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Abstract. Accurate rainfall classification plays a vital role in effective meteorological 
forecasting, agricultural planning, and also to avoid natural disasters. However, standard 
classification models often exhibit unstable performance. This study evaluates the effectiveness 
of an Ensemble Stacking framework enhanced with Optimized Swarm Based and Metaheuristic 
method such as Artificial Bee Colony (ABC) and Cuckoo Search (CS) optimization algorithms 
to improve prediction reliability. The proposed approach was tested using a detailed rainfall 
dataset by combining basic classification models, such as Decision Tree, SVM, Naive Bayes, 
and kNN. The results show that Stacking Ensemble generally outperform individual basic 
models in Accuracy and F1 Score (reaching a median > 0.80), while unoptimized Stacking 
method show low variances but provides a less better result in terms of Accuracy and F1 Score. 
In contrast, the Stacking model optimized with ABC emerged as a better method, demonstrating 
the highest stability and significantly reducing the performance distribution range compared to 
the non-optimization and Cuckoo Search scenarios. These findings conclude that the application 
of Artificial Bee Colony optimization to Stacking ensembles effectively minimizes prediction 
variance, making it the most reliable strategy for consistent rainfall forecasting using 
classification modelling technique.  
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1.   Introduction  

In terms of sustainable development in agriculture and the environment, rainfall is a relevant topic of 
discussion given the unpredictable climate, especially in Indonesia, which is highly dependent on 
meeting the needs of its people by relying on agricultural yields. Analysis and prediction of rainfall, as 
explained in previous research, are crucial in improving agricultural productivity in terms of sufficient 
food sources and the need for clean and safe water sources by accurately accumulating and estimating 
the amount of daily rainfall [1]. Sustainable development centered on rainfall not only on focused on 
secure food and water establishment but also prevention of natural disasters caused by extreme rainfall 
that continues to occur, one of which is in West Java province, Indonesia. Land topography, soil 
moistures and other variability of sources happens to effect flood disasters in West Java due to extreme 
rainfall activity in recent times, analysis of factors that occur rainfall could be related to those variability 
of sources and helps us to study and prevent the next disaster to come [2] [3]. These variability of rainfall 
factors can be used to create prediction and analysis using some of many methods in which one of them 
used machine learning methods through classification technique [4]. 

Classification modeling using Machine Learning is one of the solutions for estimating or predicting 
outcomes based on a dataset [5]. The prediction results often depend on the characteristics of the data 
and the Machine Learning model used. While traditional machine learning architectures such as 
Decision Trees and Naive Bayes have been foundational in this domain, they frequently demonstrate 
high variance and limited generalization when faced with the inherent noise and dimensionality of 
environmental datasets [6]. To address these limitations, an Ensemble method can be applied, which 
combines several predictions from multiple models [7]. In this study, the Ensemble method used is the 
Stacking-based Ensemble [8].  

Stacking is an Ensemble method that combines predictions or estimations from individual models 
(base learners). The estimation from each single model is then called meta-features, which are used by 
a meta-learner in Stacking to determine the final result. Stacking Ensemble frameworks have emerged 
as a robust alternative, synthesizing the predictive strengths of diverse base learners to achieve 
strong accuracy [9]. Modeling using the Stacking Ensemble method has been shown to improve 
prediction accuracy. Previous studies by Karomah [10] and Sunarko [11] demonstrated that the Stacking 
Ensemble approach provides better prediction accuracy compared to using single models individually. 
However, to support the effectiveness of these Stacking method is critically dependant on the 
configuration of high-dimensional hyperparameter spaces, which traditional grid-search methods 
fail to explore efficiently. These hyperparameters can be optimized using Metaheuristic method, which 
is Optimization Algorithms [12]. 

Studies titled “Hybrid stacking ensemble algorithm and simulated annealing optimization for 
stability evaluation of underground entry-type excavations” [13] and “Improved prediction of slope 
stability using a hybrid stacking ensemble method based on finite element analysis and field data” [14] 
both use Ensemble Stacking showed significant performance improvements when using optimization 
algorithms such as Artificial Bee Colony and Cuckoo Search to find the best hyperparameters for each 
base model. Based on this background, this research aims to compare and evaluate theoretical modeling 
and practical deployment by conducting a rigorous comparative evaluation of the Artificial Bee Colony 
(ABC) and Cuckoo Search (CS) algorithms for the optimization of a stacked ensemble model. Diverging 
from the prevailing literature that relies solely on domain-agnostic data, this study centers its primary 
validation on a rainfall classification case study. To ensure the empirical robustness and algorithmic 
transferability of the proposed optimization framework, this research further employs three diverse 
public benchmark datasets as secondary validation targets. This multi-tiered evaluative approach allows 
for a comprehensive assessment of how these metaheuristics influence model stability and predictive 
reliability across varying imbalance regimes and data distributions, ensuring the model is sufficiently 
robust for real-world deployment. The primary scientific novelty lies in the systematic benchmarking of 
these two distinct optimization within a sustainable engineering context, justifying their computational 
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feasibility and robustness for meteorological decision-support systems. 

2.   Methods 

This study is summarized by the following flow design and utilizes two types of datasets: empirical 
data and three benchmark datasets. The empirical data consists of rainfall dataset recorded from 
BMKG Indonesia, spesifically Bogor, West Java area used to support the main target of this research 
that is sustainable agricultural planning and meteorological forecasting, while the benchmark 
datasets were collected from the UCI and Kaggle platforms to validate the generalizability of the 
optimization framework. The research flow design and detailed descriptions of these datasets are 
provided in Figure 1, Table 1, and Table 2 below. 

 
Figure 1. Flow design of research 

Table 1. Description of data cluster 
No Dataset Description Features Characteristics 
 
1 

 
Australian This dataset 

includes 
observations for 
predicting credit 
approval in 
Australia. 

690 observations, 14 
predictor variables 
(categorical and 
numerical) 

A low imbalance 
proportion with 
44% positive 
observations and 
56% negative 
observations. 

 
2 

German 
Credit 
Fraud 

This dataset 
includes 
observations for 
predicting fraud 
transcation in 
classifying credit 
risk (good or 
bad). 

1000 observations, 20 
categorical predictor 
variables. 

A moderate 
imbalance 
proportion with 
70% good risk and 
30% bad risk 
observations. 
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No Dataset Description Features Characteristics 
 
3 

 
Missing 
Migrants 

This dataset 
contains 
observations 
about missing 
migrant 
population 
information. 

2,420 observations, 
10 numerical and 
categorical predictor 
variables. 

A moderate 
imbalance 
proportion with 
41% positive 
observations and 
59% negative 
observations. 

 
Table 2. Description of empirical dataset 

 
Variable Variable Description Data Type 

Y Rainfall (RR) Numeric (mm)  
X1 Wind direction at maximum speed (ddd_x) Categorical 
X2 Most frequent wind direction (ddd_car) Categorical 
X3 Maximum wind speed (ff_x) Numeric (m/s) 
X4 Average wind speed (ff_avg) Numeric (m/s) 
X5 Average humidity (RH_avg) Numeric (m/s) 
X6 Duration of sunlight exposure (ss) Numeric (hours) 
X7 Maximum temperature (Tx) Numeric (°C) 
X8 Minimum temperature (Tn) Numeric (°C) 
X9 Average temperature (Tavg) Numeric (°C) 

 

2.1.   Base Models used for Stacking Model 
This research mainly used Stacking based ensemble model which include several Models to combine. 
Stacking model in this research based by the figure 1 above, used datasets with various characteristics 
and divide those data into train and test set. Train set will be classified in the first phase using base 
learners likes Decision Tree, Support Vector Machine and many other models to create meta-data 
predictions from various models with a wide diversity of components, these various components then 
trained once more using the meta-classifier [15]. In this research, we use 4 machine learning models 
which had its own characteristics and variety process.  

2.2.   K-Nearest Neighbor (kNN) 
K-Nearest Neighbor (kNN) is a machine learning model that works by looking at the similarity between 
new observations and previous observations then grouping them based by their class [16] [17]. The 
similarity of the modelling results can be seen from the distance between previous grouped predictors 
and the new predictions from kNN. Model distance calculations uses the following Euclidian formula :  

𝒅(𝒙, 𝒚) = 	)*(𝒙𝒊	 −	𝒚𝒊	)𝟐
𝒏

𝒊%𝟏

 (1) 

 
d(x,y) is distance predictors of x and y  
n is total observation 



  

02603030-05 

2.3.   Naïve Bayes (NB) 
Naïve Bayes in one of machine learning model that works by all predictors having the same contribution 
in decision making with all predictors having the same weight and being independent of each other [18] 
. Naïve Bayes model generally refers to the concept of Bayesian probability with the following equation 
: 
 

𝑷(𝑨|𝑩) = 	
𝑷(𝑨)	𝑷(𝑩|𝑨)

𝑷(𝑩)
 

(2) 
 
 

 
 
P(A|B) is the probability of A (class) occurring after event B (feature) 
P(A) initial probability of class (A) after seeing feature (B) 
P(B|A) is the probability of feature (B) appearing in class (A) 
P(B) is the overall probability of feature (B) occurring in all classes (A) 

2.4.   Decision Tree 
Decision Tree is a model that represent tree form that creates roots contains node of probabilities. Each 
node is a decision contains predictor variable that will be tested and will eventually form branches that 
led us to final node of probabilities and in the end making a final decision [19]. Based by these 
explanation we can conclude the form of this model following this entropy equation formula : 
 

𝑬𝒏𝒕𝒓𝒐𝒑𝒚(𝑺) = 	*𝑷𝒊𝒍𝒐𝒈𝟐𝑷𝒊

𝒄

𝒊%𝟏

 (3) 

 
S  represent dataset used 
c  represent proportion of class counts  
𝑃( represent class i probabilities overall from datasets   

2.5.   Support Vector Machine 
Support Vector Machine (SVM) is a machine learning model aims to classify data into two categories 
using linear function in high dimensional features. These models aim to find a separating function 
(hyperplane) in N-dimensional space that indicates the number of predictor variables in the data [20]. 
This model uses an equation to find separating function in linear hyperplane feature space with the 
following : 

𝒇(𝒙) = 	𝒘𝑻𝒙 + 𝒃 (4) 
 

 
w represent the weight vector perpendicular to the hyperplane 
x represent the input feature vector  
𝒃 represent the bias term 

2.6.   Stacking Ensemble 
Stacking Ensemble is a machine learning model utilize by combining prediction probability from two 
or more different low-level learners, these model then use a high-level base meta learner algorithm to 
obtain the best final prediction combined [21] [22]. In this study, there are 4 low-level learners that we 
would combine that is K-Nearest Neighbor (kNN), Decision Tree, Naïve Bayes, and Support Vector 
Machine (SVM), and for the meta learner algorithm used is Logistic Regression with this following 
equation : 
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𝒍𝒐𝒈
𝒑(𝒚 = 𝟏)
𝟏 − (𝟏 − 𝒑) = 	𝛽" + 𝛽#𝑋# + 𝛽$𝑋$+	. . +	𝛽%𝑋% (5) 

 
 
Where: 𝛽0, 𝛽𝑛, weigh factor, x a prediction from different models and p is reference to total of low-level 
models used    

2.7.   Metaheuristic Optmization Algorithm 
This research will use two different method of optimization method in purpose to gain the best accuracy 
in each different low-level models, these method tends to combine the best hyparameter tuning function 
to gain the maximum and better accuracy. Artificial Bee Colony (ABC) and Cuckoo Search (CS) are 
the two optimization method that used in this research, Artificial Bee Colony is a prominent Swarm 
Intelligence based optimizer that mimics the decentralized, self-organized foraging behavior of 
honey bees, in contrast Cuckoo Search algorithm is a metaphor-based metaheuristic that integrates 
the biological principles of obligate brood parasitism with the mathematical efficiency of Lévy 
flights [23] [24]. Both algorithm although were population-based, ABC relies on a specific role-based 
swarm hierarchy to navigate search spaces, whereas CS utilizes a dual-search strategy combining 
local random walks with heavy-tailed global trajectories to maintain high population diversity and 
ensure robust convergence toward the global optimum [25]. 

2.8.   Analysis Procedure 
Analysis procedure for this research was divided into three stages: data preparation, modeling, and 
evaluation. The same procedure was applied to both the empirical data and the cluster datasets. 

• The collected datasets were imported into RStudio. After loading, missing values, variable 
correlations, and standardization for categorical and numerical features were checked to ensure 
readiness for modelling.  

• Rainfall datasets used in this research, additional data preprocessing was carried out, such as 
data transformation and consideration of extreme and non-extreme rainfall labeling based on 
information determined by BMKG [26]. 

• The cleaned data were split into training and testing sets with a 4:1 ratio. In this study we also 
use SMOTE method applied only on training datasets to perform balance majority and minority 
class within it. 

• Stacking ensemble classification modelling was performed using four different low-level 
models and Logistic Regression models as the meta learner algorithm which were detailed in 
section 2.6.  In addition, these four low-level models used these tuning hyperparameters detailed 
in this Table 3 below: 

Table 3. Hyperparameter tuning set for each low-level models 
 

Cod. Algorithm Algorithm Parameter Tuning Set 

kNN k-Nearest Neighbor {n_neighbors: (3, 15), weights: ['uniform', 
'distance'], metric: ['euclidean', 'manhattan', 
'minkowski']} 

DT Decision Tree {max_depth: (3, 20), min_samples_split: (2, 
20), min_samples_leaf: (1, 10), criterion: 
['gini', 'entropy']} 

NB Naïve Bayes {var_smoothing': (1e-10, 1e-8)} 
SVM Support Vector Machine {C: (0.1, 100.0), gamma: (0.001, 1.0), kernel: 

['rbf', 'poly', 'sigmoid']} 
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• This research contain three scenarios, where two of them used the optimization method. First 
scenario contain Stacking Ensemble with four low-level models without optimizing its 
parameter tuning sets, each low-level models use 3-fold validation. 

• In second scenario, base models were optimized using the Artificial Bee Colony (ABC) 
algorithm, which finds the best solution through iterative random search and selection [27]. 
Finally in third scenario, the Cuckoo Search (CS) algorithm was applied, which generates new 
solutions using parameter combinations and discards old ones if they are less effective [28] [29]. 
Each scenarios applied the optimization algorithm to obtain the optimum parameter tuning sets 
on low-level models detailed in Table 3 and with the same configuration that each low-level 
model used 3-fold validation. 

• Overall, the process of this study was run into three different scenarios, whereas on the second 
and third scenario applied with total of 30 iteration for each optimized low-level models and for 
every scenarios from the second until fourth process were repeated for ten times in a row. For 
both optimization method the designated objective fitness function with 30 iteration was 
configured to maximize the cross-validated balanced accuracy. 

The performance was evaluated and compared among the three scenarios (without optimization, 
with ABC, and with CS) using three metrics of evaluation. Three metrics used in this research are 
Accuracy, Balanced Accuracy, and F1-Score. 

3.   Results and Discussion 

This section details the classification modeling outcomes for the primary and cluster datasets. Model 
performance was evaluated based on accuracy, balanced accuracy, and F1-score. To compare the 
results, an ANOVA test was applied to Schemes 1 through 3 to assess the variance across these three 
metrics. This comparative analysis allows us to formulate a final recommendation based on the 
modeling results. 

3.1.   Cluster Dataset Modelling Result 
This first section mainly discuss about how the six datasets from Kaggle and UCI platform are model 
using the Stacking Ensemble with 3 schemes, which is using none Optimization Algorithm for the first 
scheme, Artificial Bee Colony Optimization and Cuckoo Search Optimization for the second and third 
scheme, these results using benchmark dataset were compared using only one metric, namely 
accuracy. Table 4 below show the result of all modelling schemes. 

Table 4. Modeling results from all data clusters with accuracy metrics value 

Setup Scheme Dataset Mean Accuracy Results 
DT SVM NB kNN Stacking 

Scheme 1 Australian 0.82 0.86 0.81 0.84 0.86 
Scheme 1 German Credit Fraud 0.66 0.71 0.64 0.63 0.66 
Scheme 1 Missing Migrants 0.75 0.76 0.71 0.76 0.78 
Scheme 2 Australian 0.84  0.85  0.81 0.85 0.86 
Scheme 2 German Credit Fraud 0.66 0.70 0.64 0.66 0.70 
Scheme 2 Missing Migrants 0.76 0.76 0.71 0.77 0.78 
Scheme 3 Australian 0.83  0.85 0.81  0.85  0.86  
Scheme 3 German Credit Fraud 0.65 0.69 0.64 0.66 0.70 
Scheme 3 Missing Migrants 0.76 0.76 0.71 0.77 0.78 
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 Overall, results shown from Table 4 indicate that the Stacking model consistently produced more 
stable and competitive classification performance compared to the individual classifiers, namely 
Desicion Tree, Support Vector Machine, Naïve Bayes, and K-Nearest Neighbor, across all experimental 
schemes and cluster datasets. The integration of optimization methods into the stacking model generally 
improved it performance by producing better parameter configuration, maintaining its classication 
stability. Among all cluster datasets, Australian achieved the highest accuracy values, indicating that the 
dataset information were easier to identify by the models rather than German Credit Fraud whom 
showed lower performance due to its imbalanced data distribution. In constrast, Missing Migrants 
demonstrated relatively stable results across all models, where the optimized Stacking were able to 
maintain better performance than other individual models. Furthermore based by the results, both 
Artificial Bee Colony and Cuckoo Search improved the performance of the conventional Stacking 
model. However, the ABC-Stacking approach achieved slightly better classification performance by 
producing higher accuracy values in several experimental scenarios. Meanwhile, CSO-Stacking results 
demonstrated more stable and consistent results across different datasets, indacting good robustness and 
generalization capability.  

3.2.   Empirical Dataset Analysis 
Empirical dataset namely Rainfall Classification datasets in the Bogor area in 2024 contained 319 valid 
observation after removing 47 instances of missing or unidentified data from an initial 366 records at 
the beginning, these 47 unindentified datasets was written as “8888” at the datasets. Overall, the analysis 
showed that average wind speed were heavily concentrated in the low to moderate range, predominantly 
1-2 m/s, which conclude that extreme wind are exceptionally rare in the Bogor area in 2024. 
Directionally, the observation overwhelmingly dominated by the calm category around 94% from the 
valid observation, suggest that the local wind dynamics are highly stable and weak, compared to other 
climate factors and merely as a supporting meteorological variable only. Meanwhile as we can observe 
from Figure 2, primary weather drivers such as maximum temperature (TX), average temperature 
(TAVG), sunshine duration (SS), and average relative humidity (RH_AVG) exhibited strong correlation 
between each other. 

 
Figure 2. Heatmap correlation between independent variables 

 In the next section of these analysis, the dataset indicates a significant class imbalance in the target 
variable when identifying the category of extreme and non-extreme rainfall. Non-extreme rainfall is 
highly dominant compared to the extreme rainfall category with the proportion of 87:13 total observation 
as shown on Figure 3, therefore the SMOTE method was applied to balance the class categories in this 
dataset. 
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Figure 3. Class distribution of rainfall categories 

3.3.   Empirical Dataset Modelling Result and Best Model Selection 
In this next section, we will use datasets that has been analyze and preprocessed in previous procedure, 
in this case the data were splited as data train set and test set with 80:20 proportion each. All scenarios 
were evaluated using Stacking Ensemble Classifier as the main method with two method of 
Optimization Algorithm, each of them are Artificial Bee Colony and Cuckoo Search. 

   
 

Figure 4. Performance distribution using stacking classifier on each scenarios 

 As we can see from Figure 4 results above, Support Vector Machine exhibits a greater weight 
contribution than the other base models and it is highly responsive to both algorithm optimzation in 
achieving higher accuracy. The evaluation also confirms that Artificial Bee Colony and Cuckoo Search 
optimization combined with Stacking Classifier method capable of producing significantly more robust 
rainfall category predictions with high performance variance and instability seen in none optimized 
models are drastically reduced. These scenarios reliably elevate overall correctness, pushing both 
Accuracy and F1-Score from Stacking scenarios as the leading model performance with approximately 
0.875 accuracy. Ultimately, both Artificial Bee Colony and Cuckoo Search with Stacking Classifier 
function as powerful consistent feature to maximize prediction results for rainfall category classification. 
However, the deployment of these optimized architectures necessitates careful consideration. Balanced 
Accuracy metrics in overall analysis results reveals that these optimization processes may inadvertently 
induce a predictive bias toward the majority class, this degradation in class-imbalanced prediction occurs 
because the optimization algorithms aggressively exploit the SMOTE training sets. While the SMOTE 
technique effectively balances the majority nor minority class, the optimization method uses may 
overtune the hyperparamaters to fit this perfectly synthesized distribution. This interaction highlights 
that deep hyperparameter optimization can sometimes distort the benefits of synthetic sampling.   

4.   Conclusion 

In conclusion, this research demonstrates that integrating Artificial Bee Colony (ABC) and Cuckoo 
Search (CS) metaheuristics into Stacking Classifier significantly enhances predictive reliability over 
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none optimized Stacking Classifier based. While ABC occasionally higher predictions accuracy and 
CS provides more consistent generalization, overall performance remains fundamentally 
constrained by severe class imbalances. Nevertheless, both algorithms prove highly robust for 
complex empirical task like Bogor rainfall classification case. To translate these findings into 
operational deployment, it is recommend to use a tiered approach. User should first established 
rapid, computationally efficient baselines using unoptimized models. Once those items are set, ABC 
or CS optimization can be deployed for scenarios where maximizing absolute accuracy is the 
primary goal. Finally, when the critical objective is detecting rare meteorological events, cost-
sensitive learning should be prioritized over further hyperparameter tuning to effectively mitigate 
majority class bias.  
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