reveals that Jakarta’s monthly rainfall exhibits pronounced non-stationary 

behavior characterized by both gradual trends and abrupt structural changes. The most strongly 

supported candidate trend transition was identified around January 2020, with a posterior probability 

of 83.56% in the final model that explicitly accounts for isolated outliers. The seasonal component 

exhibited two principal transitions around January 2014 and January 2016, with posterior probabilities 

of 29.3% and 21.16%, respectively. These probabilities should be interpreted as measures of posterior 

support for candidate changepoint locations rather than as deterministic evidence of a climate-regime 

transition. The results therefore indicate that rainfall dynamics in Jakarta have changed over time, 

while also demonstrating substantial uncertainty in the exact timing and strength of these structural 

changes. 

The detected changepoints correspond closely with documented hydrometeorological events, 

providing empirical support for model results. In particular, the high-probability changepoints around 

2012–2014 coincide with major flood events reported in Jakarta, while the 2019–2020 transition 

aligns with one of the most extreme rainfall episodes in recent decades. This temporal agreement 

highlights the ability of the BEAST framework to detect structurally meaningful changes that are not 

merely statistical artifacts but reflect real-world climate variability. 

The temporal correspondence between the detected changepoints and documented 

hydrometeorological events provides useful contextual support for their interpretation. The seasonal 

transition around 2014 occurs close to a period characterized by major rainfall and flooding events in 

Jakarta, while the subsequent transition around 2016 follows the exceptional hydroclimatic conditions 

observed during 2015. The relatively large abrupt change associated with the 2014 seasonal transition 

(214.28 mm) compared with that of the 2016 transition (79.20 mm) suggests that the first transition 

represents the more substantial modification of the seasonal rainfall structure. The later transition may 

therefore represent an adjustment or stabilization of the seasonal regime rather than the emergence of 

an entirely independent seasonal pattern. This interpretation is consistent with the finding of An et al. 

(2023), who showed that seasonal rainfall variability over Indonesia is strongly modulated by ENSO, 

with changes in rainfall intensity and frequency occurring across different ENSO phases. The 

exceptional hydroclimatic conditions during 2015 were also associated with the concurrent influence 

of a strong El Niño, a positive Indian Ocean Dipole, and suppressed Madden–Julian Oscillation 



 Fadilah Karamun Nisaa NADIYAH, Sri NURDIATI, I Wayan MANGKU, Mohamad Khoirun NAJIB and … 58 

activity (Islam et al., 2018). Although these studies provide a plausible climatological context for the 

detected seasonal transitions, the present analysis does not directly test the relationship between the 

changepoints and ENSO or IOD indices. Therefore, the observed temporal correspondence should 

not be interpreted as evidence of direct causality. 

The long-term trend provides additional evidence of substantial temporal variability in Jakarta 

rainfall. The reconstructed trend indicates relatively limited changes over much of the earlier record, 

followed by increasing variability and more pronounced trend changes from the latter part of the 

twentieth century onward. Notably, an early structural change identified by BEAST occurs around 

1972–1973 (with probability 3.9%), closely corresponding to the significant changepoint detected 

independently by the Pettitt test around 1972. This temporal agreement is important because the Pettitt 

test identifies the same broad period without relying on the BEAST decomposition. The period also 

coincides with the strong 1972 El Niño, which was associated with substantial reductions in rainfall 

over Indonesia through changes in sea-surface temperature, Walker circulation, and atmospheric 

convection (Iskandar et al., 2019). Thus, the correspondence between the statistical changepoints and 

the documented 1972 hydroclimatic anomaly provides supporting evidence that the detected 

structural change is not necessarily an artifact of the statistical decomposition. Nevertheless, the 

present study does not establish that the 1972 El Niño caused the detected change. This pattern is 

consistent with regional observations across Mainland Southeast Asia, where increased atmospheric 

moisture and intensified monsoon dynamics have contributed to higher rainfall variability since the 

late 20th century (Skliris et al., 2022).  
The most recent trend transition around January 2020 requires particular consideration because 

it coincides with an exceptionally wet period in Jakarta. The January–February 2020 period included 

extreme rainfall observations, with February 2020 recording the highest monthly rainfall in the 

observational series at 1,066.11 mm. The event therefore represents an important potential influence 

on the estimated structural change. The atmospheric conditions associated with the extreme rainfall 

in early 2020 have previously been linked to the interaction of a cross-equatorial northerly surge, 

equatorial waves, and an active Madden–Julian Oscillation (MJO), which enhanced moisture 

convergence over northwestern Java (Lubis et al. 2022). Muhammad et al. (2021) likewise 

demonstrated the important role of the Madden–Julian Oscillation in modulating extreme rainfall over 

Indonesia. These findings are particularly relevant to the present study because the strongest recent 

structural changes occur close to the period containing the exceptional rainfall observed in early 2020. 

Rather than treating the extreme event as synonymous with a structural changepoint, the results 

suggest that short-lived extreme rainfall and longer-term changes in the underlying rainfall structure 

may coexist. 

This distinction is further supported by the sensitivity analysis. When the outlier component was 

incorporated into BEAST, the statistical support for the 2020 trend transition was reduced, indicating 

that the extreme observations around this period contribute to the strength of the detected structural 

signal. However, the transition was not completely removed. This suggests that the 2020 change 

cannot be interpreted simply as the consequence of a single record-breaking rainfall observation. 

Instead, the extreme event appears to be superimposed on a period in which the underlying rainfall 

behavior was also changing. This interpretation is consistent with the broader climatological literature 

showing that extreme precipitation events can arise from short-term atmospheric processes while 

occurring within longer-term changes in rainfall variability (Lubis et al., 2022; Muhammad et al., 

2021). 

In addition to large-scale climate influences, rapid urbanization in Jakarta may have contributed 

to localized modifications in rainfall patterns. On a global scale, sustained warming since the 1970s 

has increased atmospheric moisture and made extreme rainfall events more likely (IPCC, 2014). 

Similar patterns have been observed in the United States (Knutson et al., 2013a; Kunkel et al., 2013; 

Sillmann et al., 2013), Australia and the Western Pacific (Knutson et al., 2013b), Korea (Min et al., 

2014), and across the broader tropical belt (Berg et al., 2009). Urban heat island effects, land-use 

changes, and increased surface roughness can alter atmospheric convection and precipitation 
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processes. The interaction between global climate variability and local urban processes may therefore 

amplify the complexity of rainfall dynamics observed in the time series. 

From a methodological perspective, the results demonstrate the importance of distinguishing 

structural changes from isolated extreme observations when analyzing long historical rainfall records. 

A conventional changepoint analysis may identify a strong transition around an extreme event without 

distinguishing whether the event represents a persistent change in the underlying process or an 

isolated departure. By incorporating an explicit outlier component, BEAST provides a means of 

evaluating this distinction probabilistically. The sensitivity analysis in the present study shows that 

the strength of the detected recent transition changes when extreme observations are treated 

separately, emphasizing the importance of accounting for exceptional events when interpreting long-

term rainfall changes.  
These findings highlight the importance of adopting flexible, non-stationary frameworks in flood 

risk assessment and infrastructure design to account for sudden shifts in rainfall patterns driven by 

climate change. In particular, reliance on conventional stationary assumptions may lead to systematic 

underestimation of flood risk in rapidly urbanizing regions such as Jakarta, underscoring the need to 

incorporate non-stationary modeling approaches into urban climate risk assessment frameworks.  

Despite these contributions, several limitations should be acknowledged. This study relies on a 

single-station rainfall dataset, which may not fully capture spatial variability across the Jakarta 

metropolitan area. Additionally, the analysis focuses on statistical detection of changepoints without 

explicitly attributing them to specific physical drivers. Future research should integrate multi-station 

datasets, climate indices, and land-use information to better understand the mechanisms underlying 

rainfall variability. 

Overall, the results demonstrate that rainfall variability in Jakarta is governed by complex 

interactions between long-term climate trends, abrupt changes, and seasonal dynamics. The 

application of a Bayesian changepoint framework provides a robust approach for uncovering these 

patterns and offers valuable insights for climate risk assessment in rapidly urbanizing tropical regions. 

6. CONCLUSIONS 

This study characterized the long-term variability and structural changes in monthly rainfall over 

Jakarta using a 161-year record spanning 1864–2024 and the Bayesian Estimator of Abrupt Change, 

Seasonality, and Trend (BEAST). The results demonstrate that the rainfall series exhibits persistent 

seasonal variability accompanied by temporal changes in both the long-term trend and seasonal 

structure, indicating that the rainfall regime has not remained stationary throughout the observation 

period.  

The BEAST analysis identified probabilistic structural changepoints in both the trend and 

seasonal components. The principal trend transition occurred around 2020, while the seasonal 

component exhibited notable changes around 2014 and 2016. These findings indicate that changes in 

Jakarta rainfall have occurred not only in its long-term behavior but also in the magnitude of its 

seasonal cycle. The detected changepoints provide evidence of non-stationary rainfall behavior and 

highlight periods in which the underlying rainfall structure changed substantially. 

The analysis also identified isolated extreme observations through the explicit outlier component. 

The sensitivity analysis showed that accounting for these extreme observations reduced the posterior 

support and magnitude of several detected changepoints, particularly the transition around 2020. 

Nevertheless, the principal structural changes remained identifiable after the outlier component was 

incorporated. This indicates that extreme observations influence the strength of the detected structural 

changes but do not fully account for the observed non-stationary behavior. 

Overall, the findings demonstrate that the long-term Jakarta rainfall record is characterized by 

changing trend and seasonal structures together with isolated extreme observations. The combination 

of probabilistic changepoint detection and explicit outlier treatment therefore provides a useful 

framework for distinguishing persistent changes in rainfall behavior from individual extreme events 

and can support subsequent non-stationary rainfall and extreme-value analyses. 
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Future research should extend this framework by integrating climate drivers, such as sea surface 

temperature variability and large-scale climate indices. It should also incorporate land-use changes to 

better explain the mechanisms underlying rainfall variability. Furthermore, expanding the analysis to 

multi-station datasets would enhance the robustness and generalizability of the findings. 
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