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Social forestry development requires balancing ecological sustainability with community 

welfare, yet decision-making often relies on subjective assessments without systematic 

optimization. This study proposes a hybrid machine learning model—K-Means Random 

Forest Fuzzy Learning Vector Quantization (KM-RF-FLVQ)—that integrates K-Means 

clustering, Random Forest (RF) feature selection, and Fuzzy Learning Vector Quantization 

(FLVQ) classification to enhance intelligent decision making for green economy-based 

social forestry. Survey data were collected from 1,000 respondents living near forest borders 

in Ngawi Regency, East Java, Indonesia, covering 13 green economy variables. KM-RF-

FLVQ first applies K-Means to cluster unlabeled citizen assessments, then RF to rank 

variable importance, and finally FLVQ for classification. Experiments evaluated three 

variable sets (9, 11, and 13 variables) under varying iteration counts (250, 500, 750, 1000) 

and three RF tree configurations (T = 20, 40, 60). Results demonstrate that increasing the 

number of variables improves model accuracy. The optimal configuration—using all 13 

variables, T = 40, and 1000 iterations—achieves the highest accuracy of 91.5%, 

outperforming configurations with fewer variables (9 variables: 89%; 11 variables: 90.5%). 

KM-RF-FLVQ also surpasses existing methods, including RF (82.26%) and K-Means 

FLVQ (88.00%), as reported in comparable studies. These findings confirm that hybrid 

machine learning with systematic variable optimization can significantly improve 

intelligent decision-making accuracy for green economy-based social forestry development. 
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1. INTRODUCTION

Social forestry is a forest management approach that 

recognizes individuals as critical stakeholders. To efficiently 

oversee this system, the community organizes itself into 

various organizations, including agroforestry, 

agrosilvopasture, agroindustry, and ecotourism [1]. The 

primary objectives of social forestry management are to 

improve the welfare of the community and the local economy 

in the vicinity of the forest [2]. 

To promote sustainable development, numerous European 

Union countries are implementing green economy principles 

[3]. This approach is advantageous in the context of social 

forestry. Social forestry can help preserve forests and optimize 

resource use by applying green economy principles. 

Implementing a green economy offers a range of benefits, 

including the potential to create jobs, improve community 

well-being, and enhance sustainability [4]. The 

implementation of green economy principles in developing 

countries is well-suited to advancing social forestry [5]. 

Nevertheless, the social forestry concept has not made the 

most substantial progress [6-8]. It is important that the 

Ministry of Forestry has a social forestry concept suitable for 

decision-making related to social forestry development. 

In numerous studies, the concept of social forestry can be 

developed using intelligent decision-making models [9, 10]. 

Intelligent decision-making models can be developed using 

machine learning algorithms [11-21]. These models have the 

potential to improve efficiency and facilitate agreement 

formulation [22, 23]. Given that machine learning has the 

potential to improve model reliability [24-26]. Intelligent 

decision-making systems can be improved through machine 

learning. Intelligent decision-making systems based on hybrid 

machine learning can improve decision quality. This 

methodology is suitable for managing data complexity in 

decision-making systems [27-29]. Intricate data, such as 

evaluative information from communities at the forest 

periphery, is required for optimal decision-making in social 

forestry development. 

Machine learning algorithms have been demonstrated to be 

capable of effectively managing forests in previous research. 

For example, machine learning models can manage forests 

with an accuracy of over 90% [30, 31]. However, when a forest 

management approach incorporated social data (citizen 

surveys), the accuracy rate was 55% [32].  

The Fuzzy Learning Vector Quantization (FLVQ) method 

is employed in machine learning. Specifically, individuals 

have used the FLVQ approach to manage forests. When 
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applied, FLVQ achieves over 85% accuracy [33, 34]. To 

achieve optimal results, its accuracy must still be enhanced. 

Nonetheless, FLVQ has demonstrated greater precision than 

LVQ in multiple studies [35]. Building upon this, a superior 

version called K-Means FLVQ has been developed through 

research. In this method, the K-Means algorithm and FLVQ 

are combined to organize and categorize objects. The K-

Means FLVQ technique achieved 88% accuracy, suggesting 

that FLVQ's efficacy can be enhanced by K-Means [36]. 

Additionally, machine learning can be optimized through 

the Random Forest (RF) method. The RF method has been 

shown to be effective when combined with K-Means in 

numerous investigations [37, 38]. The RF method can increase 

K-Means accuracy by up to 99% [37]. This is particularly

noteworthy. Additionally, it has the potential to simplify the

classification procedure [39, 40]. RF can select variables [41,

42]. Precision can be improved by selecting variables. This

approach may function as an optimization strategy [42, 43].

Optimization has also been demonstrated in hybrid machine 

learning models. Compared with singular models, hybrid 

models exhibit superior accuracy [36, 44-48]. Compared with 

LVQ, fuzzy LVQ achieves superior results [35]. Compared 

with Neuro Fuzzy and K-Means, K-Means FLVQ exhibits 

superior performance [47]. The Hybrid RF with CNN 

outperforms CNN alone [48]. Hybrid models have been 

demonstrated to be effective for optimization. Additionally, 

several of them have demonstrated the capacity to improve 

decision-making systems [36, 49, 50]. However, the impact of 

variable quantity on model optimization, particularly in hybrid 

decision-making systems, has not been investigated in prior 

research. 

This research has several objectives: (1) to develop a hybrid 

optimization model for an intelligent decision-making system 

framework, particularly for social forestry development; (2) to 

analyze the impact of variable quantity on the hybrid model 

for an intelligent decision-making system in social forestry 

development. 

Machine learning and principles from the green economy 

are employed in the model development. K-Means, FLVQ, 

and RF were among the machine learning methods employed 

in this research. It is anticipated that the development of green-

economy-based social forestry will be more optimal when K-

Means, FLVQ, and RF are combined. Local citizen-based 

assessment data on forest edges can be clustered using the K-

Means algorithm. Next, the RF algorithm can identify the most 

suitable variables. The classification of FLVQ is performed 

using optimal variable selection. The classification results 

inform intelligent decision-making for the development of 

social forestry within the green economy. 

The accuracy of a model can be evaluated by employing the 

Confusion Matrix approach for model validation. The 

accuracy value is obtained by comparing the goal data to the 

total data. The model validation results may be derived from 

data-suitability outcomes [51-54]. It is anticipated that the 

results of this research will advance the field of information 

systems, particularly by enabling more precise and efficient 

decision-making. 

2. LITERATURE REVIEW

2.1 Intelligent decision making system 

A decision support system is equivalent to a decision-

making system. An evolution of an information system is a 

decision-making system. This system has the potential to help 

resolve decision-making challenges. Relevant data is used in 

the decision-making process. An example pertains to the 

decision-making process within an organization and a 

business [55]. Rapid decision-making is facilitated by 

decision-making systems, which are indispensable in an 

organization. To resolve issues, it is imperative to provide 

guidance on which options to pursue [56]. 

Rapid decision-making is facilitated by decision-making 

systems, which are indispensable in an organization. To 

resolve issues, it is imperative to provide guidance on which 

options to pursue. The development of decision-making 

systems can address increasingly complex issues. The 

Intelligent Decision-Making System serves as an example. 

Informed decision-making can be facilitated by artificial 

intelligence (AI). Artificial intelligence is implemented 

through machine learning. Intricate issues can be resolved by 

incorporating machine learning and decision-making systems 

[57, 58]. An Intelligent Decision-Making System that is based 

on hybrid machine learning has the potential to make accurate 

decisions when confronted with complex variable problems 

[29]. The system's decision-making outcomes depend on the 

selection of variables [59]. 

2.2 K-Means clustering 

Citizen assessments generate unlabeled data. The K-Means 

method can be employed to cluster this unlabeled data. Data 

patterns that exhibit similar characteristics can serve as a basis 

for classification. The principal advantage of K-Means is its 

computational efficiency [60]. The K-Means method is a 

multi-stage process [36, 61, 62]. 

- Set K

- Determine the distance 𝑥 and 𝐾 with Eq. (1):

𝐷𝑖𝑠𝑡(𝑥, 𝐾) = √∑(𝑥𝑖 − 𝐾𝑖)2

𝑛

𝑖=1

(1) 

- Determine 𝐾𝑛𝑒𝑤  with Eq. (2):

𝐾𝑛𝑒𝑤 =
1

𝑛𝑗

∑ 𝑥𝑖

𝑛𝑗

𝑖=1

(2) 

- Back to step 1 with 𝐾𝑛𝑒𝑤

- If vertex point update, then back to step 2. Otherwise, it

is finished.

where, K is cluster centre, 𝑥 is vector data, 𝐾𝑛𝑒𝑤  is new cluster

centre, n is total vector, i is data index, 𝑥𝑖 is vector data with

index. 

2.3 Random Forest optimization 

The RF method is a machine learning approach based on 

decision trees. This approach is advantageous for optimizing 

models [63, 64]. A critical component of optimization is 

identifying the most pertinent variables. The RF method 

comprises multiple phases [63]: 

- Set D and T

- For t=1 to T, then:

a. Determine Dt
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b. Training 𝐺𝑡(𝑥) with random feature subset.

- Classify:

𝑓(𝑥) = 𝑚𝑎𝑗𝑜𝑟𝑖𝑡𝑦 𝑣𝑜𝑡𝑖𝑛𝑔(𝐺𝑡(𝑥)) (3) 

where, D is dataset, T is number of trees, Dt is bootstrap sample, 

𝐺𝑡(𝑥) is decision tree, f(x) is final prediction function, and t is

iteration. 

2.4 Fuzzy Learning Vector Quantization classification 

The FLVQ method is a machine learning approach used for 

classification [36]. It integrates components of LVQ and 

Fuzzy C-Means [65]. The FLVQ method comprises numerous 

stages [36, 65, 66]: 

- Initializing C, N, mi, and mf

- Set t = 0

- Set 𝑤0

- Calculate iteration with Eq. (4):

𝑡 = 𝑡 + 1 (4) 

- Calculate 𝑚 with Eq. (5):

𝑚 = 𝑚𝑖 + 𝑡 [
(𝑚𝑓 − 𝑚𝑖)

𝑁
] (5) 

- Calculate 𝛼𝑖𝑗,𝑡 with Eq. (6):

𝛼𝑖𝑗,𝑡 = [∑ (
‖𝑥𝑖 − 𝑤𝑗,𝑡−1‖

2

‖𝑥𝑖 − 𝑤𝑙,𝑡−1‖
2)

1
(𝑚−1)⁄𝐶

𝑖=1

]

−𝑚

(6) 

with 1 ≤ 𝑖 ≤ 𝑀 and 1 ≤ 𝑗 ≤ 𝐶. 

- Calculate η𝑗,𝑡 with Eq. (7):

η𝑗,𝑡 = (∑ 𝛼𝑖𝑗,𝑡

𝑀

𝑖=1

)

−1

(7) 

with 1 ≤ 𝑗 ≤ 𝐶. 

- Calculate 𝑤𝑗,𝑡 with Eq. (8):

𝑤𝑗,𝑡 = 𝑤𝑗,𝑡−1 + 𝜂𝑗,𝑡 ∑ 𝛼𝑖𝑗,𝑡

𝑀

𝑖=1

(𝑥𝑖 − 𝑤𝑗,𝑡−1) (8) 

with 1 ≤ 𝑗 ≤ 𝐶. 

- Calculate 𝐸𝑡 with Eq. (9):

𝐸𝑡 = ∑‖𝑤𝑗,𝑡 − 𝑤𝑗,𝑡−1‖
2

𝐶

𝑗=1

(9) 

- If 𝑤 < 𝑁 and 𝐸𝑡 > 𝜉, back to step 4

where, C is number of class, N is maximum iteration, mi is

initial weighted ranking as a membership function, m is

weighting rank, mf is final weighted ranking as a membership

function, t is iteration, w0 is initial weight, η is learning rate, Et

is error for iteration, w is weight, ξ is error toletance. and α is

degree of membership.

2.5 Euclidean Distance 

Euclidean Distance is a data recognition technique that 

utilizes distance computations. The minimal distance value is 

used in the recognition process. Eq. (10) provides the formula 

for calculating the Euclidean Distance [67, 68]. 

𝑑𝑖𝑗 = √∑(𝑥𝑖𝑘 − 𝑤𝑗𝑘)
2

𝑛

𝑘=1

(10) 

where, d is distance similarity, x is data value, w is weight, i is 

data index, and k is reference data index. 

2.6 Confusion matrix for multi-label 

The effectiveness of a model can be demonstrated through 

the confusion matrix method. Accuracy is one of the primary 

metrics for success in this approach, which employs a table for 

performance evaluation [51, 52]. The confusion matrix can 

also evaluate the efficacy of multi-class recognition in models 

that contain more than two classes. Table 1 illustrates the 

multi-label components of the confusion matrix [69]. 

Table 1. Confusion matrix 

Actual / Predicted 
Predicted Value 

Label1 Label2 Label3 Label4 

Actual Value 

Label1 TP1 

Label2 TP2 

Label3 TP3 

Label4 TP4 

The accuracy of the model can be calculated using Eq. (11) 

[51, 52]. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
× 100% (11) 

where, TP is the number of data items correctly identified as 

positive, TN is the number of data items correctly identified as 

negative, FP is the number of data items correctly identified as 

positive when they are actually negative, FN is the number of 

data items correctly identified as negative when they are 

actually positive.  

3. METHODS

The Methods chapter outlines the process for developing an 

intelligent decision-making model that supports the 

advancement of a green economy through social forestry. The 

stages of model development are illustrated in Figure 1. 

The research procedure stages are presented in Figure 1. 

The initial phase begins with a literature review, the first step 

in model development. This preliminary phase is crucial for 

identifying research gaps and collecting relevant literature. 

After this, the researcher proceeds to the second stage: data 

collection. This stage utilizes observational methods to collect 

citizen assessments, which provide valuable input for the 

intelligence model that informs decision-making. Clustering, 

variable optimization, and classification comprise the 

decision-making model. Upon completion of these procedures, 

the results are assessed to determine the model's validity, a 
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critical step in the validation process. 

Figure 1. Stages of model development 

3.1 Problem identification 

This research identifies two key problem formulations 

based on the findings from the literature study: (1) The 

development of a hybrid optimization model for a framework 

for intelligent decision-making systems, particularly for the 

growth of social forestry; and (2) The examination of the 

impact of variables varying amounts on the hybrid model for 

an intelligent decision-making system in social forestry 

growth. 

The research void addressed in this research is underscored 

by these problem formulations. Previous research has 

demonstrated the advantages of various machine learning 

techniques, such as K-Means, Random Forests, and FLVQ. K-

Means is effective for aggregating unlabeled data, RF is 

particularly adept at identifying influential variables, and 

FLVQ is beneficial for classifying labeled data. 

3.2 Dataset 

The research is concentrated on Ngawi Regency in East 

Java, Indonesia, where part of the geographical area is forested. 

The research required the participation of residents living in 

the area surrounding the forest border to collect data. 

Assessing residents' perceptions of green economy variables 

was a critical component of the research. Observational 

techniques, particularly questionnaire assessments, were 

employed to gather this information. The model's 

effectiveness depends on citizen assessment data. Improving 

citizen well-being is one of the advantages of this research. As 

a result, the success of this research depends on citizen 

feedback. 

Additionally, literature review methods were employed to 

gather information on variables related to the green economy. 

The variables were chosen based on earlier studies that were 

related to the growth of social forestry. Additionally, the 

factors were confirmed by forestry expert Dr. Anang Susanto, 

S.Hut., M.Sc. The variables must pertain to the notion of the

green economy. A literature review has identified the

following green economy variables pertinent to social forestry

development [3-5]:

1. Distance from village to forest (x1)

2. Land cover percentage (x2)

3. Soil fertility (x3)

4. Citizen income (x4)

5. Land conflict potential (x5)

6. Forest history classification (x6)

7. Main plant type (x7)

8. Plant cycle (x8)

9. Land topography (x9)

10. Livestock potential (x10)

11. Home industry (x11)

12. potential Ecotourism types (x12)

13. Land for Food source potential (x13)

The Likert Scale can be used for citizen assessment [70, 71].

Residents living at the edge of the forest evaluated various 

factors related to social forestry development, assigning 

ratings on a scale from 1 to 9. The outcomes of these citizen 

assessments are illustrated in Table 2. 

Table 2. Citizen assessment data 

Data ID Variable Code Value 

Data1 

x1 1 

x2 2 

x3 1 

x4 8 

x5 5 

x6 2 

x7 8 

x8 1 

x9 3 

x10 3 

x11 3 

x12 3 

x13 2 

Data2 

x1 1 

x2 2 

x3 2 

x4 8 

x5 8 

x6 5 

x7 9 

x8 3 

x9 2 

x10 3 

x11 2 

x12 3 

x13 1 

… … … 

Table 1 displays the citizen ratings for all the green 

economy variables associated with social forestry 

development. In total, the study incorporated 1000 data points 

to serve as input for the model. The data also has been verified 

by forestry expert Dr. Anang Susanto, S.Hut., M.Sc. This 

verification is based on the assessment of the green economy 

variable by the forest edge residents. 
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3.3 The proposed method 

This study presents an intelligent decision-making model 

for developing a green economy-based social forestry 

initiative. The model utilizes hybrid machine learning method. 

This study introduces the hybrid machine learning illustrated 

in Figure 2. 

Figure 2. The proposed method 

Figure 2 illustrates the flowchart of the proposed method. 

This proposed method incorporates algorithms from K-Means, 

RF, and FLVQ. The objective of this study is to achieve 

optimal results through the combination of these methods. 

From this point forward, the model will be referred to as K-

Means Random Forest Fuzzy Learning Vector Quantization 

(KM-RF-FLVQ). The algorithm of the KM-RF-FLVQ 

method is as follows: 

- Set K

- Determine the distance 𝑥 and K with Eq. (1)

- Determine 𝐾𝑛𝑒𝑤  with Eq. (2)

- Back to step 2 with 𝐾𝑛𝑒𝑤

- If vertex point update, then back to step 3. Otherwise, go

to step 2

- Labeling

- Set T

- For 𝑡𝑅𝐹 = 1 to T, then:

a. Determine 𝐷𝑡𝑅𝐹

b. Training 𝐺𝑡(𝑥) with random feature subset.

- Classify with Eq. (3)

- Balancing data

- Initializing C, N, mi, and mf

- Set t = 0

- Set w0

- Calculate t with Eq. (4)

- Calculate m with Eq. (5)

- Calculate 𝛼𝑖𝑗,𝑡 with Eq. (6)

- Calculate 𝜂𝑗,𝑡 with Eq. (7)

- Calculate 𝑤𝑗,𝑡 with Eq. (8)

- Calculate 𝐸𝑡 with Eq. (9)

- If 𝑤 < 𝑁 and 𝐸𝑡 > 𝜉, back to step 12

- Get optimal prediction class

The KM-RF-FLVQ hybrid method is a component of an 

intelligent decision-making system model. This model serves 

as a foundation for advancing social forestry based on the 

green economy. The model can generate a variety of outputs, 

including class predictions (regional potential), variable 

evaluations, and analysis results that demonstrate the impact 

of the number of variables. The green economy and the 

intelligent decision-making system model based on KM-RF-

FLVQ are illustrated in Figure 3. 

Figure 3. Model of intelligent decision making system based 

on green economy 

A model of an intelligent decision-making system is 

illustrated in Figure 3. The model serves as a framework for 

decision-making that is informed by the green economy. Input, 

preprocessing, processing, and output comprise the model 

components. The research dataset is the input component. The 

assessment of forest border residents on 13 green economy-

based variables is the subject of the research dataset. The 

preprocessing phase involves cleaning and disseminating data. 

Filtering data from unusable data is the process of data 

cleansing. The data-sharing procedure involves dividing data 

recognition and data training. Following preprocessing, the 

subsequent phase is processing. The KM-RF-FLVQ method's 

calculation procedure is referred to as the processing phase. 

The sub-parts of this section are clustering, variable 

optimization, and classification. The final component is output 

following the processing. The decision, variable ranking, and 
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the results of the variable influence analysis comprise the 

model output. The decision is the outcome of the KM-RF-

FLVQ prediction. (1) Ecotourism, (2) Agrosilvopasture, (3) 

Agroforestry, and (4) Agroindustry are the components of the 

prediction that determine the decision. 

The government can use model outputs from a green-

economy-based intelligent decision-making system to inform 

its decision-making process. The government's decision 

involves dividing social forestry areas based on the green 

economy and regional potential. The Ministry of Forestry is 

the administration. The division of areas based on potential 

can enhance citizens' welfare by aligning with regional 

conditions. For instance, the government may determine that a 

specific forest area is more conducive to agro-industry because 

of numerous cottage industries specializing in wood 

processing. This can be achieved by employing an intelligent 

decision-making system grounded in the green economy. 

4. RESULTS AND DISCUSSION

4.1 Research results 

This part shows the outcomes from each step of the model. 

The first step after gathering all the data was to perform K-

means clustering with K = 4 cluster centers. K-Means is a way 

to provide names to data that doesn't have any. Data for this 

study were collected from evaluations performed by 

individuals residing adjacent to the forest boundary. Table 3 

shows the results of the K-Means calculations. 

Table 3. K-Means calculation results 

Data ID Label 

Data1 Cluster_2 

Data2 Cluster_2 

… … 

Data1000 Cluster_0 

The K-Means clustering analysis results are shown in Table 

3. The clusters identified in this approach were manually

grouped into different types of social forestry. Specifically,

Cluster 0 corresponds to Ecotourism, Cluster 1 to

Agrosilvopasture, Cluster 2 to Agroforestry, and Cluster 3 to

Agroindustry. Forestry experts checked the labels to make sure

they were correct. The next step after labeling the data was to

improve the RF model.

This study utilized T = 20, T = 40, and T = 60 for the RF 

computations. RF can rank variables by their importance. In 

this study, a RF analysis of the labeled data identified variables 

with a strong effect. Table 4 shows the results of the RF. 

The model's most significant variables are ranked in Table 

4. In the experiment with T = 20, variable x1 had a significant

impact, while variable x10 had a very minor impact. In the

experiments conducted with T = 40 and T = 60, variable x1

had the most significant impact, while variable x9 had a very

limited impact. The FLVQ classification stage optimises the

model by leveraging the influence of these variables.

Before the classification stage, this study balanced the 

dataset, which comprised a total of 1,000 entries. The 

clustering and labelling processes led to imbalances in each 

class. Such imbalanced data can negatively impact the 

classification process. Out of the 1,000 entries, 600 were used 

for training, while 200 were reserved for recognition. The 

training dataset consisted of four classes, with each class 

having 150 entries. For recognition, each class used 50 entries, 

leading to a total of 200 recognition entries. 

Table 4. Random Forest calculation results 

Ranking 

Variable Code 

Experiment 

T = 20 

Experiment 

T = 40 

Experiment 

T = 60 

1 x1 x1 x1 

2 x3 x3 x3 

3 x2 x6 x6 

4 x6 x2 x4 

5 x13 x8 x8 

6 x7 x4 x2 

7 x8 x13 x13 

8 x12 x7 x7 

9 x5 x10 x10 

10 x11 x11 x11 

11 x4 x12 x5 

12 x9 x5 x12 

13 x10 x9 x9 

After balancing the data, FLVQ was employed to classify 

the label samples. The experiment included three variable 

scenarios. The first scenario used nine variables selected based 

on the highest RF weights, the second utilized 11 variables 

with the highest RF weights, and the third involved 13 

variables. The goal of testing multiple scenarios were to 

identify the optimal number of variables for the model. 

Additionally, FLVQ was classified with a varying number of 

iterations for each scenario, specifically using 250, 500, 750, 

and 1,000 iterations. The FLVQ process produced final 

weights, which served as a reference for the recognition phase. 

The first experiment used a nine-variable scenario. As 

evidenced by experiments conducted with T = 20, these 

variables were x1, x3, x2, x6, x13, x7, x8, x12, and x5. In addition 

to the variable scenarios, the first experiment also used 

variations in the number of iterations. The results of the first 

experiment are presented in Tables 5 and 6. 

Table 5. The results of the first experiment using nine 

variables, T = 20, 250 iterations, and 500 iterations 

Actual / Predicted 
Predicted Value 

Class1 Class2 Class3 Class4 

Actual Value 

Class1 47 1 0 2 

Class2 1 44 2 3 

Class3 2 4 41 3 

Class4 2 2 3 43 

Table 5 shows the recognition results of the first scenario. 

However, the iterations used 250 iterations and 500 iterations. 

Class1 is Ecotourism, Class2 is Agrosilvopasture, Class3 is 

Agroforestry, Class4 is Agroindustry. Based on Table 5, 

TPClass1 is 47, TPClass2 is 44, TPClass3 is 41, TPClass4 is 43, TNClass1 

is 145, TNClass2 is 143, TNClass3 is 145, TNClass4 is 142, FPClass1 

is 5, FPClass2 is 7, FPClass3 is 5, FPClass4 is 8, FNClass1 is 3, FNClass2 

is 6, FNClass3 is 9, and FNClass4 is 7. The first scenario 

experiment also used 750 and 1000 iterations. The results are 

presented in Table 6. 

Table 6 shows the recognition results of the first scenario. 

However, the iterations used were 750 iterations and 1000 

iterations. Based on Table 6, TPClass1 is 47, TPClass2 is 45, 

TPClass3 is 41, TPClass4 is43, TNClass1 is 145, TNClass2 is 143, 

TNClass3 is 145, TNClass4 is 143, FPClass1 is 5, FPClass2 is 7, FPClass3 

is 5, FPClass4 is 7, FNClass1 is 3, FNClass2 is5, FNClass3 is 9, and 
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FNClass4 is 7. The second experiment used an 11-variable 

scenario. These variables are x1, x3, x2, x6, x13, x7, x8, x12, x5, 

x11, dan x4. The second experiment used variations of 250 

iterations and 500 iterations, the results are presented in Table 

7. 

Table 6. The results of the first experiment using nine 

variables, T = 20, 750 iterations, and 1000 iterations 

Actual / Predicted 
Predicted Value 

Class1 Class2 Class3 Class4 

Actual Value 

Class1 47 1 0 2 

Class2 1 45 2 2 

Class3 2 4 41 3 

Class4 2 2 3 43 

Table 7. The results of the second experiment using 11 

variables, T = 20, 250 iterations, and 500 iterations 

Actual / Predicted 
Predicted Value 

Class1 Class2 Class3 Class4 

Actual Value 

Class1 48 1 0 1 

Class2 1 46 2 1 

Class3 2 4 42 2 

Class4 2 2 3 43 

Table 7 shows the recognition results of the second 

scenario. However, the iterations used were 250 iterations and 

500 iterations. Based on Table 7, TPClass1 is 48, TPClass2 is 46, 

TPClass3 is 42, TPClass4 is 43, TNClass1 is 145, TNClass2 is 143, 

TNClass3 is 145, TNClass4 is 146, FPClass1 is 5, FPClass2 is 7, FPClass3 

is 5, FPClass4 is 4, FNClass1 is2, FNClass2 is 4, FNClass3 is 8, and 

FNClass4 is 7. The second scenario experiment also used 750 

and 1000 iterations. The results are presented in Table 8. 

Table 8. The results of the second experiment using 11 

variables, 750 iterations, and 1000 iterations 

Actual / Predicted 
Predicted Value 

Class1 Class2 Class3 Class4 

Actual Value 

Class1 48 1 0 1 

Class2 1 46 2 1 

Class3 2 3 43 2 

Class4 2 2 3 43 

Table 9. The results of the second experiment using 13 

variables, T = 20, 250 iterations, 500 iterations, and 750 

iterations 

Actual / Predicted 
Predicted Value 

Class1 Class2 Class3 Class4 

Actual Value 

Class1 49 1 0 0 

Class2 1 47 2 0 

Class3 2 3 43 2 

Class4 2 2 3 43 

Table 8 also shows the recognition results from the second 

scenario. However, the iterations used were 750 and 1000 

iterations. According to Table 8, TPClass1 is 48, TPClass2 is 46, 

TPClass3 is 43, TPClass4 is43, TNClass1 is 145, TNClass2 is144, 

TNClass3 is 145, TNClass4 is 146, FPClass1 is 5, FPClass2 was 6, 

FPClass3 was 5, FPClass4 is 4, FNClass1 is 2, FNClass2 is 4, FNClass3 

is 7, dan FNClass4 is 7. The third experiment used a scenario 

with 13 variables. These variables are x1, x3, x2, x6, x13, x7, x8, 

x12, x5, x11, x4, x9, and x10. The third experiment used variations 

of 250 iterations, 500 iterations, and 750 iterations, the results 

are presented in Table 9. 

Table 9 shows the recognition results of the third scenario. 

However, the iterations used were 250 iterations, 500 

iterations, and 750 iterations. Based on Table 9, TPClass1 is 49, 

TPClass2 is 47, TPClass3 is 43, TPClass4 is 43, TNClass1 is145, 

TNClass2 is 144, TNClass3 is 145, TNClass4 is 148, FPClass1 is 5, 

FPClass2 is 6, FPClass3 is5, FPClass4 was 2, FNClass1 is 1, FNClass2 is 

3, FNClass3 is 7, and FNClass4 is 7. The third scenario experiment 

also used 1000 iterations. The results are presented in Table 

10. 

Table 10. The results of the second experiment using 13 

variables, T = 20, and 1000 iterations 

Actual / Predicted 
Predicted Value 

Class1 Class2 Class3 Class4 

Actual Value 

Class1 49 1 0 0 

Class2 1 47 2 0 

Class3 2 2 44 2 

Class4 2 2 3 43 

Table 10 also shows the recognition results of the third 

scenario. However, the iteration uses 1000 iterations. Based on 

Table 10, TPClass1 is 49, TPClass2 is 47, TPClass3 is44, TPClass4 is 

43, TNClass1 is 145, TNClass2 is 145, TNClass3 is 145, TNClass4 is 

148, FPClass1 ish 5, FPClass2 is 5, FPClass3 is 5, FPClass4 is 2, 

FNClass1 is 1, FNClass2 is 3, FNClass3 is 6, and FNClass4 is 7. 

Based on experiments using varying numbers of variables 

and iterations at T = 20, the results have various accuracy. A 

comparison of the accuracy results from all experiments is 

shown in Figure 4. 

Figure 4. Comparison of accuracy in the T = 20 experiment 

Figure 3 presents a comparison of the accuracy achieved in 

several experiments. When using nine variables, the accuracy 

was 87% for both 250 and 500 iterations. For 750 and 1000 

iterations, the accuracy increased to 88%. By using 11 

variables, the accuracy improved to 89.5% for 250 and 500 

iterations, and reached 90% for 750 and 1000 iterations. When 

13 variables were utilized, the accuracy was consistently 91% 

for 250, 500, and 750 iterations, and increased slightly to 

91.5% for 1000 iterations. Overall, the highest accuracy 

recorded was 91.5% by using 13 variables. 

The experimental scenario of variable variation and number 

of iterations was also carried out on the experimental results 
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88 88
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90 90

91 91 91
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with T = 40. The difference is, the first experiment used nine 

variables, namely x1, x3, x6, x2, x8, x4, x13, x7, dan x10. The 

second experiment used 11 variables, namely x1, x3, x6, x2, x8, 

x4, x13, x7, x10, x11, dan x12. The third experiment used all 

variables (13 variables). Based on experiments using varying 

numbers of variables and iterations at T = 40, the results have 

various accuracy. A comparison of the accuracy results from 

all experiments is shown in Figure 5. 

Figure 5. Comparison of accuracy in the T = 40 experiment 

The accuracy comparison results from the T = 40 

experiment are illustrated in Figure 5. The experiment's 

accuracy was 88% with 250 and 500 iterations and 9 variables. 

With 750 and 1000 iterations, the accuracy was enhanced to 

89%. With 250 and 500 iterations, the accuracy was 89.5% 

when 11 variables were employed in the experiment. With 750 

and 1000 iterations, the accuracy was enhanced to 90.5%. The 

accuracy was 91% when the experiment utilized 13 variables 

and was conducted with 250 and 500 iterations. With 750 and 

1000 iterations, the accuracy was enhanced to 91.5%. The 

scenarios for the T = 20 and T = 40 experiments were also 

replicated for the T = 60 experiment. The primary distinction 

is that the initial experiment employed nine variables: x1, x3, 

x6, x4, x8, x2, x13, x7, and x10. On the other hand, the second 

experiment employed eleven variables: x1, x3, x6, x2, x8, x4, x13, 

x7, x10, x11, and x5. All 13 variables were implemented in the 

third experiment. 

Based on experiments using varying numbers of variables 

and iterations at T = 60, the results have various accuracy. A 

comparison of the accuracy results from all experiments is 

shown in Figure 6. 

The accuracy comparison results from the T = 60 

experiment are shown in Figure 6. The experiment's accuracy 

was 88.5% with 250 and 500 iterations and 9 variables. With 

750 and 1000 iterations, the accuracy was enhanced to 89.5%. 

The accuracy was 90% with 250 and 500 iterations when 11 

variables were employed in the experiment. With 750 and 

1000 iterations, the accuracy was enhanced to 91%. The 

accuracy was 91% when the experiment utilized 13 variables 

and was conducted with 250 and 500 iterations. With 750 and 

1000 iterations, the accuracy was enhanced to 91.5%. This 

study achieved exceptional results, with a maximum accuracy 

of 91.5%, which was achieved through a series of experiments 

that varied the number of variables, iterations, and T values. 

The model's accuracy is significantly influenced by the 

selection of the T value. Accuracy is enhanced by an elevated 

T value. Nevertheless, the T = 40 and T = 60 experiments 

appear more robust, particularly the one that employs 13 

variables. 

Figure 6. Comparison of accuracy in the T = 60 experiment 

The model's accuracy was also influenced by experiments 

with different numbers of variables. The model's accuracy 

improved with the inclusion of variables, as indicated by the 

experimental results. The accuracy of experiments with 11 

variables was higher than that of experiments with 9 variables. 

The accuracy of results from experiments with 13 variables 

was also higher than that of those with 9 and 11 variables. 

The model's optimization was also influenced by the 

number of iterations. Model accuracy improved across all 

experiments, particularly in those that used over 750 iterations. 

The accuracy results remained consistent for over 750 

iterations. The optimization of the intelligent decision-making 

system model based on the green economy was influenced by 

variations in the number of variables, T values, and iterations 

across all experiments. 

The experiments were also evaluated in terms of 

computation time, in addition to accuracy. A personal 

computer with a Core i5 processor and 8 GB of RAM was 

employed in this investigation. Table 11 compares 

computational time. 

The experimental variations and the computational time of 

each procedure are compared in Table 11. The K-Means 

clustering process operates at an exceptionally rapid pace in 

all experiments. In experiments T = 20 and T = 40, the RF 

procedure consumed 1 second of time. RF utilised 2 seconds 

of time for T = 60. The computational time is significantly 

influenced by the number of variables and iterations, 

particularly in the context of FLVQ classification. The time 

required for FLVQ classification increases as the number of 

variables and iterations increases. Memory requirements 

increase as the number of variables increases. 

4.2 Discussion 

This study achieved the highest accuracy at 91.5%. This 

demonstrates that the research model has excellent precision. 

The results were also compared to another studies, as 

illustrated in Table 12. 

In Table 11, the research presented a comparison of the 
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accuracy of its method with other studies. The KM-RF-FLVQ 

method demonstrated the highest accuracy among comparison 

methods. 

Research in the health sector investigated several machine 

learning algorithms for predicting disease. The study 

concentrated on variable analysis. It also employed between 8 

and 10 variables. The RF approach had the best accuracy, with 

a score of 82.26% [72]. Another study examined 18 different 

factors to help people with heart disease make decisions. The 

Gradient Boosting approach had the best accuracy, at 91.26% 

[73]. A study in the government sector employed a hybrid 

machine learning technique, K-Means FLVQ.  

Table 11. Comparison of computing time 

T Var 
Computing Time 

Iterations K-Means Clustering Random Forest Optimization FLVQ Classification

20 9 250 1 s 1 s 5 s 

500 1 s 1 s 6 s 

750 1 s 1 s 7 s 

1000 1 s 1 s 9 s 

11 250 1 s 1 s 7 s 

500 1 s 1 s 8 s 

750 1 s 1 s 9 s 

1000 1 s 1 s 10 s 

13 250 1 s 1 s 8 s 

500 1 s 1 s 9 s 

750 1 s 1 s 10 s 

1000 1 s 1 s 11 s 

40 9 250 1 s 1 s 5 s 

500 1 s 1 s 6 s 

750 1 s 1 s 7 s 

1000 1 s 1 s 9 s 

11 250 1 s 1 s 7 s 

500 1 s 1 s 8 s 

750 1 s 1 s 9 s 

1000 1 s 1 s 10 s 

13 250 1 s 1 s 8 s 

500 1 s 1 s 9 s 

750 1 s 1 s 10 s 

1000 1 s 1 s 11 s 

60 9 250 1 s 2 s 5 s 

500 1 s 2 s 6 s 

750 1 s 2 s 7 s 

1000 1 s 2 s 9 s 

11 250 1 s 2 s 7 s 

500 1 s 2 s 8 s 

750 1 s 2 s 9 s 

1000 1 s 2 s 10 s 

13 250 1 s 2 s 8 s 

500 1 s 2 s 9 s 

750 1 s 2 s 10 s 

1000 1 s 2 s 11 s 

Table 12. Comparison of accuracy with other studies 

Methods Types of Variables Number of Variables Analysis of the Number of Variables Accuracy (%) 

Random Forest [72] health variables 8, 9, 10 Yes 82.26 

K-Nearest Neighbor [72] health variables 8, 9, 10 Yes 80.55 

Logistic Regression [72] health variables 8, 9, 10 Yes 72.64 

Naïve Bayesian [72] health variables 8, 9, 10 Yes 70.56 

Decision Tree [72] health variables 8, 9, 10 Yes 81.02 

Gradient Boosting [73] health variables 18 Yes 91.26 

XGBoost [73] health variables 18 Yes 91.23 

K-Means FLVQ [36] survey variables 7 No 88.00 

KM-RF-FLVQ survey variables 9, 11, 13 Yes 91.50 

The research utilized survey variable data. But it didn't talk 

about variable analysis. The best accuracy was 88.00%. This 

research presented the KM-RF-FLVQ methodology. The KM-

RF-FLVQ approach serves as a foundation for an intelligent 

decision-making system grounded in a green economy. This 

framework or paradigm is helpful for starting businesses that 

do social forestry. The dataset used in this study consisted of 

survey findings. This model had the best accuracy, at 91.50%. 

This study also demonstrated that having more variables 

improves accuracy. 

5.CONCLUSIONS

This research has effectively developed a model for a 

system capable of making smart decisions. The model is based 
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on an environmentally friendly economy. Also, the concept 

helps social forestry enterprises grow in the best way possible. 

The KM-RF-FLVQ approach is used in the model. The KM-

RF-FLVQ method is a machine learning method that 

combines multiple learning techniques. It brings together K-

Means, RF, and FLVQ. The model's best accuracy, based on 

the tests, was 91.50%. In tests with 13 variables, this level of 

accuracy was reached. This level of accuracy is better than that 

of the models with 9 and 11 variables. This shows that the 

number of variables significantly affects model performance, 

especially for the hybrid machine learning method. 

There are certain limits to this research. In this study, the 

optimization technique was equivalent to the effect of an 

increasing number of factors on the survey dataset. 

Researchers in the future could use different datasets to 

evaluate how well this hybrid machine learning method 

performs. Also, a more in-depth look at how well the model 

performs may be conducted with computation memory in 

mind. 
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