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This study aims to design a decision support system (DSS) development model in sustainable 

bioenergy supply chains. Our approach involves 1) identifying the bioenergy supply chain 

model through determining the spatial potential model of agroindustry area using geographic 

information system (GIS) and analytical hierarchy process (AHP); 2) determining the 

optimization model for aggregate production process planning using fuzzy goal programming 

for bioenergy production to design the biomass inventory level determination model using 

adaptive neuro-fuzzy inference system (ANFIS) approach; 3) designing the concept of DSS 

model in bioenergy supply chain. The results showed the identification of the supply chain 

model from the spatial model of potential agroindustry locations with three regional categories: 

19.34% potential, 16.93% not potential, and 63.70% developing. Aggregate planning is 

appropriate based on three objective functions to be achieved in production planning for 

determining inventory levels using ANFIS using three input variables and comparing 

performance with RMSE, MAPE, and R2 inventory levels so that the model can predict 

inventory levels adaptively. The concept of the DSS Model on the bioenergy supply chain 

from agricultural centers to users by adding Internet of Things (IoT) technology can increase 

the effectiveness and efficiency of the bioenergy supply chain. The managerial implications of 

this research can provide relevant insights for the design and improvement of renewable 

energy management programs. Utilization of local biomass resources becomes more optimal.  
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1. INTRODUCTION

The fulfillment of energy consumption needs in Indonesia, 

88%, is still very dependent on fossil energy [1]. Energy is a 

prominent supporter of sustainable development goals. 

Following the Sustainable Development Goals (SDGs), get 

clean and affordable energy for everyone [2]. Government 

regulations regarding the acceleration of development and use 

of renewable energy through Government Regulations on 

National Energy Policy (KEN) require efforts to develop the 

use of energy made from biomass raw materials [3]. Bioenergy 

contributed 5.9% to the share of the NRE mix in 2020 and is 

renewable energy made from natural plant waste [4, 5].  

Lebak District consists of 28 sub-districts divided into 340 

villages and five urban villages. As an agricultural center, 

Lebak District is geographically located at 105º 25' - 106º 30' 

East Longitude and 6º 18' - 7º 00' South Latitude. By regional 

conditions and sufficient land for the growth of rice plants, 

Lebak District is one of the rice barns with 53,946 hectares of 

paddy fields and 565,820 tons of rice production. Government 

Regulation on the National Energy Policy (KEN) is necessary 

to develop the use of biomass-based energy. Lebak District has 

land with great potential for developing rice plants and 

bioenergy raw materials from rice waste in rice husks. Rice 

husk waste and straw from agricultural products have the 

potential to become bioenergy for household heating, energy 

sources for power generation, and industrial products.  

It is necessary to manage the bioenergy supply chain to 

fulfill renewable energy needs to be more optimal. The 

bioenergy supply chain starts from agricultural centers, 

collection locations, and distribution to the processing industry 

into bioenergy and power generation companies. Bioenergy 

supply chain in Figure 1. 

Some of the problems in the bioenergy supply chain 

include: 1) the bioenergy supply chain model has not been 

effective and adaptive in terms of the fulfillment of raw 

materials (biomass) both qualitatively and quantitatively, so it 

is necessary to map potential bioenergy agroindustry areas to 

formulate priority regional development strategies. 

Determination of potential bioenergy agroindustry areas can 

facilitate the government in taking development strategy 

policies. 2). Aggregate production planning in the bioenergy 

product processing industry is currently influential in 

determining the amount of production and supply of biomass. 

The company does not have a definite value for a series of 

objectives, such as limits on the number of goods produced, 

the maximum or minimum amount of inventory allowed, 

limits on the availability of working hours, and minimum 
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income with minimum production target constraints that must 

be achieved, this causes the unclear value of achieving existing 

objectives to achieve optimal conditions. The importance of 

making production planning to calculate the optimal amount 

of production using the fuzzy goal programming method and 

biomass inventory assessment with the ANFIS approach. 3). 

The importance of the need for optimal bioenergy supply chain 

management with a decision support system (DSS) for 

stakeholders in formulating strategies for developing potential 

bioenergy agroindustry areas and adaptive inventory 

management for bioenergy industry players in determining the 

amount of inventory for aggregate production planning. 

This research aims to design a decision support system 

model for optimizing the rice husk bioenergy supply chain. 

The study is expected to be a recommendation for 

policymakers in developing potential bioenergy agroindustry 

areas and a bioenergy raw material inventory model for 

aggregate production planning for bioenergy industry players. 

Studies on decision support systems in the supply chain 

have been widely carried out. Model-based decision support 

system development research can assist operational managers 

in selecting the most effective SGA alternatives in the Multi-

tier supply chain [6]. Research on a new web-based DSS for 

optimizing hydrogen refueling locations (HRS) and hydrogen 

supply chain (HSC) resulted in the DSS being effective in 

solving optimization problems and has the potential to help 

governments and municipalities plan hydrogen project 

infrastructure [7]. Lack of data on global and local supply 

chain disruptions due to natural and human disasters with the 

proposed DSS effectively generates supplier risk profiles that 

supply chain managers and practitioners can use to manage the 

risk of supply chain disruptions more efficiently [8].  

Regional and environmental conditions and potentials 

support agroindustry development in bioenergy, so the need 

for DSS in the bioenergy supply chain refers to the evaluation 

and classification of land capabilities for rice-based bioenergy 

agroindustry. Land evaluation is a performance assessment 

process land for sustainable development of the bioenergy 

agroindustry, which includes the implementation and 

interpretation of surveys and forms of field studies, soil, 

vegetation, climate, and other land aspects to identify and 

make comparisons of various land uses that may be developed 

[9, 10].  

Aggregate planning is made to adjust production 

capabilities in the face of uncertain market demand by 

optimizing the use of labor and available production 

equipment to reduce total production costs to a minimum [11, 

12]. The goal of aggregate planning is to establish an overall 

level of output in the short or medium term to deal with 

fluctuating or uncertain demand [13]. 

 

 
 

Figure 1. Bioenergy supply chain model 

 

The model is a critical approach in clarifying the 

understanding of the goal of improving supply efficiency [14]. 

Optimization of the DSS model in bioenergy supply chains is 

essential to overcome obstacles and uncertainties that can 

hinder sustainable and adaptive supply chain development 

[15].  

Based on the previous description, we propose designing a 

spatial DSS model of GIS data with the addition of Internet of 

Things (IoT) technology. The DSS Model is a concept that 

aims to improve the optimization of the rice waste bioenergy 

supply chain. We add IoT technology to extend the benefits of 

internet connectivity following the development of Industry 

4.0 in the renewable energy sector in a sustainable manner [16, 

17]. Implement IoT in the bioenergy supply chain 

operationally to increase effectiveness and efficiency in 

determining yield and yield capacity (precious farming) [16, 

18]. 

Determination of the best path of bioenergy distribution to 

the decision support model for determining agricultural 

productivity and yield in real-time. In previous studies, DSS 

have been widely applied to the bioenergy supply chain. In this 

study, we added that Internet of Things (IoT) technology is 

expected to improve supply chain performance to be more 

effective and accurate [19, 20]. 

 

 

2. MATERIAL AND METHODS 

 

2.1 Stages of research 

 

The stages of research as a whole are: 1). We identify 

bioenergy supply chain models by determining spatial models 

of bioenergy agroindustry locations. Assessment of biomass 

inventory model and optimization model of aggregate 

planning of bioenergy production process. 2) Step 2 of the 

research is the design of the spatial DSS model concept for 

determining the amount and productivity of crops for 

determining the amount of bioenergy raw materials—
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determination of biomass inventory model and aggregate 

planning optimization model of bioenergy production process. 

Figure 2. Stages of research 

Bioenergy production involves turning organic feedstock  

(biomass) into energy. Raw material inventory management 
aims to provide raw materials for efficient production 

planning consistently and avoiding wastage, supply risk 

management, cost efficiency, supporting aggregate 

planning, and raw material quality tracking.  

In bioenergy production, aggregate planning with 

feedstock inventory management is necessary to achieve 

sustainable, efficient and quality-oriented production and 

reduce the risks associated with feedstock availability and 

surplus. The next step is designing a decision support model 

for optimizing the bioenergy supply chain—the stages of 

research in Figure 2. 

2.2 Data analysis techniques 

1. Potential spatial models of bioenergy agroindustry

locations using geographical information systems

(GIS), namely slope maps, road network maps, river

network maps, settlement maps, industrial maps, and

rice field area maps. The analytical hierarchy process

(AHP) approach creates hierarchies for weighting to

map potential level classification results of bioenergy

agroindustry areas.

AHP is a decision guidance tool used to solve complex 

choice problems. It utilizes multi-level hierarchical criteria to 

achieve objectives, criteria, sub-criteria, and alternatives. The 

stages of quantitative modelling with the AHP method are as 

follows: 

a. Creating a pairwise comparison matrix according to

Saaty [21] in Table 1.

Table 1. Pairwise comparison matrix 

A A1 A2 … An 

A1 a11 a22 … a1n 

A2 a21 a22 … a2n 

….. … ….. … … 

Am am1 am2 … amn 

b. The pairwise comparison matrix only fills the value in

the upper triangle, and the main diagonal is always

worth one because the comparison of criterion a with

criterion a results in 1. An intensity of importance

comparison is used based on the safety comparison

scale to fill the upper triangle value.

c. Normalize the decision matrix by adding each column

of the matrix, then each column value in the matrix is

divided by the total value of the column. c. Determine

the weight of the criteria by averaging the matrix rows

in the previous step for several 𝑛 weights 𝑤, namely 𝑤1,

𝑤2, ..., 𝑤n.

1

1 n

i ijj
w a

n =
=  (1) 

d. Determining the consistency level of the pairwise

comparison matrix obtained from the previous step.

The steps are as follows:

- Determine 𝜆1, 𝜆2, ..., 𝜆𝑛, which is obtained by

multiplying the weight of each criterion by the number

of columns of the decision matrix in step b.

- Determine the value of 𝜆𝑚𝑎𝑥 with 𝜆𝑚𝑎𝑥=𝜆1+𝜆2+⋯+𝜆𝑛.

𝜆𝑚𝑎𝑥 is the largest eigenvalue of the matrix of order 𝑛.

- Calculate the Consistency Index (𝐶𝐼) as follows:
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With 𝑛 is the number of criteria. 

e. Calculate the Consistency Ratio (CR) as follows 𝐶𝑅 = 

𝐶𝐼 / 𝐼𝑅 with 𝐼𝑅 is the Random Index in Table 2. 

 

Table 2. Index random consistency 
 

Matric Size 1 2 3 4 5 6 7 8 

IR Value 0 0 0.58 0.90 1.12 1.24 1.32 1.41 
 

If the 𝐶𝑅 value ≤ 0.1, then the pairwise comparison matrix 

can be considered consistent. 

f. Determining the level of conformity in Eq. (3) 
 

1
1

(

       

   

n
n

i
i

X wixXi wi x xi

Largest aggregate value Smallest aggregate value

Number of classes

=
=

=

−
=

 
  (3) 

 

i = Ba – Bb 

X = aggregate value of potential area mapping score  

wi  = criterion weight for parameter i  

wi  = subcriteria weight for parameter i  

Xi  = class score on criteria for ith parameter  

xi  = class score on subcriteria for parameter i  

i = class interval  

Ba = upper limit of class  

Bb = lower limit of class 

Using GIS, spatial-based multi-criteria decision-making 

modeling will be carried out for bioenergy agroindustry site 

selection. The GIS analyses and evaluates spatial and non-

spatial data sub-criteria to select bioenergy agroindustry 

locations classified by weight [22]. Determining the location 

of bioenergy agroindustry needs to consider multi-criteria. The 

multi-criteria used in this study uses sustainability parameters 

so that the bioenergy agroindustry can be competitive 

sustainably. The weighting to classify these parameters using 

the Analytic Hierarchy Process (AHP), which is recognized to 

work together with GIS procedures to determine the best 

location [23]. Combining these approaches is expected to 

facilitate the modeling of bioenergy agroindustry site selection 

[24, 25]. 

The potential map classification is obtained from the 

classification value of the possible level of the bioenergy agro-

industrial area obtained from the classification formula in 

Table 3. 
 

Table 3. Classification of potential levels of bioenergy 

agroindustry areas 

 
Interval Value (IV) Classification 

Minimum Value ≤ IV ≤ A * Value  Areas of non-Potential 

A* Value < IV ≤ B** Value Growing areas 

IV > Maximum Value Potential areas 
* A Value = Minimum Value + Classification Hose Width 

** B Value = A Value + Classification Hose Width 
 

2. Optimization model of bioenergy production aggregate 

planning with Fuzzy goal programming with multi-

criteria decision-making (MCDM) approach. 

The fuzzy Goal Programming with Multi-Criteria Decision 

Making (MCDM) approach is used to overcome decision-

making uncertainty involving many criteria or factors. In 

MCDM, these criteria can have different levels of uncertainty. 

The following criteria are relevant to implementing Fuzzy 

Goal Programming with the MCDM approach: 1). Vagueness 

in Criteria. 2). Qualitative Criteria: 3). Weight of Criteria: 4). 

Membership Function: 5). Fuzzy Decision Variables: 6). 

Trade-Off Criteria.  

Fuzzy Goal Programming with MCDM is a powerful tool 

to overcome uncertainty in multi-criteria decision-making. 

The selection and use of appropriate criteria is critical to 

ensure that the Fuzzy MCDM model provides relevant and 

reliable results. Determination of bioenergy inventory model 

and aggregate planning optimization model of bioenergy 

production process. 

Bioenergy production involves turning organic feedstock 

(biomass) into energy. Raw material inventory management 

aims to consistently provide raw materials for efficient 

production planning and avoiding wastage, supply risk 

management, cost efficiency, supporting aggregate planning, 

and raw material quality tracking. In bioenergy production, 

aggregate planning with feedstock inventory management is 

necessary to achieve sustainable, efficient and quality-oriented 

output and reduce the risks associated with feedstock 

availability and surplus. 

Bioenergy inventory assessment model with adaptive 

neuro-FIS (ANFIS) 

The ANFIS structure consists of five (5) layers. Each layer 

has different nodes. The layer is connected with nodes of the 

receiver of the previous input signal derived from the output 

signal of the previous level. The basis of the rule uses Takagi-

Sugeno. A typical rule with three input variables and one 

output in the model is: 
 

Rule i: If X1 be Ai dan X2 be Bi and X3 be Ci so fi = pix1+ 

qix2+ uiX3+ri 
 

The parameters of the membership function are defined on 

the learning cycle that can use reverse propagation of hybrid 

learning algorithms. 
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  (6) 

 

3. The concept of the DSS model in the bioenergy supply 

chain with GIS and IoT approach. 

Decision support system (DSS): Determination of 

productivity and yield is used in aggregate planning and 

assessment of biomass inventory in the form of rice husks and 

straw in the bioenergy production process in the Lebak district. 

DSS development design in the Bioenergy supply chain in 

Figure 3. 

Based Figure 3, DSS design with the combination of 
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Internet of Things (IoT) and Geographic Information System 

(GIS) technologies can be very beneficial to optimize the 

bioenergy supply chain from rice husk. This will provide a 

better understanding of the spatial and real-time aspects of the 

supply chain, thus enabling smarter and more efficient 

decision-making for: Real-time supply chain monitoring. 

Optimal transportation route management, Soil Quality and 

Environmental Condition Monitoring, Warehouse and Stock 

Management, Environmental Impact Analysis, Capacity and 

Infrastructure Planning. The combination of IoT and GIS 

technology will help improve efficiency and accuracy in the 

bioenergy supply chain from rice husk. With better data 

analysis and a deeper understanding of geographical factors, 

you can make better decisions in supply chain management 

and maintain sustainable bioenergy production. 

 

 
 

Figure 3. DSS development design in the bioenergy supply chain optimization 

 

 
 

Figure 4. Data collection techniques 

 

2.3 Data collection 

 

This research uses spatial methods using data both 

qualitatively and quantitatively. Criteria data on the design of 

potential spatial models of bioenergy agroindustry locations 

are divided into two criteria: environmental and human. In the 

adaptive neuro-FIS (ANFIS) approach, the data used were 120 

data with training data and as many as 300 data from 3 inputs 

used, namely the amount of rice production, rainfall level, and 

yield level that resulted in rice husk inventory levels. Data 

Collection Techniques in Figure 4. 

3. RESULT AND DISCUSSION 

 

3.1 Result 

 

3.1.1 Potential spatial model of bioenergy agroindustry 

In this research, the industrial location map is derived from 

the map of criteria and sub-criteria. The criteria are taken from 

the literature and validated by experts in Table 4. 

Area visual model interpretation of bioenergy agroindustry 

area was obtained using a combination of land area attribute 

data and agricultural land overlay on land cover in Lebak 
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District with satellite data sources used in SPOT-6 and SPOT-

7. Map projection to produce bioenergy agroindustry areas 

through selection and elimination processes and correction of 

spatial data and attribute data used. The method of modelling 

the location map of the bioenergy agroindustry in Lebak 

District began at the digitization and mapping stages. This 

stage is crucial because it is the basis for the suitability of 

assessing the potential of agricultural areas.  

The suitability factor of the selected bioenergy agro-

industrial agricultural area facilitates the mapping process in 

an integrated manner, showing conditions that are due to 

naturally occurring events or the influence of human 

behaviour. Each of these factor conditions is classified based 

on the degree of suitability for the requirements of the 

agricultural, agro-industrial, and bioenergy areas. The 

formulation carries out this mathematical model of 

measurement of the potential level of the agricultural regions: 

X = E Σ wi xi + H Σ vi yi, E states environmental criteria, 

and H states human standards, to obtain: 

 

Xi = 0,12 (0,52 KJT + 0,48 KJS) + 0,88 (0,19 KJJ + 0,21 

KJSu + 0,15 KJP + 0,34 (0,8 KJPNonSwh + 0,2 KJPSwh) + 

0,1 KHKH) 

Xi = 0,05 KJT + 0,05 KJS + 0,16 KJJ + 0,17 KJSu + 0,12 

KJP + 0,22 KJNonSwh + 0,06 KJSwh + 0,09 KJKH 

 

Information:  

Xi: The potential level of KJT bioenergy agro-industrial rice 

fields: KJS soil type class score: KJJ slope class score: 

Distance class score against KJSu road network: Distance 

class score against KJP river network: Distance class score 

against settlement location KJPNonKeb: Distance class score 

against farms that do not have rice fields KJPKeb: Distance 

class score against the establishment of agro-industrial rice 

fields that have KJKH rice fields: Class score farm area 

The spatial mapping model of the potential area of 

bioenergy agro-industrial rice fields shows that 63.73% of the 

bioenergy agro-industrial rice fields in Lebak district are 

developing agricultural areas with a land area of 163,004.2 

hectares, 16.93% are non-potential agricultural areas, and 

19.34% are potential agricultural areas in Table 5.  

The results of mapping the location of the bioenergy 

agroindustry in Lebak District show that the area of 

agroindustry is at a place of 225,737.32 ha—map of potential 

bioenergy agroindustry in Lebak district in Figure 5. 

 

 
 

Figure 5. Map of bioenergy agroindustry potential 

 

Table 4. Weight results parameter suitability assessment evaluation criteria and sub-criteria 

 
No Criteria and Weight Sub-Criterion Classification Class Weight of Sub-Criteria 

1 Economic (0.42003) 

Raw Material Availability 
Insufficient ≤ hectares (0.5) 

Sufficient ≥ hectares  

Proximity to the market 

Very suitable 0-1000m (0.5) 

Retrieved 1001m – 3000m  

less suitable 3001m - 5000m  

2 Infrastructure (0.31012) 

Utilities 

Poor 1 (0.5) 

Good 2  

Very good 3  

Accessibility 
None 0 (0.5) 

there is accessibility 5  

3 Technology (0.11768) Technology convenience 
Inadequate 0 (1) 

adequate 5  

4 Social (0.18094) human resources 
Insufficient ≤ 500 FH farmer (1) 

Sufficient ≥ 500 FH farmer  

5 Environment RT/RW   To be intersected 
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Table 5. A land area with the potential level of agricultural 

area, agroindustry bioenergy 

Classification Broad (ha) Propose (%) 

Areas of non-

Potential 
43,301.22 16.93 

Growing areas 163,004.20 63.73 

Potential areas 49,431.90 19.34 

255,737.32 100 

This is supported by Banten provincial regulation number 

10 of 2019 concerning the Regional Spatial Plan of Banten 

Province 2019-2039 (Banten Provincial Government 2018), 

which shows that the area of agro-industrial agriculture in 

Lebak district is 256,823 ha. Differences influence 

insignificant differences in results in analysis periods, 

concepts and limitations on agricultural sites, data sources and 

scales, mapping methods, and area coverage. Previous 

research determined bioenergy agroindustry location by multi-

criteria analysis integrated with the GIS model for selecting 

the best bioenergy agroindustry site candidate [26, 27]. 

The results of mapping potential bioenergy agroindustry 

development areas with three categories, namely 63.73% are 

areas that have the potential to be developed as bioenergy 

agroindustry areas based on development criteria, 19.34% are 

areas that have the potential and are developed as bioenergy 

agroindustry areas and 16.93% are areas that fall into the 

category of not allowing them to be used as bioenergy 

agroindustry area development areas. The area's development 

is directed at creating linkages between the agricultural and 

bioenergy industries to foster economic activities in the region. 

The results of the agroindustry area are expected to increase 

income, expand employment, increase the added value of 

agricultural waste into bioenergy products and spur the growth 

of other industries that require raw materials from the 

agricultural sector and renewable energy. 

3.1.2 Optimization model of aggregate planning of bioenergy 

production with Fuzzy Goal programming approach 

A quantitative method approach to aggregate planning to 

formulate three objectives: minimization of inventory levels, 

maximization of employee working hours, and minimization 

of the number of labourers. Constraints on aggregate planning 

are Production balance constraints, machine capacity 

constraints X Regular machine hour capacity, and People hour 

capacity constraints. Formulation of functions, objectives, and 

constraints in Eqs. (7)-(11). 

Multi-objective mathematical modelling in this study 

combines rice's season and harvest period, accounting for 48 

weeks of activity after rice milling. Results are based on the 

objective programming model in Table 6. 
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Table 6. Results based on the multi-purpose programming model 

Months 𝑿𝑨𝒕 𝑿𝑩𝒕 𝑿𝑪𝒕 𝑿𝑫𝒕 𝑾𝒕 𝑳𝒕
+ 𝑳𝒕

− 𝑹𝒕
+ 𝑹𝒕

−

1 14 0 0 0 20000 11000 0 0 0 

2 42 0 0 8 50000 20000 0 15000 0 

3 45 0 0 16 50000 0 0 15000 0 

4 32 0 0 0 34839 0 15161 10452 0 

5 4 23 7 0 34839 0 0 10452 0 

6 11 15 7 7 34839 0 0 10452 0 

7 26 18 7 0 42879 8040 0 12864 0 

8 12 27 0 0 42879 0 0 6130 0 

9 5 0 0 11 42879 0 0 0 24126 

10 0 11 4 4 18855 0 24024 5657 0 

11 0 5 5 10 18855 0 0 56576 0 

12 0 0 3 5 26799 7944 0 0 16799 
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The forecasting average rate changes with the values of 

maximum labour requirements are Tk = 8,000 and Tkm = 

40,000, and the correlation rate r = 0.3. Validation is carried 

out by involving experts in the field of bioenergy—forecasting 

change fluctuations in Figure 6. 

 

 
 

Figure 6. Change fluctuation forecasting 

 

Plan for membership functions 12 months ahead of Active 

Programming objectives based on all three function goals to 

be achieved. The research was conducted by making a 

production plan to calculate the optimal amount of production 

using the fuzzy goal programming method. The result was a 

decrease in the percentage of production deviations from sales 

by 9.96%. 

 

Biomass inventory level assessment model with adaptive 

neuro-fuzzy inference system (ANFIS) 

ANFIS is a model-driven data based on the Takagi-Sugeno 

inference system. The technique was developed by integrating 

the principles of fuzzy logic and artificial neural networks to 

optimize the performance of these two techniques following 

the fuzzy logic rules of IF-THEN. It can solve nonlinear 

functions with its ability to learn [28]—parameter Input and 

output in Table 7. 

 

Table 7. Parameter input and output 

 

Indicator Classification 
Monthly 

Unit 
Parameter 

Rainfall 

(mm) 

Light <600 1, 0, 700 

Keep 
700 – 

1300 
700, 1.000, 1.400 

High >1400 
1.400, 2.000, 

2.000 

Yield 

(%) 

Low <3 0, 0, 4 

Moderate 4 – 8 4, 6, 8 

High 9 - 12 8,12,12 

Rice 

Production 

(Ton) 

Low >700 0, 0, 800.000 

Moderate 800-1400 

800.000, 

1.200.000, 

1.500.000 

High >1500 

1.500.000, 

1.880.000, 

2.000.000 

Rice Husk 

(Ton) 

Low <120.000 0, 0, 125.000 

Moderate 
125.000 - 

370.000 

125.000, 

200.000, 380.000 

High >380.000 
380.000, 

400.000, 400.000 

 
The hybrid algorithm is the basis of the ANFIS method, 

which aims to minimize errors and uses the least squares 

estimator and gradient reduction method to adjust the 

consequences and parameters of the premise by adapting the 

connection weight. Three (3) input and output variables are 

rice husk inventory levels in Figure 7. 

ANFIS in the modelling process to produce a model 

program. At this stage, a set of data is used to prevent the 

occurrence of a model that fits too well, where the process of 

building parameters and the ANFIS model is determined at a 

certain epoch learning stage with minimum checking, a set of 

test data is used to verify the effectiveness and accuracy of the 

model being trained. ANFIS architecture is in Figure 8. 

ANFIS performance is estimated using the measurement 

values of Root Mean Square Error (RMSE), Mean Absolute 

Percentage Error (MAPE), and Coefficient of Determination 

(R2). ANFIS performance in Table 8. 

Graphic User Interface (GUI) of 3 input indicators in the 

form of the amount of rice yield (Ton), yield (%), and rainfall 

(mm) to produce predictions of the number of rice husks 

produced as supplies for the bioenergy manufacturing process, 

made with the Matlab application GUI. GUI assessment of rice 

husk inventory levels in Figure 9. 

 

 
 

 

Figure 7. Input and output variables 

 

 
 

Figure 8. ANFIS structure model 

 

Table 8. RMSE, MAPE, and R2 

 
 ANFIS 

Training RMSE 0.5364 

Checking RMSE 0.7781 

Linear Regression RMSE (against Checking Data) 0.8506 

Training MAPE 9.1810 

Checking MAPE 12.3496 

Training R2 0.5953 
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Figure 9. GUI assessment of rice husk inventory level 

 

Following Teerasoponpong's [29] opinion, the approach 

with the ANFIS method is adaptive enough to be applied in 

determining the amount of raw material supply with erratic 

input indicators in small to medium enterprises. 

 

3.1.3 Decision Support System (DSS) concept for bioenergy 

supply chain optimization 

Spatial DSS combines spatial and non-spatial data, analysis, 

and visualization functions from geographic information 

systems (GIS). GIS is a database used to create, disseminate, 

store, update, and intelligently analyze and forecast spatial-

related information. Tools that help in storing, processing, 

analyzing, and processing data to present spatial information. 

IoT-based spatial DSS in the agricultural biomass supply chain 

consisting of forecasting, demand, purchase transaction 

processing, warehousing, material handling, distribution, and 

transportation process planning are all components of the 

proposed model. DSS prototype design steps in Figure 10. 

A layered architecture consisting of 3 layers is proposed in 

the concept of spatial decision support systems, namely: 1) the 

acquisition of environmental data is the existing condition on 

agricultural land or rice fields with consideration of spatial 

perspectives; 2) data and communication on spatial data 

sources consisting of soil type, temperature, and rainfall, as 

well as supplier identity, rice variety type, and supply capacity. 

Geoprocessing consists of map landscapes and segregation 

with analysis tools, spatial data warehouses consisting of 

samples from point grids on map landscapes, and data mining 

based on spatial perspectives using IoT technology; 3) The 

application layer consists of visualization of spatial data maps 

containing coordinates (X, Y)—layer architecture in Figure 11. 

Figure 11 is the activity stage in developing spatial decision 

support system layer architecture. In the first layer, data 

sources at the farmer level are obtained, including the amount 

of rice harvested, supplier identity, agricultural waste capacity 

in the form of rice husks and straw, and rice types. The second 

layer consists of knowledge acquisition, modularization, and 

representation processes. In comparison, the data warehousing 

and communication layer presents supporting data for the 

application layer at the third layer. 

Internet of Things (IoT) technology also enables data-

driven supply chain systems for bioenergy products, making 

production and management more timely and cost-effective. 

Spatial DSS generally collaborates with spatial and non-

spatial data, GIS-based analysis, and visualization functions 

with specific decision domain models in providing alternative 

decision-making solutions and problem-solving. Developing 

IoT-based spatial decision support system models involves 

data mining techniques to assist stakeholders in making better 

and appropriate decisions for the bioenergy supply chain—

design of the DSS model by incorporating IoT technology in 

Figure 12. 

Internet of Things (IoT) technologies can play an important 

role in bioenergy supply chain optimization by providing 

better visibility, control, and automation at various stages of 

bioenergy production, distribution, and use. The role of IoT 

technologies used in bioenergy supply chain optimization: 1). 

Biomass Quality Monitoring: IoT sensors can be placed in 

biomass fields or mills to monitor the biomass feedstock's 

moisture, temperature, and other qualities. This information 

can be used to optimize the biomass growth and collection 

process [30]. 2). Fuel Requirement Prediction: IoT can collect 

data on the fuel usage of engines used in the bioenergy 

production [31]. Analyzing this data can help in planning and 

predicting future fuel requirements [32]. 3). Production 

Process Monitoring: IoT sensors can be placed on equipment 

and machinery in bioenergy plants to monitor operational 

conditions, performance, and required maintenance. This data 

can be used to identify issues and optimize productivity 

proactively [33]. 4). Transportation Optimization: IoT can be 

deployed on vehicles transporting biomass feedstock or 

bioenergy products. IoT sensors on the vehicle can provide 

information about its position, speed, and condition, allowing 

it to plan more efficient routes and reduce fuel wastage. 5). 

Inventory Management: With the help of IoT sensors, biomass 

feedstock and bioenergy product inventory can be monitored 

in real-time. This allows supply chain managers to optimize 

inventory levels, reduce overstocks, and avoid shortages. 6). 

Environmental Monitoring: IoT can also be used to monitor 

the environmental impact of bioenergy production. Sensors 

placed around production facilities can measure air, water, and 

soil pollution so that companies can take necessary actions to 

preserve the environment. 7). Product Quality Prediction: IoT 

can monitor parameters that affect the quality of bioenergy 

products, such as moisture, chemical composition, and 

combustion efficiency. This data can be used to identify 

changes in product quality before it reaches consumers. 

The combination of GIS and AHP methods by adding IoT 

technology provides convenience for decision-making in data 

collection and spatial data analysis and storage in the 

agricultural waste biomass supply chain [34]. Different IoT-

based spatial decision support systems concepts are proposed 

by considering spatial aspects and perspectives. IoT devices 

and interface modules are included in the mining process in 

data collection and storage in spatial data warehouses. To 

overcome the limitations of the GIS perspective in providing 

a knowledge base, innovative system collaboration with 

spatial decision support systems is recommended. 

Furthermore, IoT devices in the form of RFID and QR can be 

added to spatial decision support systems to facilitate spatial 

interpretation of data mining. The use of IoT in DSS for 

bioenergy supply chain optimization enables more informed, 

responsive, and efficient decision-making [35]. This can result 

in supply chains that are more efficient, sustainable, and able 

to adapt to changing conditions in the real world. 

DSS for bioenergy supply chain optimization is a powerful 

tool that combines data integration, modeling, analysis, and 

decision support capabilities to help stakeholders in the 

bioenergy sector make informed decisions that improve 

efficiency, sustainability, and profitability in the bioenergy 

supply chain [36]. It plays a critical role in advancing the 

development and adoption of bioenergy as a renewable and 

sustainable energy source. 
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Figure 10. DSS prototype design stages 

 

 
 

Figure 11. Layer architecture 

 

 
 

Figure 12. Design a DSS model of the bioenergy supply chain optimization 
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3.1.4 Validation and verification 

Validation is carried out by involving experts in the field of 

bioenergy supply chain. Experts analyze the results of model 

solutions and compare them with actual conditions for 

harvesting in later periods. Model verification and research 

validation with verification steps ensure the formula and 

model are correct. FIS and ANFIS model verification provides 

the lowest error in the model. FIS and ANFIS models are 

verified by evaluating the performance of FIS and ANFIS 

modelling. Evaluation of FIS and ANFIS models using 

RMSE, number of membership functions, number of rules, 

and error values in training and testing [37]. At the Validation 

and verification stage, the model involved seven experts from 

the field of bioenergy and renewable energy, one person from 

the area of the bioenergy supply chain, two people from 

government agencies, one expert from the bioenergy industry, 

one power plant and one expert in the field of information 

technology (IT). The results of operational validation show 

from 10 assessment components with an average user value of 

38 from the expected value of 50, a comparison value score of 

76% is obtained so that the decision support system (DSS) 

model has been able to meet the system's needs. The model 

built can be implemented in the field and help decision-makers 

manage potential areas and sustainably optimize the bioenergy 

supply chain. 

 

3.1.5 Managerial implications 

Our proposed DSS model is expected to provide several 

benefits: 1). for stakeholders by improving the decision-

making process of potential areas of bioenergy agroindustry, 

the amount of biomass feedstock for bioenergy from the 

harvest to enable more informed decision-making [38]. 2) 

Using DSS, bioenergy industry players can increase company 

profits by optimizing the practice of making better decisions 

about the company's aggregate capacity and planning and 

determining the amount of biomass inventory [39]. Use data 

to determine quotas and quantities of raw materials and 

production of bioenergy products. Improve the company's 

reputation to attract more customers and minimize 

environmental impact. Help increase sustainable promotion of 

the bioenergy supply chain and industry. DSS can facilitate 

communication between stakeholders. Help improve the long-

term viability of the industry and dependent communities. 

Contributions for investors and policymakers to the bioenergy 

industry. 

 

3.2 Discussion 

 

A potential spatial model of the bioenergy agroindustry area 

with a possible map results in three (3) locations, namely 

potential, developing, and non-potential, to create regional 

regions to encourage the growth of the bioenergy agroindustry 

sector. Developing potential bioenergy agroindustry areas can 

encourage the bioenergy industry sector to be more focused 

and integrated and provide optimal use results for regions and 

supply chains [40]. The basic development concepts include 

efficiency, spatial planning, and environment, which refers to 

sustainability [41]. Regional development is also a driver for 

the effectiveness of bioenergy supply chains [42]. The 

efficiency aspect is one of the factors for developing potential 

areas. 

Through potential development to increase additional 

income for farmers and create jobs in the bioenergy sector, 

investors will get adequate industrial activity locations. For 

stakeholders, especially local governments, developing agro-

industrial areas will improve infrastructure facilities and 

infrastructure [43]. From the environmental aspect, 

developing potential regions in the bioenergy agroindustry 

will improve regional ecological quality more thoroughly. 

This study proposes a bioenergy supply chain model that 

considers efficiency and optimization—the bioenergy supply 

chain model in Figure 13. 

 

 
 

Figure 13. Proposed model of bioenergy supply chain 

 

The biomass inventory assessment model as bioenergy raw 

material with the ANFIS approach provides rice waste 

biomass needs—a hybrid system combining artificial neural 

networks' capabilities and fuzzy logic. The ANFIS system is 

used as a training process and prediction process. The Least 

Square Estimator (LSE) method is used for forward feed 

learning and steepest descent for feedback and applying 

Takagi Sugeno 1st order fuzzy inference as the basis for fuzzy 

inference reasoning rules in prediction. The test results with a 

learning rate of 0.000001 produced the smallest MAPE value 

of 9.1210%. The accuracy level of comparison of actual data 

with ANFIS network output, the average MAPE value created 

was 12.3196% so that the ANFIS method can be applied in 

predicting the amount of bioenergy raw material inventory. 

Design model (DSS) in the bioenergy supply chain to 

determine crop quantity and productivity. The bioenergy 

supply chain starts from agricultural centres from spatial data 

sources in the form of spatial map data by considering 

environmental and human aspects as system users and 

increasing added value [44]. The design of the DSS is applied 

to accommodate users' needs in obtaining information for 

decision-making [45, 46]. DSS is expected to be able to 

contribute to the actors involved in the bioenergy supply chain, 

namely farmers, bioenergy industry owners, stakeholders, and 

stakeholders [47]. We propose adding IoT technology to DSS 

to increase the effectiveness and flexibility of DSS from 

bioenergy supply chains that have not been widely 

implemented in developing countries in improving decision-

making in bioenergy supply chains. The application of IoT 

technology in the bioenergy supply chain can help reduce 

costs, improve efficiency, and minimize environmental 

impacts, while improving the sustainability of bioenergy 

production. 

 

 

4. CONCLUSIONS AND RECOMMENDATIONS 

 

4.1 Conclusion 

 

The design of the DSS model on the bioenergy supply chain 

optimization in Lebak district resulted in a potential spatial 

model of the bioenergy agroindustry with the results of 

mapping potential areas of 19.34% or an area of 49,431.90 ha, 
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developing 63.73% or 163,004.20 ha and not possible 16.93% 

or covering an area of 43,301.22 ha. The optimization model 

of aggregate planning of the bioenergy production process is 

appropriate based on three objectives to be achieved in 

production planning with the results of the raw material 

inventory (biomass) assessment based on three input variables 

quite adaptive applied to the production process in the 

bioenergy industry.  

Biomass inventory level assessment models help estimate 

accurate inventory levels and implement sustainable raw 

material supplies. The implication of the research results of 

aggregate planning in the production process of biomass 

inventory model values in optimizing bioenergy operations 

and production is a petting strategy in the bioenergy industry 

to maximize production, reduce costs and ensure sufficient 

feedstock availability.  

The DSS design concept in the bioenergy supply chain is 

expected to improve supply chain performance by adding 

Internet of Things (IoT) technology ranging from agricultural 

centres to consumer bioenergy users. 

 

4.2 Recommendation 

 

The proposed DSS can provide solutions for stakeholders, 

namely the government as a policy maker as a projection of 

optimal bioenergy supply chain management policy 

development strategies. For the bioenergy industry, the 

proposed DSS can be a formulation in strategy prioritization 

and aggregate planning development through an inventory 

management model. With good collaboration between policy 

makers and industry players, the implementation of decision 

support systems for bioenergy supply chain optimization can 

become more effective, efficient and sustainable, which in turn 

will support the development of the bioenergy sector as a 

whole. Future research can include elements of quantity, 

capacity and cost into the DSS model  
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