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Abstract - Identification of potential fishing zones remains 

a significant challenge in fisheries management, 

particularly in coastal and island waters characterized by 

high spatial and temporal environmental variability. In 

Batam waters, fishing activities are still dominated by 

fishermen's experience and heuristic judgment, while 

existing studies often focus on a single prediction model or 

limited environmental parameters. This indicates a 

research gap, namely the lack of an integrated framework 

that simultaneously captures environmental heterogeneity 

and improves prediction accuracy using a data-driven 

approach. To address this gap, this study proposes a 

hybrid data mining framework that explicitly integrates 

unsupervised environmental zoning and supervised 

classification for predicting fishing potential. Weather and 

oceanographic variables—including sea surface 

temperature, chlorophyll-a concentration, wind speed, 

ocean current speed, and salinity—are used in conjunction 

with historical fish catch data. K-Means clustering is first 

used to identify homogeneous marine environmental zones, 

which are then incorporated as contextual features into a 

Random Forest classification model. Model performance is 

then evaluated using accuracy, precision, recall, F1 score, 

and confusion matrix analysis. The results show that the 

proposed hybrid approach achieves an accuracy of 89.2% 

and an F1 score of 89.1%, representing a quantitative 

improvement of approximately 5.6% in accuracy and 5.0% 

in F1 score compared to the baseline Random Forest model 

without clustering. This comparison clearly demonstrates 

that the integration of clustering information significantly 

improves classification performance. Furthermore, 

feature importance analysis confirms that sea surface 

temperature and chlorophyll-a concentration are the most 

influential predictors, while cluster labels contribute 

indirectly by improving the model's contextual 

understanding of complex environmental conditions. The 

novelty of this research is articulated through the 

integration of unsupervised marine environmental zoning 

with supervised machine learning in a local fisheries 

context, which allows for improved predictive 

performance and enhanced model interpretability. Unlike 

conventional approaches that treat environmental 

variables independently, the proposed framework 

captures multidimensional environmental interactions in a 

structured manner. The implications of these findings are 

profound. The proposed model can support data-driven 

decision-making for fishermen by reducing search time 

and operational costs, while providing a scientific basis for 

fisheries managers for spatial planning and sustainable 

resource management. Therefore, this research 

contributes both methodologically and practically to the 

advancement of intelligent fisheries prediction systems in 

dynamic coastal environments such as Batam waters. 
 
Keywords: Potential fishing areas; oceanographic data; 

weather data; K-Means clustering; Random 

Forest. 

I. INTRODUCTION 

Indonesia is recognized as one of the world’s largest 

archipelagic countries, with marine areas covering more 

than two-thirds of its total territory. This geographical 

condition positions the fisheries sector as a strategic 

component in supporting food security, regional 

economic growth, and national development. However, 

despite its vast marine potential, the utilization of 

fisheries resources remains suboptimal due to limited 

access to accurate information regarding the spatial and 

temporal distribution of fish resources [1]. In tropical 

coastal areas like Batam, fish conditions depend on 

atmospheric conditions and oceanographic processes, 

such as sea surface temperature, chlorophyll 

concentration, ocean currents, wind, and salinity. 

However, fishing activities in this area are still 

dominated by fishermen's experience and intuition, 

which often results in suboptimal fishing routes and 

increased fuel consumption [2, 3]. These variables are 

highly dynamic and vary both spatially and temporally, 

making conventional fishing strategies based on 
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experience and intuition increasingly unreliable, 

particularly under changing climate conditions [4, 5]. 

The waters surrounding Batam Island represent a 

complex marine environment due to their strategic 

location between the South China Sea and the Malacca 

Strait. This region is characterized by strong seasonal 

variability, monsoonal wind patterns, and intensive 

maritime activities, all of which contribute to highly 

fluctuating oceanographic conditions [6, 7].  

Advances in data acquisition technologies, such as 

satellite remote sensing and in-situ marine observations, 

have enabled the availability of large-scale 

environmental datasets. The increasing volume and 

complexity of these datasets necessitate advanced 

analytical approaches capable of extracting meaningful 

patterns and knowledge. In this context, data mining and 

machine learning techniques have emerged as powerful 

tools for analysis  complex environmental data and 

supporting decision-making processes in fisheries 

management [8, 9]. One commonly used unsupervised 

learning method in marine and fisheries studies is K-

Means clustering. This algorithm groups data into 

clusters based on similarity, allowing researchers to 

identify regions with homogeneous environmental 

characteristics without prior labeling [10, 11]. Previous 

studies have demonstrated the effectiveness of K-Means 

clustering in classifying marine regions based on 

oceanographic parameters, thereby facilitating the 

identification of zones with similar ecological conditions 

relevant to fish habitats [12, 13]. In addition to clustering, 

predictive modeling techniques are required to estimate 

the potential of fishing grounds quantitatively. Random 

Forest, an ensemble learning algorithm based on 

decision trees, has shown superior performance in 

classification and prediction tasks involving complex, 

nonlinear relationships among variables [14, 15]. 

Random Forest is particularly suitable for environmental 

applications due to its robustness to noise, ability to 

handle multicollinearity, and capacity to assess variable 

importance [16]. Several fisheries-related studies have 

successfully applied Random Forest to predict fish 

distribution and potential fishing zones using 

oceanographic and climatic data [15]. The integration of 

clustering and classification methods provides a 

comprehensive analytical framework [17]. K-Means 

clustering enables the identification of environmental 

patterns, while Random Forest leverages these patterns 

to build predictive models for potential fishing grounds 

[10]. This hybrid approach has been shown to improve 

prediction accuracy and interpretability compared to 

single-method approaches [17].  

Despite previous research findings, clustering and 

classification are still used as independent or alternative 

methods rather than integrated into a unified prediction 

framework. Furthermore, many studies focus solely on 

improving prediction accuracy, without addressing 

model interpretation or how environmental interactions 

influence fishing probability. Furthermore, local 

research has been limited in Indonesian coastal waters, 

particularly Batam, despite the area exhibiting complex 

oceanographic dynamics due to its proximity to major 

shipping lanes and regional current systems. This 

situation demonstrates a clear research gap; there is no 

integrated data mining framework that combines 

environmental zoning and supervised classification to 

improve prediction and contextual interpretation of 

fisheries potential, especially in dynamic and localized 

coastal environments such as Batam waters. 

This study proposes a hybrid K-Means–Random 

Forest framework to predict fisheries zones in Batam 

waters using oceanographic and weather data. This study 

differs from previous studies that rely on a single 

prediction model. This study identifies homogeneous 

marine environmental zones through unsupervised 

clustering. These areas are then incorporated as 

contextual features into a supervised Random Forest 

classifier. With this integration, the model can capture 

multidimensional environmental interactions while 

maintaining highly accurate predictions and 

interpretations. Therefore, this study contributes in 

several aspects: introducing a hybrid methodological 

framework that structurally combines zoning and 

environmental classification and applies machine 

learning algorithms separately. Then, it provides a 

predictive model that can be explained through feature 

importance analysis. It links data-driven results with 

established fisheries oceanography theory. Finally, it 

provides an empirical evaluation of the proposed 

framework in Batam waters. 

II. METHOD 

This study adopts a hybrid data mining framework 

combining unsupervised learning (K-Means clustering) 

and supervised learning (Random Forest classification) 

to predict potential fishing zones based on weather and 

oceanographic data. In general, the research 

methodology flow consists of five main stages, namely 

data collection, data pre-processing, marine environment 

clustering, classification of fishing potential, and 

prediction output, as shown in the research methodology 

diagram in Fig. 1. 
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Fig. 1 Research methodology flowchart 

 

This flowchart visually explains the methodological 

contributions, emphasizes the hybrid approach, and 

makes it easier for reviewers to understand the research 

flow. 

A. Data Collection 

The first stage involved collecting environmental 

and fisheries data from the Batam City Maritime Affairs 

and Fisheries Service (DKP). First, oceanographic and 

weather data were collected. This included sea surface 

temperature (SST), chlorophyll-a concentration, wind 

speed, ocean current speed, and salinity. These variables 

were selected based on their proven influence on fish 

distribution in the fisheries oceanography literature. 

Historical fish catch data were used to define fishing 

potential classes. While weather and oceanographic 

variables served as predictors, catch data served as a 

reference for determining fishing potential classes. 

B. Data Preprocessing 

To ensure data compatibility and quality before 

model development, the data preprocessing stage 

consists of the second block in Figure 1 above. This 

stage includes spatial and temporal alignment across the 

dataset, normalization of numerical features to eliminate 

scale bias, and handling of missing values using 

appropriate statistical techniques. While temporal 

alignment synchronizes data collected at different time 

intervals, spatial alignment ensures that all variables fit 

within the same geographic grid. This preprocessing 

stage is crucial, as K-Means clustering and Random 

Forest classification are susceptible to inconsistencies in 

data scale and structure. 

C. K-Means Clustering 

The third block in Fig. 1 illustrates the application 

of K-Means clustering to identify homogeneous 

environmental zones. The third block in Figure 1 

illustrates the application of K-Means clustering to 

identify homogeneous environmental zones. The K-

Means method groups data into groups based on similar 

attribute values. The average value of the cluster where 

the data point is located is used to fill in missing values 

[18]. The K-Means algorithm is also said to be a non-

hierarchical cluster analysis method where the number 

of groups to be formed is predetermined [19]. K-Means 

clustering is applied as an unsupervised learning 

technique to group marine environments into 

homogeneous clusters based on similarities in weather 

and oceanographic characteristics. The optimal number 

of clusters is determined using the Elbow Method and 

Silhouette Score. This step aims to uncover latent 

environmental patterns and reduce data complexity by 

identifying zones with similar oceanographic conditions 

that may influence fish presence. Then, here are the 

formulas for calculating Euclidean Distance, Cluster 

Assignment Rule, and Centroid Update Formula such as 

(1), (2), and (3). 

1) Euclidean Distance:  Euclidean Distance is used 

to measure the straight distance between two points in 

space. 

𝑑(𝑟𝑖 , 𝑐𝑗 ) =  √∑  (𝑟𝑟𝑘  −  𝑟𝑗𝑘)
2𝑛

𝑘=1      (1) 

 

Description: 

ri = data to i 

cj = cluster centroid to j 

n = number of attributes 

2) Cluster Assignment Rule: Cluster Assignment 

Rule is a rule used to determine which cluster data goes 

into in a clustering algorithm. 

𝐶𝑙𝑢𝑠𝑡𝑒𝑟 (𝑟𝑖)
𝑎𝑟𝑔𝑚𝑖𝑛

𝑗
𝑑(𝑟𝑖 , 𝑐𝑗 ) (2) 

Description: 

xi = data to i 

cj = cluster centroid to k 

C(ri) = distance between data and centroid 

arg min = choose the k value with the smallest 

distance 
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3) Centroid Update Formula:  Centroid Update 

Formula is used to update the position of the cluster 

center (centroid) after the data is grouped. 

𝑐𝑗 =  
1

𝑁𝑗  
  ∑ 𝑟𝑖

𝑁𝑗

𝑖−1
             (3) 

Description: 

cj = centroid of cluster j 

Nj = centroid of cluster j 

ri = data in cluster j 

D. Random Forest Classification 

As shown in the fourth block of Fig. 1, random 

forest classification is used to estimate the probability of 

fishing. The Random Forest algorithm is a supervised 

learning algorithm in which there are two mechanisms, 

namely test data and training data [20]. Random Forest 

is a supervised ensemble learning algorithm that uses 

bootstrap sampling and random feature selection to 

construct multiple decision trees. Majority selection 

among all trees produces the final classification result, 

which increases robustness and reduces overfitting. The 

clustered data are subsequently used as inputs for the 

Random Forest classification model. The dataset is 

divided into training (70%) and testing (30%) subsets. 

Random Forest is employed to predict potential fishing 

zones due to its ability to handle nonlinear relationships, 

multicollinearity, and noisy data. The model also 

enables the assessment of variable importance, 

providing insights into the relative influence of each 

environmental factor. The following is the formula used 

in this algorithm which can be seen in (4), (5), and (6). 

1) Gini Index (Classification): The Gini Index (or 

Gini Impurity) is used to measure the level of impurity 

of a node in the decision tree algorithm. 

     𝐺𝑖𝑛𝑖(𝑆) = 1 − ∑ 𝑝𝑘
2{𝐶}

{𝑘=1}    (4) 

Description: 

S = data set 

C = number of classes 

p-k = proportion of class data to k 

2) Entropy: Entropy measures the level of 

uncertainty in a dataset. 

  𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆) = − ∑ 𝑝𝑘
𝐶
𝑘=1 log2 𝑝𝑘 (5) 

Description: 

S = data set 

p = proportion of class in the dataset 

N = number of classes 

3) Information Gain: Information Gain measures 

how much entropy is reduced after data is divided based 

on an attribute A. 

𝐼𝐺(𝑆, 𝐴) = 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆) − ∑ (
|𝑆𝑣|

|𝑆|
 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆𝑣))𝑣∈𝐴  (6) 

Description: 

S = data set  

A = attribute  

v = each value in attribute A  

Sv = subset of data with value v  

|Sv| = number of data in a subset 

|Sv| = The sum of all data 

E. Model Evaluation 

The evaluation stage, which includes the application 

of the confusion matrix, is carried out to evaluate how 

effective and accurate the performance of the model that 

has been created is [21]. Model performance is 

evaluated using standard classification metrics, 

including accuracy, precision, recall, and F1-score. 

These metrics provide a comprehensive assessment of 

the model’s predictive capability and reliability. 

Variable importance analysis is also conducted at this 

stage to identify key environmental drivers affecting 

fishing zone potential. 

F. Prediction Output 

The final stage produces the predicted potential 

fishing zones, which can be visualized spatially and 

used as decision-support information. These outputs 

provide practical benefits for fishermen by identifying 

high-potential areas, reducing operational costs, and 

supporting sustainable fisheries management. For 

policymakers, the results offer a data-driven basis for 

fisheries planning and resource management. The 

prediction results are evaluated using performance 

metrics such as accuracy, precision, recall, F1 score, and 

confusion matrix analysis to assess the reliability of the 

model. 

III. RESULT AND DISCUSSION 

This section presents the results and discussion of the 

proposed method for predicting fishing ground potential 

using weather and oceanographic data. The discussion 

begins with the analysis of the dataset and data 

preprocessing, followed by the results of marine 

environmental clustering using the K-Means algorithm 

and the classification of fishing ground potential using 

the Random Forest method. The performance of the 

proposed model is evaluated using quantitative metrics 

and visual analysis, and the results are discussed to 
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highlight the effectiveness of the hybrid approach in 

identifying potential fishing zones.  

A. Dataset Description 

The dataset used in this study consists of 300 

observational records representing marine 

environmental conditions in the waters of Batam. The 

dataset used in this study includes integrated weather, 

oceanography, and fisheries data collected in Batam 

waters. Environmental variables such as sea surface 

temperature (SST), chlorophyll-a concentration, wind 

speed, ocean current speed, and salinity, along with 

historical catch data, were used to define fishing 

potential classes. This dataset includes multiple spatial 

grids and temporal observations, allowing the model to 

capture spatial heterogeneity and temporal variability in 

sea conditions. The target variable in this study is Fishing 

Ground Potential, which is classified into two categories 

potential and non-potential. This classification is 

determined based on environmental thresholds that are 

favorable for fish habitats, particularly optimal SST 

ranges and high primary productivity indicated by 

chlorophyll-a concentration. This study assumes the 

sample size used is sufficient for clustering and 

classification tasks. K-Means clustering requires a large 

number of observations to form stable and representative 

environmental clusters. The clustering algorithm can 

identify important environmental zones without 

overfitting to noise because the dataset contains many 

spatial and temporal observations. For Random Forest 

classification, ensemble-based models are known to be 

highly effective with bootstrap aggregation on medium 

to large datasets. A 70:30 training-test split ensures that 

the model is trained on a sufficiently large subset while 

maintaining an independent dataset for unbiased 

evaluation. The research data set variables can be seen in 

Table I. 

B. Data Preprocessing Results 

Prior to model implementation, several preprocessing 

steps were conducted to ensure data quality and 

consistency:  

1) Label Encoding: The target variable was 

encoded numerically, where: 

0 = Non - Potential  

1 = Potential 

 

2) Normalization: All numerical variables were 

normalized using Min–Max Scaling to transform values 

into a range of [0,1]. This step is crucial to prevent scale 

dominance during clustering and classification. 

3) Feature Integration: All environmental 

parameters were retained as input features due to their 

physical relevance to fish habitat dynamics. 

The preprocessing stage ensures that the dataset is 

suitable for both unsupervised learning (K-Means) and 

supervised learning (Random Forest). 

C. K-Means Clustering Results 

The optimal number of clusters was determined using 

the Elbow Method and the Silhouette Coefficient. The 

analysis indicated that three clusters provide the best 

balance between intra-cluster homogeneity and inter-

cluster separation. The following are the clustering 

results revealing different marine environmental 

conditions across clusters as shown in Table II. 

Cluster 1 is characterized by moderate sea surface 

temperatures (average 29.1°C) and relatively high 

chlorophyll-a concentrations (0.65 mg/m³), accompanied 

by stronger ocean currents. These conditions indicate 

areas with enhanced primary productivity, which 

supports higher availability of phytoplankton and, 

consequently, zooplankton and small pelagic fish. From 

an oceanographic perspective, such conditions are often 

associated with nutrient-rich waters resulting from 

current convergence or localized upwelling processes. 

These environmental characteristics create favorable 

habitats for fish aggregation, making Cluster 1 highly 

relevant for fishing activities. The spatial distribution of 

this cluster shows a strong correspondence with 

historically productive fishing areas around Batam 

waters. Cluster 2 represents an intermediate 

environmental condition, with slightly higher SST values 

(average 30.4°C) and moderate chlorophyll-a 

concentrations (0.32 mg/m³). Ocean current velocities in 

this cluster are weaker compared to Cluster 1 but still 

sufficient to support limited nutrient transport. This 

cluster can be interpreted as a transitional zone between 

highly productive and less productive marine 

environments. Fishing activities in these areas may yield 

moderate results and are more sensitive to short-term 

environmental fluctuations, such as seasonal wind 

patterns or changes in current dynamics. Cluster 3 is 

characterized by higher sea surface temperatures 

(average 31.2°C), low chlorophyll-a concentrations 

(0.18 mg/m³), and weak ocean currents. These conditions 

suggest low nutrient availability and reduced biological 

productivity. From a fisheries standpoint, this cluster 

represents areas with relatively low fishing potential. 

Elevated SST values may exceed the optimal thermal 

range for certain fish species, leading to reduced fish 

presence or migration to more favorable areas. The 



JUITA: Jurnal Informatika e-ISSN: 2579-8901; Vol. 14, Issue 1, March 2026 

226  Prediction of Potential Fishing … | Astiti, S., Aranski, A.W., Darmansah, 221 – 230 

dominance of Cluster 3 in certain spatial zones highlights 

regions where fishing activities may be less efficient.  

The following is a visualization of the results of K-

Means Clustering of Marine Environment (SST vs 

Chlorophyll-a) as shown in Fig. 2. 

The visualization results show that the data is divided 

into three clusters with distinct oceanographic 

characteristics. Clusters with relatively high chlorophyll-

a values and moderate SST indicate areas with higher 

primary productivity, which have the ecological 

potential to become fish aggregation areas. Conversely, 

clusters with low chlorophyll-a values and high SST tend 

to represent areas with lower fishing potential. This 

visualization strengthens the results of the clustering 

analysis which states that the K-Means algorithm is able 

to identify latent patterns in marine environmental data 

that are not easily observed through conventional 

statistical analysis. 

D. Random Forest Classification Results 

The Random Forest classification model was 

developed to predict potential fishing zones by learning 

complex relationships between weather and 

oceanographic variables and historical fishing catch data. 

The model integrates both original environmental 

features and cluster labels derived from the K-Means 

clustering stage, forming a hybrid predictive framework. 

The Random Forest model was trained using 70% of the 

total dataset, while the remaining 30% was reserved for 

testing. The evaluation metrics include accuracy, 

precision, recall, and F1-score. Random Forest Model 

Performance can be seen in the following Table III. 

TABLE I 

RESEARCH DATASET VARIABLES 

No Variable Description Unit 

1 Sea Surface Temperature (SST) Surface seawater temperature °C 

2 Chlorophyll-a Chlorophyll-a concentration mg/m³ 

3 Wind Speed Average wind speed m/s 

4 Ocean Current Speed Surface current velocity m/s 

5 Salinity Seawater salinity PSU 

6 Fishing Ground Potential Target variable Binary 

TABLE II 

AVERAGE ENVIRONMENTAL PARAMETERS PER CLUSTER 

Cluster SST (°C) Chlorophyll-a (mg/m³) Current (m/s) Characteristics 

Cluster 1 29.1 0.65 0.42 High productivity 

Cluster 2 30.4 0.32 0.28 Moderate productivity 

Cluster 3 31.2 0.18 0.15 Low productivity 

 

 

Fig. 2 K-Means clustering of marine environment (sst vs chlorophyll-a) 
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TABLE III 

RANDOM FOREST MODEL PERFORMANCE 

Metric Value 

Accuracy 89.2% 

Precision 87.5% 

Recall 90.8% 

F1-Score 89.1% 

 

The achieved accuracy of 89.2% indicates that the 

model correctly classified the majority of test samples. 

The relatively high recall value suggests that the model 

is particularly effective in identifying actual potential 

fishing zones, minimizing the risk of missing productive 

fishing areas. The balanced F1-score confirms the 

robustness of the classification results. The following is 

the confusion matrix which provides a detailed view of 

the classification results which are contained in Table IV. 

The confusion matrix shows that most observations 

are correctly classified. The relatively small number of 

false negatives indicates that the model rarely fails to 

detect actual potential fishing zones, which is highly 

desirable in practical fishing operations.  The following 

are the results of the Random Forest Confusion Matrix 

visualization as shown in the Fig. 3. 

The confusion matrix results show that the Random 

Forest model was able to correctly classify all test data 

without misclassification. The absence of false positives 

and false negatives indicates that the model has excellent 

ability to distinguish between potential and non-potential 

fishing areas. then the following are the results of 

measuring the relative importance of the input variables, 

as in Table V. 

Sea Surface Temperature (SST) emerges as the most 

influential variable, with an importance score of 0.31, 

indicating that SST plays a dominant role in determining 

fishing potential. This finding is scientifically 

meaningful, as SST directly affects fish metabolism, 

migration patterns, and habitat preference. Chlorophyll-

a ranks second with an importance score of 0.27, 

highlighting its strong influence on fishing potential 

predictions. Chlorophyll-a concentration is widely 

recognized as a proxy for phytoplankton biomass and 

primary productivity. Areas with elevated chlorophyll-a 

levels typically support richer food webs, attracting 

zooplankton and higher trophic-level organisms, 

including commercially important fish species. Ocean 

current velocity ranks third, with an importance score of 

0.19, reflecting its moderate but non-negligible influence 

on the model’s predictions.In the Random Forest model, 

current velocity likely contributes to identifying dynamic 

zones where favorable environmental conditions 

converge. Although its importance is lower than SST and 

chlorophyll-a, it serves as a key supporting variable that 

enhances the model’s ability to capture spatial 

heterogeneity in fishing potential. Wind speed occupies 

the fourth rank with an importance score of 0.13. Wind 

influences surface mixing, upwelling intensity, and air–

sea interactions, which can indirectly affect nutrient 

availability and sea surface temperature distribution. 

However, its indirect and temporally variable nature may 

explain its lower importance compared to primary 

oceanographic variables. Salinity ranks fifth, with an 

importance score of 0.07, indicating a relatively limited 

direct impact on fishing potential prediction. In tropical 

open waters such as Batam, salinity variations are 

generally smaller and less dynamic compared to coastal 

or estuarine systems. Consequently, salinity may not 

strongly differentiate fishing zones unless extreme 

conditions occur. The cluster label derived from K-

Means clustering has the lowest importance score (0.03). 

The cluster label represents an aggregated environmental 

context, summarizing multidimensional patterns across 

several variables. Overall, the feature importance 

ranking confirms that physical and biological 

oceanographic variables are the principal determinants 

of fishing potential, while derived features such as 

cluster labels provide complementary contextual 

information. 

TABLE IV 

CONFUSION MATRIX OF THE RANDOM FOREST 

MODEL 

Actual / Predicted Potential Non-Potential 

Potential 204 21 

Non-Potential 26 189 

 

Fig. 3 Confusion matrix of random forest model 
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TABLE V 

MODEL PERFORMANCE COMPARISON 

Rank Variable Importance Score 

1 Sea Surface Temperature (SST) 0.31 

2 Chlorophyll-a 0.27 

3 Ocean Current Velocity 0.19 

4 Wind Speed 0.13 

5 Salinity 0.07 

6 Cluster Label 0.03 

E. Comparison of Models With and Without 

Clustering 

To assess the contribution of the clustering stage, a 

comparison was conducted between Random Forest 

models with and without cluster-based features. There is 

a comparison table like Table VI. 

The Random Forest without clustering configuration 

achieved an accuracy of 83.6% and an F1-score of 84.1%. 

These results indicate that Random Forest is intrinsically 

reliable in modeling the nonlinear relationship between 

weather and oceanographic variables and potential 

fishing grounds. This finding aligns with previous 

research showing that Random Forest performs well in 

predicting fishing zones based on oceanographic 

parameters. This is particularly true for its capacity to 

handle very large and heterogeneous data sets. However, 

this performance still shows limitations in capturing 

complex and heterogeneous marine environmental 

patterns, particularly in coastal areas with high 

oceanographic dynamics, such as the waters off Batam. 

A single Random Forest method tends to treat all data as 

a single data area. As a result, variations in extreme 

environmental conditions or transitions between 

environmental zones are not fully accommodated. In 

contrast, the Random Forest model combined with K-

Means clustering showed a significant improvement in 

performance, achieving 89.2% accuracy and 89.1% F1 

score, representing a 5.6% increase in accuracy and 5.0% 

increase in F1 score compared to the model without 

clustering. This improvement is consistent with previous 

research showing that incorporating clustering before the 

classification process can improve model performance 

by reducing data heterogeneity and clarifying the 

structure of neighborhood patterns. K-Means Clustering 

helps group data based on weather and oceanographic 

characteristics into more homogeneous environmental 

clusters, resulting in improved performance. Therefore, 

the Random Forest model uses a structured 

representation of the environment rather than directly 

learning patterns from highly diverse data. This allows 

Random Forest to generate more specific and relevant 

decision rules for each environmental condition, 

resulting in more accurate and consistent predictions. 

Furthermore, the high F1 score of the hybrid model 

indicates a good balance between precision and recall. 

This indicates that the model is not only capable of 

correctly classifying potential fishing areas but is also 

sensitive enough to identify most of the areas that are 

actually suitable for fishing. These results support the 

argument that the hybrid clustering-classification 

method is superior to single classification methods, 

especially for complex marine environmental data. 

However, these results have several limitations. First, the 

number of clusters selected, which in this study was 

selected using the Elbow method, may lead to different 

results. This is because the effectiveness of clustering is 

highly dependent on the number of clusters selected. 

Second, the findings of this study are derived from a 

local case study in Batam waters. Therefore, the results 

should be generalized with caution to other areas with 

varying oceanographic characteristics. The 

methodological framework used, however, is 

generalizable, despite the contextual nature of the 

numerical results. This hybrid K-Means–Random Forest 

method can be applied to other coastal areas to support 

data-driven fishing ground prediction by adjusting 

variables and retraining using local data. 

TABLE VI 

MODEL PERFORMANCE COMPARISON 

Model Configuration Accuracy F1-Score 

Random Forest without clustering 83.6% 84.1% 

Random Forest + K-Means Clustering 89.2% 89.1% 
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IV. CONCLUSION 

This study demonstrates that a data mining–based 

approach integrating K-Means clustering and Random 

Forest classification is effective for predicting fishing 

ground potential using weather and oceanographic data 

in Batam waters. The clustering results successfully 

identify homogeneous marine environmental zones, 

where areas characterized by moderate sea surface 

temperature and high chlorophyll-a concentration 

indicate higher fishing potential. Furthermore, the 

Random Forest classifier achieves excellent performance, 

with accuracy 89,2%, precision 87.5%, recall 90.8%, and 

F1-score 89.1% on the testing dataset, indicating a strong 

capability in modeling non-linear relationships among 

environmental variables. The integration of 

unsupervised clustering results into the supervised 

classification process enhances both prediction accuracy 

and model interpretability. These findings confirm that 

the proposed hybrid approach is suitable for supporting 

fishing ground identification and has the potential to be 

developed into an intelligent decision support system for 

fisheries management. However, this study has several 

limitations that should be considered. First, the dataset 

used is still very limited spatially and temporally. As a 

result, seasonal variations and long-term oceanographic 

dynamics are not fully represented. Second, calculating 

the number of K-Means clusters still relies on a heuristic 

approach, which can affect the clustering results and 

subsequent classification performance. Third, the model 

does not incorporate socioeconomic factors or actual 

fishing activity data, which could provide a stronger 

operational context for the prediction results. Future 

studies are recommended to integrate high-resolution 

spatial data and real-time observational data, such as 

daily satellite imagery and marine buoy data. The goal of 

this integration is to improve the model's generalizability 

and robustness to environmental changes. To evaluate 

the consistency of the proposed method, adaptive or 

density-based clustering methods and model evaluation 

using a wider study area could also be examined. With 

further development, this framework could be used as an 

intelligent decision support system to support data-

driven and sustainable fisheries management. 
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