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Bengkulu City is a region in Indonesia that is particularly vulnerable to 
shifts in rainfall patterns, which can have significant impacts on the 
agricultural sector, water resource management, and disaster 
mitigation. The uncertainty in rainfall patterns often complicates long-
term planning. Hence, it is necessary to adopt a statistical approach that 
can model and predict rainfall characteristics with greater accuracy. This 
research aims to develop a Markov Chain model to represent the daily 
rainfall regime in Bengkulu City. The daily rainfall data are categorized 
into rainfall intensity states, namely: no rain, light, moderate, heavy, or 
very heavy rainfall. By leveraging historical daily rainfall data, this model 
is expected to identify the transition probabilities between these states. 
Based on the obtained steady-state probabilities, it can be concluded that 
regardless of today’s rainfall condition in Bengkulu City, the long-term 
probabilities for the weather are as follows: 38% for no rain, 43% for 
light rain, 13.8% for moderate rain, 4.2% for heavy rain, and 1% for very 
heavy rain. 
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1. Introduction 

 

Rainfall is one of the main components of the climate system that significantly influences various 

sectors, particularly agriculture, water resources, and the mitigation of hydrometeorological 

disasters such as floods and landslides (Elkenawy et al., 2024). Rainfall refers to the amount, 

intensity, duration, and spatial distribution of liquid precipitation resulting from the condensation 

of atmospheric water vapor within clouds, typically measured in units of depth (e.g., millimeters) 
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over a specified time period and area (Dunkerley, 2023). One millimeter of rainfall corresponds to 

one liter of water falling on each square meter of area (1 L/m²) (Dunkerley, 2023). According to 

the Meteorology, Climatology, and Geophysics Agency (BMKG), rainfall is classified into four 

categories: light rain (1–20 mm/day), moderate rain (20–50 mm/day), heavy rain (50–100 

mm/day), and very heavy rain (greater than 100 mm/day). 

  In a given region, rainfall intensity varies periodically due to atmospheric and climatic 

factors. In this context, weather monitoring instruments play a crucial role in providing accurate 

meteorological data for climate analysis and forecasting (Putra et al., 2024). Furthermore, 

understanding rainfall characteristics is essential for human survival, particularly in relation to food 

security, water availability, and disaster risk reduction (Elkenawy et al., 2024). Therefore, a system 

capable of forecasting rainfall using accumulated meteorological data is required. Anticipating 

potential events or disasters caused by extreme weather conditions can be supported by reliable 

forecasting systems and the meteorological data currently available (Putra et al., 2024).  

  In Bengkulu City, climate change—characterized by increasing instability in rainfall 

patterns—has posed growing challenges for agricultural planning, water resource management, 

and disaster mitigation. Moreover, the geographical condition of Bengkulu, which lies along the 

western coast of Sumatra Island, contributes to high and fluctuating rainfall intensity throughout 

the year (Maharani et al., 2025). Such coastal tropical regions are widely recognized as areas with 

complex rainfall variability influenced by atmospheric circulation and ocean–atmosphere 

interactions (Elkenawy et al., 2024). 

  A predictive model for rainfall is crucial to assist stakeholders in planning and risk 

mitigation efforts. One effective statistical approach for modeling discrete weather events is the 

Markov Chain model. This model enables the analysis of transition probabilities between weather 

states, such as rainy and non-rainy conditions, based on the weather status of the previous day. By 

utilizing the Markov Chain model, information on rainfall patterns can be transformed into 

probabilistic events, thereby facilitating short-term rainfall forecasting and supporting risk-based 

decision-making (Elkenawy et al., 2024). 

  Various previous studies have demonstrated the reliability of the Markov Chain model in 

predicting weather transition probabilities and rainfall patterns across different regions. In 

Indonesia, several studies have successfully applied Markov Chain models to analyze rainfall 

characteristics and transition probabilities between different rainfall states. For example, a study 

conducted in Semarang City showed that the Markov Chain model can effectively estimate the 

probability of transitions between different rainfall intensity states and identify steady-state rainfall 

patterns useful for flood risk anticipation (Tsani et al., 2024). Similarly, research in Makassar 

applied a Markov Chain model with an empirical Bayesian approach to describe rainfall 
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characteristics such as transition probabilities, duration of wet and dry periods, and recurrence 

intervals of rainfall events (Sanusi, 2024). Studies in other Indonesian regions, such as Gorontalo, 

have also demonstrated that rainfall conditions can be effectively modeled using discrete states 

(dry, moist, and wet) within a Markov Chain framework to analyze rainfall persistence and 

transition behavior (Nasib et al., 2022). 

  Further research conducted in Padang indicated that the Markov Chain method can be used 

to analyze rainfall patterns and estimate the probability of future rainfall conditions based on 

historical rainfall data obtained from BMKG stations (Arshinta & Ahmad, 2019). In Ambon City, 

rainfall prediction using Markov Chain modeling also demonstrated stable transition patterns 

among rainfall intensity categories, which can support decision-making for fisheries and climate 

adaptation planning (Rumeon et al., 2025) 

  Although these studies confirm the usefulness of Markov Chain approaches for rainfall 

modeling in several Indonesian regions, most existing research still focuses on specific cities or 

monthly rainfall datasets. Comprehensive stochastic modeling of daily rainfall patterns in coastal 

regions along the western coast of Sumatra, such as Bengkulu City, which is strongly influenced 

by atmospheric circulation from the Indian Ocean, remains limited in the existing literature. 

Therefore, this study aims to address this gap by applying a five-state Markov Chain model (no 

rain, light rain, moderate rain, heavy rain, and very heavy rain) to represent the daily rainfall 

dynamics associated with the microclimate characteristics of Bengkulu City. This study differs 

from previous research by incorporating daily rainfall data in Bengkulu City, the model includes a 

5-state model, and followed by validation approach. 

 

  This study focuses on the development of a Markov Chain model to represent the daily 

rainfall pattern in Bengkulu City. The modeling of transition probabilities for daily rainfall intensity 

is formulated using a first-order Markov Chain.  

The selection of a first-order model is predicated on the principle of parsimony to ensure 

the reliability of the probability estimations. Given that the observations comprise daily data over 

a five-year period (2020–2024), increasing the model to a second order or higher would 

exponentially expand the state space dimensions. This expansion could lead to a sparse matrix 

phenomenon, wherein numerous possible transitions between intensity states lack sufficient 

empirical frequency, thereby compromising the model's validity. Furthermore, a first-order model 

is deemed computationally adequate to capture the short-term weather dependencies that represent 

a dominant characteristic of daily rainfall fluctuations. The results are expected to serve as an initial 

step toward establishing a statistically based rainfall prediction system for the region, contributing 

to improved climate adaptation and disaster preparedness strategies. 
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2. Methods 

2.1 Data Source and Research Variables 

The data used in this study consist of daily rainfall measurements recorded once every 24 hours 

using a rain gauge and expressed in millimeters (mm). The daily rainfall data were obtained from 

the Meteorology, Climatology, and Geophysics Agency (BMKG). Specifically, this study utilized 

rainfall data from Bengkulu City, which were acquired from the BMKG Meteorological Station in 

Bengkulu through the official BMKG online database (Data Online - Direktorat Data Dan 

Komputasi BMKG, n.d.). The dataset contains the observation dates along with the corresponding 

daily rainfall amounts recorded on those dates. The data cover a five-year period, from 2020 to 

2024, consisting of a total of 1,850 observations. Table 1 presents a summary of the obtained 

rainfall data.  

 

Table 1. Research Data 

Date Average State 

1/1/2020 65.9 Heavy rain 

1/2/2020 11.7 Light rain 

1/3/2020 19.65 Light rain 

1/4/2020 1 Light rain 

1/5/2020 0 No rain 

1/6/2020 0.33 No rain 

1/7/2020 0 No rain 

1/8/2020 15.3 Light rain 

1/9/2020 17.8 Light rain 

1/10/2020 31.7 Moderate rain 

1/11/2020 29.5 Moderate rain 

1/12/2020 10 Light rain 

1/13/2020 32.5 Moderate rain 

1/14/2020 15.18 Light rain 

… … … 

12/31/2024 1.33 Light rain 

 

The daily rainfall data presented in Table 1 are expressed in millimeters (mm) and are categorized 

according to daily rainfall intensity. The classification of rainfall intensity follows the standard 

defined by the Meteorology, Climatology, and Geophysics Agency (BMKG), which consists of 

five categories: no rain (0 mm/day), light rain (1–20 mm/day), moderate rain (20–50 mm/day), 
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heavy rain (50–100 mm/day), and very heavy rain (>100 mm/day) (Sabrina et al., 2021). For 

example, during period 1, the recorded rainfall intensity was 65.9 mm, which is classified as heavy 

rain, whereas in period 2, the rainfall intensity was 11.7 mm, corresponding to the light rain 

category. 

 

For analytical convenience, each rainfall category is represented as a discrete state, namely state 0 

for no rain, state 1 for light rain, state 2 for moderate rain, state 3 for heavy rain, and state 4 for 

very heavy rain. This state-based classification is commonly adopted in rainfall modeling studies 

using Markov Chain approaches, where weather conditions are represented as transitions between 

discrete states over time. 

 

Based on this classification, the total number of observation days in each rainfall category is 701 

days with no rain, 795 days with light rain, 255 days with moderate rain, 79 days with heavy rain, 

and 19 days with very heavy rain. 

 

2.2 Data Analysis Technique 

 

The data analysis technique used to examine the rainfall pattern in Bengkulu City is the Markov 

Chain model. The following are the steps of the analysis, as adapted from the references (Karlin & 

Taylor, 2012) 

1.  Conduct descriptive statistical analysis and data plotting. 

2. Categorize the daily rainfall data in Bengkulu City based on the intensity of rainfall recorded 

each day, where the categories are labeled as follows: “No rain” = 0, “Light rain” = 1, “Moderate 

rain” = 2, “Heavy rain” = 3, “Very heavy rain” = 4, 

3. Construct a state transition table, which contains the number of transitions from state i to state j. 

 

Table 2. Number of Transition between state 

Transition Number 

of 

Transition 

Transition Number 

of 

Transition 

 Transition Number 

of 

Transition 

0 → 0 a 1 → 0 d … m → 0 g 

0 → 1 b 1 → 1 e … m → 1 h 

       

       

0 → m  1 → m  … m → m  

Total c  f …  l 
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The transition 0 → 0 indicates that, within a sequence of events, a transition occurs from state 0 to 

state 0. All such occurrences are counted and recorded in the table as a, and the same procedure 

applies to the other transitions accordingly. 

 

4. Calculating the Transition Probability Matrix 

In a Markov process, the transition probability matrix represents the likelihood of transitioning 

from one state to another (Pinsky et al., 2011). The probability that Xt + 1 is in state j given that Xt 

is in state i is referred to as the one-step transition probability and is denoted by 𝑃𝑖𝑗
𝑡,𝑡+1. This can be 

expressed as follows: 

𝑃𝑖𝑗
𝑡,𝑡+1 = 𝑃(𝑋𝑡+1 = 𝑗 ∣ 𝑋𝑡 = 𝑖) 

 

A Markov chain is said to have stationary (or time-homogeneous) transition probabilities when 

the one-step transition probabilities do not depend on the time variable t. In such a case, 

𝑃𝑖𝑗
𝑡,𝑡+1 = 𝑃𝑖𝑗

 

 

and 𝑃𝑖𝑗 represents the conditional probability that the system transitions from state i to state j in 

one step. Typically, these transition probabilities are arranged in the form of a transition probability 

matrix, as shown below:  

 

𝑃 =

[
 
 
 
 
𝑃00 𝑃01 𝑃02 … 𝑃0m

𝑃10 𝑃11 𝑃12 … 𝑃1m

𝑃20 𝑃21 𝑃22 … 𝑃2m

… … … … …
𝑃m0 𝑃m1 𝑃m2 … 𝑃mm]

 
 
 
 
 

 

A Markov matrix, also known as a transition probability matrix, represents the transition 

probabilities of a stochastic process and is denoted by 𝐏 = (𝑃𝑖𝑗). 

Each element 𝑃𝑖𝑗 of the matrix must satisfy the following conditions: 

a. 0 ≤ 𝑃𝑖𝑗 ≤ 1, for all 𝑖, 𝑗 = 0, 1, 2, … ,𝑚; 

b. 
∑ 𝑃𝑖𝑗

𝑚

𝑗=0
= 1,

 
𝑓𝑜𝑟 𝑎𝑙𝑙 𝑖, 𝑗 = 0, 1, 2, … ,𝑚,

  

which ensures that the total probability of transitioning from state 𝑖to all possible states equals 

one. 
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To construct the transition probability matrix, let ni denote the total number of observations in 

which the process occupies state i and let nij represent the number of transitions from state i to state 

j within one transition step. Given a sequence of observed transitions among states, the transition 

probability Pij can be estimated using the following empirical estimator: 

 

𝑃𝑖𝑗 =
𝑛𝑖𝑗

𝑛𝑖

, 𝑖, 𝑗 = 0, 1, … , 𝑚,
 

 

where: 

Pij is the transition probability from state i to state j; 

nij is the number of observed transitions from state i to state j; 

ni is the total number of transitions originating from state i. 

 

Based on the transition counts presented in Table 2, the transition probability matrix is estimated 

for each observation period. For example, if the number of transitions from state 0 to state 0 (0 → 

0) is denoted by 𝑛00, then the corresponding transition probability is calculated as 

𝑃00 =
𝑛00

𝑛0

,
 

 

where P00 represents the probability of remaining in state 0, and n0 denotes the total number of 

transitions originating from state 0. 

 

5. Steady-State Probability 

The steady-state probability vector, denoted by 𝝅 = (𝜋0, 𝜋1, 𝜋2, … , 𝜋𝑚),   can be obtained by 

solving the stationary distribution equation of the Markov process (Hillier & Lieberman, 2010). 

The steady-state probabilities describe a condition in which the probability of the process being in 

each state remains constant over time. 

The steady-state distribution may be reached after the process evolves for a sufficiently large 

number of steps. The n-step transition probability matrix, 𝐏(𝑛), is obtained by raising the one-step 

transition matrix 𝐏to the n-th power. In the long run, the transition probabilities converge such 

that 

lim
𝑛→∞

𝑃𝑖𝑗
(𝑛)

= 𝜋𝑗 > 0, 
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where the steady-state probability 𝜋𝑗satisfies the following balance equation: 

 

𝜋𝑗 = ∑𝜋𝑖𝑃𝑖𝑗

𝑚

𝑖=0

, 𝑗 = 0,1, … ,𝑚,
 

 

subject to the normalization condition 

∑𝜋𝑗

𝑚

𝑗=0

= 1
 

 

 

 

3. Result and Discussion 

3.1 Statistic Descriptive 

The descriptive statistics of the rainfall data for Bengkulu City are presented in Table 3. 

 

Table 3. Descriptive Statistics of Rainfall Data in Bengkulu City, 2020–2024 

N Min Max Median Mean Standard Deviation 

1849 0 270 3.4 11.927 21.06 

 

The results indicate that the maximum daily rainfall recorded in Bengkulu City during the study 

period was 270 mm/day. This value falls into the category of very heavy rainfall, as it exceeds 100 

mm/day. In contrast, the mean daily rainfall is 11.927 mm/day, which corresponds to the light 

rainfall category. The median value of 3.4 mm/day further suggests that most rainfall events during 

the period were of low intensity. Additionally, the relatively large standard deviation (21.06 

mm/day) indicates substantial variability in daily rainfall, reflecting a highly heterogeneous rainfall 

pattern in Bengkulu City over the study period. 
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Figure 1. Daily Rainfall in Bengkulu 

 

Figure 1 illustrates the daily rainfall pattern in Bengkulu over the observation period. The figure 

indicates that the highest daily rainfall was recorded in June 2022. In addition, the graph shows the 

occurrence of several days with zero rainfall, reflecting the presence of dry days within the study 

period. 

 

3.2 Rainfall data classification 

Based on the classification criteria established by the BMKG, rainfall intensity is categorized into 

five discrete states (Sabrina et al., 2021), labeled from 0 to 4. State 0 corresponds to days with no 

rainfall, state 1 represents light rainfall, state 2 indicates moderate rainfall, state 3 denotes heavy 

rainfall, and state 4 represents very heavy rainfall. Using this classification scheme, the daily 

rainfall data for Bengkulu were transformed into categorical states, and the frequency of each 

rainfall intensity state was subsequently determined, as presented in Table 4. 

 

Table 4. Number of days of each state 

State Category Number of days Percentage 

0 No rain 701        37.89  

1 Light rain 795        42.97  

2 Moderate rain 255        13.78  

3 Heavy rain 79          4.27  

4 Very heavy rain 19          1.03  
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Table 4 summarizes the number of days and corresponding percentages for each rainfall intensity 

state in Bengkulu during the study period. The results indicate that state 1 (light rainfall) is the most 

dominant category, accounting for 795 days, or approximately 42.97% of the total observations. 

This finding suggests that nearly half of the days in Bengkulu are characterized by light rainfall 

conditions, highlighting the prevalence of low-intensity rainfall in the region. 

 

In contrast, state 0 (no rainfall) comprises 701 days, representing 37.89% of the total, indicating 

that dry days also constitute a substantial proportion of the observed period. Moderate rainfall (state 

2) occurs less frequently, with 255 days or 13.78%, while heavy (state 3) and very heavy rainfall 

(state 4) events are relatively rare, accounting for only 4.27% and 1.03% of the days, respectively. 

 

Overall, the distribution of rainfall intensity states demonstrates that Bengkulu’s rainfall pattern is 

dominated by light rainfall and dry days, whereas extreme rainfall events occur infrequently.  

 

3.3 One-step transition probability matrix 

To construct the one-step transition probability matrix, the rainfall intensity for each day is first 

classified into one of five discrete states, namely states 0, 1, 2, 3, or 4, according to the established 

rainfall intensity categories. Subsequently, the transitions between states are identified by 

observing the changes in rainfall intensity between consecutive days. For each pair of successive 

days, the rainfall state on the current day is recorded as the initial state, while the rainfall state on 

the following day is recorded as the subsequent state. 

Using this procedure, the observed transitions between rainfall intensity states in Bengkulu City 

during the period 2020–2024 are summarized in Table 5. Note that the total number of transition 

events recorded in the frequency matrix is 701 + 794 + 255 + 79 + 19 = 1,848. This figure represents 

the total number of daily observations (1,849 days) minus one (N−1), which is a mathematical 

consequence of forming state pairs from time t to t+1 

 

Table 5 The number of transitions between rainfall intensity states in Bengkulu during the period 

2020–2024. 

Transiti

on 

Number 

of 

Transiti

on 

Transiti

on 

Number 

of 

Transiti

on 

Transiti

on 

Number 

of 

Transiti

on 

Transiti

on 

Number 

of 

Transiti

on 

Transiti

on 

Number 

of 

Transiti

on 

0 → 0 393 1 → 0 233 2 → 0 53 3 → 0 17 4 → 0 5 
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0 → 1 235 1 → 1 401 2 → 1 114 3 → 1 36 4 → 1 9 

0 → 2 53 1 → 2 122 2 → 2 61 3 → 2 15 4 → 2 4 

0 → 3 18 1 → 3 30 2 → 3 19 3 → 3 10 4 → 3 1 

0 → 4 2 1 → 4 8 2 → 4 8 3 → 4 1 4 → 4 0 

Total  701 Total 794 Total 255 Total 79 Total 19 

 

Each transition represents the change in rainfall intensity from one day (current state) to the 

following day (next state), where the states are defined according to the BMKG classification. The 

rows correspond to the current day’s rainfall state, while the columns represent the rainfall state on 

the subsequent day. 

The table shows that transitions tend to occur more frequently among lower rainfall intensity states. 

For example, transitions from state 0 (no rainfall) to state 0 and from state 1 (light rainfall) to state 

1 have the highest frequencies, indicating a strong persistence of dry and light rainfall conditions 

from one day to the next. In contrast, transitions involving heavy (state 3) and very heavy rainfall 

(state 4) occur relatively infrequently, reflecting the rarity of extreme rainfall events in Bengkulu. 

To construct the one-step transition probability matrix, each transition count is normalized by the 

total number of transitions originating from the corresponding current state. Specifically, the 

transition probability from state i to state j, denoted by Pij is calculated as Pij = nij/ni 

where nij represents the number of observed transitions from state i to state j, and ni denotes the 

total number of transitions originating from state i. 

As an illustration, the probability that a day with no rainfall (state 0) is followed by another day 

with no rainfall (state 0 → 0) is calculated as 

𝑃00 =
𝑛00

𝑛0

=
393

701
= 0.5606.

 

 

Thus, the element 𝑃00of the transition probability matrix equals 0.5606, indicating that more than 

half of the days without rainfall are followed by another dry day. 

Similarly, the probability that a day with light rainfall (state 1) is followed by a day with no rainfall 

(state 1 → 0) is given by  

𝑃10 =
𝑛10

𝑛1

=
233

794
= 0.2935.

 

 

This result implies that approximately 29.35% of days with light rainfall are followed by dry 

conditions on the next day. The remaining elements of the one-step transition probability matrix 
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are computed using the same procedure for all state-to-state transitions. Consequently, a 5 × 5 

transition probability matrix is obtained, as follows: 

 

𝑃 =

[
 
 
 
 
𝑃00 𝑃01 𝑃02 𝑃03 𝑃04

𝑃10 𝑃11 𝑃12 𝑃13 𝑃14

𝑃20 𝑃21 𝑃22 𝑃23 𝑃24

𝑃30 𝑃31 𝑃32 𝑃33 𝑃34

𝑃40 𝑃41 𝑃42 𝑃43 𝑃44]
 
 
 
 

=

[
 
 
 
 
0.5606 0.3352 0.0756 0.0257 0.0029
0.2935 0.5050 0.1537 0.0378 0.0101
0.2078 0.4471 0.2392 0.0745 0.0314
0.2152 0.4557 0.1899 0.1266 0.0127
0.2632 0.4737 0.2105 0.0526 0.0000]

 
 
 
 
  

 

From this matrix, the Markov chain pattern of rainfall in Bengkulu City can be constructed and 

represented in the following transition diagram. 

 

 

Figure 2. The Markov chain pattern of rainfall in Bengkulu City. 
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Based on the estimated Markov chain model, the following conclusions can be drawn for Bengkulu 

City. When the current day experiences no rainfall, the highest likelihood for the subsequent day 

is also no rainfall, with a probability of 56.06%. If the present condition is light rainfall, the most 

likely condition on the following day remains light rainfall, occurring with a probability of 50.50%. 

In the case of moderate rainfall, the greatest probability for the next day corresponds to light 

rainfall, at 44.71%. Similarly, when heavy rainfall occurs, light rainfall is the most probable 

condition on the next day, with a probability of 45.57%. Finally, if the current day is characterized 

by very heavy rainfall, the highest probability for the following day is again light rainfall, estimated 

at 47.37%. 

 

3.4 Model Validation 

 

To evaluate the performance of the proposed Markov Chain model, a validation process was 

conducted using an independent dataset from the year 2025 (testing data), consisting of 365 daily 

observations. The validation method compares the actual state of the next day (t + 1) with the state 

predicted by the maximum transition probability in Matrix P in the previous subsection. 

Based on the transition matrix P derived from the training data (2020–2024), the maximum 

probability predictions are as follows: 

If today is No Rainfall, the model predicts No Rainfall (P00 = 0.56). 

If today is Light, Moderate, Heavy, or Very Heavy Rain, the model consistently predicts Light 

Rain for the next day (as Pi1 is the dominant probability in rows 2, 3, 4, and 5). 

The validation results against the 2025 testing data are presented in Table 6 

Table 6. Validation Results using 2025 Data 

Initial State  

(Day t) 

Predicted State 

(Day t+1) 

Total 

Observations 

Correct 

Predictions 

Accuracy (%) 

No Rain No Rain 156 91 58.33% 

Light Rain Light Rain 110 38 34.55% 

Moderate Rain Light Rain 55 16 29.09% 

Heavy Rain Light Rain 15 6 40.00% 
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Very Heavy Rain Light Rain 28 11 39.28% 

 TOTAL 364 162 44.51% 

 

The overall prediction accuracy of the model is 44.51%. While this value indicates moderate 

predictive power, it is significantly higher than a random guess probability for a 5-state model, 

which is 20%. Notably, the model performs best in predicting dry days (No Rain) with an accuracy 

of 58.33%. This suggests that the Markov Chain model is particularly effective in capturing the 

persistence of dry spells in Bengkulu City, which is crucial for drought monitoring in the 

agricultural sector. However, the model tends to generalize rainfall events into "Light Rain" for the 

next day due to the dominance of the Pi1 probabilities, which is a common characteristic of first-

order Markov Chains in tropical regions where light rain is the most frequent transition. 

To rigorously evaluate the performance of the proposed Markov Chain model, its accuracy 

(44.51%) and probability distribution were compared against more robust meteorological baselines 

rather than a simple uniform random guess (20%). The first baseline is the Persistence Model 

(assuming tomorrow's weather equals today's weather), which yielded an accuracy of 41.21% and 

a Macro F1-Score of 0.2796. The second baseline is the Majority Class Model (constantly 

predicting 'No Rain', the most frequent state in 2025), which yielded an accuracy of 43.13% but a 

very low Macro F1-Score of 0.1205. 

While the Markov Chain model's accuracy (44.51%) shows a modest improvement over 

the deterministic baselines, the severe class imbalance in the rainfall data renders accuracy alone 

insufficient for evaluating stochastic models. The extremely low F1-Score of the Majority Class 

model (0.1205) demonstrates that relying solely on frequency leads to complete failure in 

predicting critical minority states (such as moderate to very heavy rain). Furthermore, the Markov 

Chain model achieved a Brier Score of 0.7175, outperforming the uniform random baseline 

(0.8000), proving its capability to capture dynamic transition probabilities rather than just 

deterministic point predictions. 

3.5 Steady State Condition 

 

The steady-state probability values for each state are obtained once the system reaches equilibrium. 

These steady-state probabilities can be achieved after the process has proceeded through n steps. 

Based on the matrix multiplications performed over n steps, it was found that at the 12th step, 

denoted as 𝑃(12), the system had reached its steady state. The matrix 𝑃(12) is obtained by raising the 
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transition matrix P to the 12th power. From 𝑃(12), the steady-state probabilities  for each state, 

namely 0, 1, 2, 3 and 4 are obtained. Another way of finding the steady state condition is by 

solving a linear equations system (as mentioned in Subsection 2.2) as follows. 

𝜋0 + 𝜋1 + 𝜋2 + 𝜋3 + 𝜋4  =  1 

 

𝜋0  =  0.5606𝜋0 +  0.2935𝜋1 + 0.2078𝜋2 + 0.2152𝜋3 + 0.2632𝜋4  

𝜋1 =  0.3352𝜋0 +  0.5050𝜋1 + 0.4471𝜋2 + 0.4557𝜋3 + 0.4737𝜋4 

𝜋2 =  0.0756𝜋0 +  0.1537𝜋1 + 0.2392𝜋2 + 0.1899𝜋3 + 0.2105𝜋4 

𝜋3 =  0.0257𝜋0 +  0.0378𝜋1 + 0.0745𝜋2 + 0.1266𝜋3 + 0.0127𝜋4 

𝜋4 =  0.0029𝜋0 +  0.0101𝜋1 + 0.0314𝜋2 + 0.0127𝜋3 + 0.0000𝜋4 

 

The solution is  

 

[
 
 
 
 
𝜋0

𝜋1

𝜋2

𝜋3

𝜋4]
 
 
 
 

=

[
 
 
 
 
0.380
0.430
0.138
0.042
0.010]

 
 
 
 
 

When the n-step transition probabilities have reached the steady state, it indicates that the Markov 

process has attained equilibrium or stability, meaning that the probabilities at subsequent steps no 

longer change. These steady-state probabilities can be used to predict the long-term probability of 

daily rainfall intensity in Bengkulu City. 

 

Thus, it can be concluded that regardless of today’s rainfall condition, the weather in Bengkulu 

City has the following probabilities: 38% for no rain, 43% for light rain, 13.8% for moderate rain, 

4.2% for heavy rain, and 1% for very heavy rain.   

 

4. Conclusion 

 

Based on the Markov Chain model obtained, it can be concluded that in Bengkulu City: if today’s 

weather condition is no rain, then the most probable weather condition for tomorrow is also no rain 

with a probability of 56.06%; if today’s weather condition is light rain, then the most probable 

weather condition for tomorrow is also light rain with a probability of 50.50%; if today’s weather 

condition is moderate rain, then the most probable weather condition for tomorrow is light rain 

with a probability of 44.71%; if today’s weather condition is heavy rain, then the most probable 
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weather condition for tomorrow is light rain with a probability of 45.57%; and if today’s weather 

condition is very heavy rain, then the most probable weather condition for tomorrow is light rain 

with a probability of 47.37%. 

  Based on the obtained steady-state probabilities, it can be concluded that regardless of 

today’s rainfall condition in Bengkulu City, the long-term probabilities for the weather are as 

follows: 38% for no rain, 43% for light rain, 13.8% for moderate rain, 4.2% for heavy rain, and 1% 

for very heavy rain. 

This study has several methodological limitations that should be acknowledged. First, the 

application of an annual aggregate model assumes time homogeneity, which does not fully account 

for specific seasonal fluctuations throughout the year. Second, the first-order Markov Chain 

structure limits the prediction memory to only the preceding day's state, making it less optimal for 

capturing cumulative phenomena, such as prolonged periods of extreme rainfall. 

  As methodological recommendations for further development, it is suggested to adopt Non-

Homogeneous Markov Chains by constructing seasonal transition matrices partitioned by temporal 

quarters or specific climatic seasons. Furthermore, exploration of Higher-Order Markov Models or 

Hidden Markov Models (HMM) is highly recommended to extract more complex temporal 

dependency structures. Finally, integrating spatial components into the transition chains could be 

considered to produce a more comprehensive prediction of weather patterns across neighboring 

regions 

  For future research, it is recommended that the analysis of rainfall patterns in a particular 

region should take into account other factors that may influence weather variations in Bengkulu 

City. Once more recent empirical data become available, it is also essential to validate the 

predictions generated by this Markov Chain model to ensure the model’s accuracy and reliability. 
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