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1. Introduction 
The Knowledge Extraction Model (KEM) is a system designed to monitor IoT-based waste bins 

using LoRa network media, facilitating sorting organic, inorganic, and metal waste. KEM enables the 

extraction of insights from waste management data to schedule waste disposal from intelligent bins 

efficiently. Constructed using an IoT-based framework utilizing LoRa network media, KEM employs 

Machine Learning techniques for data analysis, including Decision Tree (DT), Naïve Bayes (NB), K-

Nearest Neighbor (K-NN), Support Vector Machine (SVM), and Multi-Layer Perceptron (MLP) 

methods. KEM aims to optimize waste management in rural areas, mainly by enhancing knowledge 

extraction to schedule the emptying of smart waste bin points. 

Waste continues to increase daily, per the population growth rate [1]–[4]. Waste is a problem in 

many countries. Therefore, a solution is required for collecting, sorting, and disposing waste [2]. Waste 

is not only a problem in urban areas but also in rural areas [5], [6]. Even rural communities tend to have 

poor, dangerous waste disposal practices such as burning waste and littering [7]. Internet of Things (IoT) 

technology based on LoRa network media could be an alternative solution to optimize waste 
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method. This research contributes in the form of the KEM system in the 

classification of scheduling for emptying waste bins with the best 

performance of the Machine Learning method. The research aims to 

compare the performance of Machine Learning methods in the form of 

Decision Tree, Naïve Bayes, K-Nearest Neighbor, Support Vector Machine, 
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F-Measure, and ROCS curves using the cross-validation method with ten 

observations. The experimental results show that the Decision Tree 

performs best for accuracy, recall, precision, and ROCS curve. In contrast, 

the K-NN method obtains the highest F-measure performance. KEM can 
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management [6]. IoT using LoRa network media in a waste monitoring system and system modeling 

using the Machine Learning method is highly recommended [8], [9]. IoT has become an enabling 

technology in waste management, especially in distributing waste bins and distribution of waste carriers 

[10]. Adopting IoT technology with Machine Learning to properly dispose of waste [11]. Even Machine 

Learning methods in waste data management provide better classification accuracy [12]. 

The main task in Machine Learning is data classification, where classifying data is complex because 

it requires properly prepared data and efficient classification methods [13]. Khatiwada et al. [12] discuss 

the Machine Learning method to improve the accuracy of data classification. Several Machine Learning 

methods, such as DT, NB, SVM, K-NN, and MLP, are compared to obtain the best method for 

determining the best model in the Intrusion Detection System [14]. Even a combined Machine Learning 

(hybrid) method is used to clean data from damaged data, detect anomalies, and clean data [15]. 

Kontokosta et al. [16] involved many waste management data in residential areas. There are four 

critical variables in urban waste management research [17]. Monitoring the volume of waste in waste 

bins in the campus area [18], recently carried out for similar waste piles, Yusoff et al. [19] conducted 

research on smart waste bins, with one of its functions being waste monitoring. Waste data analysis in 

bins for retrieval optimization, using past data or historical data and viewing graphs on the cloud interface 

[20]. Prediction of the fullness of waste bins and evaluation techniques were carried out to optimize 

waste disposal [21]. In López et al. [22], several parameters were used, such as the type of truck, the 

location of the waste bin, travel time, and the number of employees. The decision to operate a smart 

waste bin uses rules but does not use past data or history to obtain rules [23]. 

IoT as an enabling technology has been used in previous works [1]–[3],[4]. It uses Machine Learning 

in data analysis but does not explicitly mention the method used and does not choose the method that 

performs best for the model. Also, Studies on IoT and machine learning approaches have been 

implemented in previous works [16]–[21], [24], and [22]. Furthermore, Binbusayyis et al. [14] compared 

machine learning methods for IoMT (Internet of Medical Things) system security. However, these 

studies did not address new knowledge generated from past data. 

This research aims to compare Decision Trees (DT), Naive Bayes (NB), k-Nearest Neighbors (K-

NN), Support Vector Machines (SVM), and Multi-Layer Perceptron (MLP) methods to determine the 

most effective Machine Learning approach for the Knowledge Extraction Method (KEM) system. The 

comparison is based on various performance metrics, including Accuracy, Recall, Precision, F-measure, 

and ROC curve. The KEM system is specifically applied to schedule waste disposal activities from IoT-

based smart waste bins utilizing LoRa network media. The contribution of this research lies in two main 

aspects: firstly, identifying the method with the highest performance in extracting knowledge from IoT-

generated data, particularly in the context of scheduling waste disposal from smart bins employing LoRa 

network technology. Secondly, developing a KEM system that is adept at extracting knowledge from 

IoT-based systems using Machine Learning reasoning methods, thereby advancing the capabilities of 

such systems in decision-making processes. 

This paper contains Section 1, presenting an introduction and related works; Section 2, describing 

the KEM Design Architecture; Section 3, describing research methodology; Section 4, presenting the 

results and a discussion of the research activity; and Section 5, enclosing conclusions and future research 

steps. 

2. Method 
This research aims to compare Decision Trees (DT), Naive Bayes (NB), k-Nearest Neighbors (K-

NN), Support Vector Machines (SVM), and Multi-Layer Perceptron (MLP) methods to establish a 

waste disposal scheduling model using data from smart waste bins in rural areas. The methodology, 

illustrated in Fig. 1, involves seven steps: 1) Defining the extraction environment; 2) Acquiring waste 

volume data from smart waste bins; 3) Creating the dataset; 4) Designing the model; 5) Training the 
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system model; 6) Conducting comparative testing of machine learning methods; and 7) Extracting 

knowledge in the form of scheduling rules for waste disposal from smart waste bins in rural regions. 

Waste volume data in quantitative form from monitoring activities of smart waste bins and disposal 

decision data by officers are converted into historical data. Historical data in quantitative form from the 

waste bin level organic, in organic and metal parameters is made into a dataset. Model design, model 

training, and KEM model testing were done by comparing the method's performance using a dataset of 

waste disposal activities in rural areas. The performance of the Knowledge Extraction Model (KEM) 

model is compared to obtain the best method in KEM. The compared methods are DT, NB, K-NN, 

SVM, and MLP. The dataset used is data on the volume of waste in smart bins in the form of quantitative 

data with values ranging from 3 to 26 units high, and the decision to take waste from smart bins by 

garbage workers in the form of waste disposal and waste did not dispose as shown in Fig. 1. 

 

Fig. 1. Scheme of research methodology 

2.1. Decision Tree Method 
The decision tree (DT) method is used because it is reliable and can extract knowledge. DT is better 

than other methods of extracting knowledge. DT can generate rules and predict correctly [25]. In the 

DT method, we will perform two calculations, namely the Entropy and Gain quantities [26]. Deciding 

to collect garbage in this study was to do iterative calculations of Entropy and Gain on past data, namely 

the decision history of emptying garbage from smart bins by officers. In Bakhshi and Ahmed [27], the 

extraction of disease categorization, although not based on IoT, is the best categorical extraction from 

past data using the DT method. The Entropy using (1) and Gain formula using (2). 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 (𝑆𝑆) =  ∑ −𝑃𝑃𝑃𝑃 ×  𝑙𝑙𝑙𝑙𝑙𝑙2𝑛𝑛
𝑖𝑖=1  𝑃𝑃𝑃𝑃   (1) 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 (𝑆𝑆,𝐴𝐴) = 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆) −  ∑ |𝑆𝑆𝑆𝑆|
𝑆𝑆

𝑛𝑛
𝑖𝑖=1  × 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 (𝑆𝑆𝑆𝑆)   (2) 

2.2. Naïve Bayes Method 
Based on its function in this session, the Naïve Bayes method is used for numerical data using the 

Gaussian distribution. The Gaussian distribution is the last step to obtain results from training data or 

a test data model by taking opportunities from training data. NB and DT in information extraction 
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activities from past data are the most widely used [27], although DT generally performs better than NB. 

The maximum probability value obtained leads to one of the classes in the dataset for the class of a data 

record that does not yet have a value. Naïve Bayes Gaussian for numerical data is presented using (3). 

𝑓𝑓(𝑥𝑥) = 1
√2𝜋𝜋𝜋𝜋

𝑒𝑒−
(𝑥𝑥−𝜇𝜇)2

2𝜎𝜎2    (3) 

2.3. K-NN Method 
K-NN is a machine learning method that is carried out by calculating similarity. The similarity value 

is obtained by looking at the closest distance to the previously existing class value. Representation of 

knowledge extracted from banking data using K-NN [28], even in the NER system, K-NN is the best 

method for knowledge extraction [29]. The distance determination formula in K-NN using (4). 

𝑑𝑑𝑑𝑑𝑑𝑑(𝑥𝑥1, 𝑥𝑥2) = �∑ (𝑥𝑥1𝑖𝑖 − 𝑥𝑥2𝑖𝑖)2𝑛𝑛
𝑖𝑖=0    (4) 

2.4. SVM Method 
SVM, as a linear classifier, is a classification case that can be linearly separated, but SVM can also be 

used in non-linear problems. SVM can work on non-linear data by using a kernel approach to the initial 

data features of the data set. Research on factory activities [30] to extract knowledge in the form of 

sound. Even for precision performance, SVM is best for knowledge extraction activities in the form of 

tomato fruit textures [31]. Optimizing problem-solving with SVM using (5). 

min(𝑤𝑤, 𝑏𝑏) {1
2
‖𝑤𝑤‖2 + 𝐶𝐶 ∑ 𝑐𝑐̆𝑖𝑖𝑖𝑖    (5) 

2.5. MLP Method 

MLP is the steps in reducing the error function defined on the learning set (𝑥𝑥𝑖𝑖 ,𝑑𝑑𝑖𝑖). Knowledge-

enhanced Medical Relations Extraction (KemRE) for medical guidance uses the MLP method [32]. The 

formula follows. 

Step 1:  The 𝑋𝑋𝑖𝑖  signal is received by each input (𝑋𝑋𝑖𝑖 , 𝑖𝑖 =  1, 2, 3, . . . ,𝑛𝑛), which then sends it to all of 

the neurons in the hidden layer. 

Step 2:  All of the weighted input signals are added together by each hidden layer neuron (𝑍𝑍𝑗𝑗 , 𝑗𝑗 =
 1, 2, 3, . . . ,𝑛𝑛), using (6). 

𝑧𝑧𝑖𝑖𝑖𝑖−𝑗𝑗 = 𝜇𝜇0𝑗𝑗 + ∑ 𝑥𝑥𝑖𝑖𝜇𝜇𝑖𝑖𝑖𝑖𝑛𝑛
𝑖𝑖=1    (6) 

The following equation can be used to determine how to apply the activation function to the output 

signal, using (7). 

𝑧𝑧𝑗𝑗 = 𝑓𝑓(𝑧𝑧𝑖𝑖𝑖𝑖−𝑗𝑗)   (7) 

All of the neurons in the output layer are then supplied the output signal that was applied to the 

activation function. 

Step 3: Each neuron in the output layer (𝑌𝑌𝑘𝑘 , 𝑘𝑘 =  1, 2, 3, . . . ,𝑚𝑚) sums up all the received weighted 

input signals using (8). 

 𝑦𝑦𝑖𝑖𝑖𝑖−𝑘𝑘 = 𝑤𝑤0𝑘𝑘 ∑ 𝑧𝑧𝑗𝑗𝑘𝑘
𝑗𝑗=1 𝑤𝑤𝑗𝑗𝑗𝑗   (8) 

Applying the activation function, which the equation can calculate, to the output signal, using (9) 

𝑦𝑦𝑘𝑘 = 𝑓𝑓(𝑦𝑦𝑖𝑖𝑖𝑖−𝑘𝑘)   (9) 
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2.5. Define The Environment in which The Knowledge will be Extracted 
At this stage, as presented in Fig. 2, we describe all the objects in the environment involved in the 

desired knowledge. As in Fig. 2, a waste object occupies one geographical point. The rural research area 

is marked on the Google Earth application. Waste bins along the streets are colored blue. Open areas 

for illegal waste dumping are marked with yellow dots. Open dumping areas are colored red. 

 

Fig. 2. Research location area [5] 

The work area of the system heavily influences the KEM architecture. In this context, KEM is applied 

in a scheduling system for waste disposal from IoT-based smart bins using LoRa network media and 

Machine Learning methods. The system consists of an environment and acquisition system, a computer 

network system, and applications, as shown in Fig. 3. The environment and data acquisition system 

consists of a geographic environment, a waste bin with various sensors needed by the system, and a 

microcontroller. The computer network system consists of LoRa network media and internet network 

media. The application system comprises an IoT platform, a spreadsheet application, and a web browser 

interface. The slave section contains the sensors needed for waste sorting. On the master side, it is 

intended to identify users and send waste data via LoRa network media to cloud servers. Data on organic, 

inorganic, and metal waste volume will be collected on the cloud server from the Things board platform. 

Past monitoring and waste disposal activity data were obtained in MS Excel as time series data. Past data 

on waste volume can be saved to a local server and then analyzed to generate new knowledge for decision-

makers to schedule waste disposal from smart bins. 

 

Fig. 3. KEM design architecture 
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2.6. Perform Waste Volume Data Acquisition from Smart Waste Bins 
Monitoring the volume of waste in smart waste bins in this study is just one of the other activities, 

such as monitoring the weight and gas content of the waste in smart waste bins, as shown in Fig. 4 

Monitoring  waste bins using Ultrasonic sensors. Ultrasound sensors are placed on each lid of the waste 

bin. Monitoring is carried out by calculating the distance from the surface of the waste to the Ultrasonic 

sensor in distance units. The distance in question is the height from the bottom of the waste bin to the 

maximum point, where the highest distance unit indicates the waste bin is empty, the shortest unit is 

the distance closest to the waste to the Ultrasonic sensor, which shows the waste bin is full, and in 

between is the waste bin filled. 

 

Fig. 4. A smart waste bin unit 

2.7. Dataset Creation 
The dataset consists of quantitative data on the level of waste in organic, inorganic, and metal type 

bins as attribute data. Data class is the officer's decision to empty the smart waste bin or leave the waste 

in the smart waste bin first. The data is obtained from acquiring data on the volume of waste in the 

waste via an Ultrasonic sensor. 

The dataset describes 2 data variables: a waste volume variable and a waste collection or emptying 

decision variable. The waste volume variable consists of 3 parameters: organic, inorganic, and metal. The 

waste collection decision class is the variable of emptying the waste bin with one parameter. 

2.8. Design a Model 
The experiment will compare Machine Learning methods in the form of DT, NB, K-NN, SVM, and 

MLP in the KEM model. The parameters for each method are shown in Table 1. For DT, it is the 

criterion in the form of Gini and gain. For Naïve Bayes, it is only Laplace Correction. For K-NN, it is a 

variation of the k value. For SVM, it is the kernel type and its C value.  MLP includes the training cycle, 

the number of generations, and the number of ensembles. We hope to obtain optimal values from the 

test results with parameter values in design activities. Variations in parameter values include at least two 

different variable values. Hopefully, this design activity can provide primary results in experimental 

activities. So, which parameter value has a better effect on system performance. 

Table 1.  Parameter of comparision methods 

Methods Comparision 
Parameter Range value  

Decision tree Criterion (Gini, gain)  

Naïve bayes Laplace Correction   

K-NN k (k=1, k=5)  

SVM 

Kernel type 

C 

Dot 

(0,1) 

 

MLP 

Training cycles 

Number of generations 

Number of esemble 

(10, 20) 

(10, 20) 

(4, 8) 
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2.9. Conduct Model Training 
Model training uses DT, NB, K-NN, SVM, and MLP. The training process uses the k-fold cross-

validation principle. That is, we will divide our research data into k subsets so that we will obtain k 

training data and k testing data for 164 in the existing dataset. 

2.10. Model Testing 
As a measure of performance, every time we research the nth training and testing data, we calculate 

performance quantities in the form of accuracy, recall, precision, and F-measure. Recap the performance 

values in each of the nth data in k amounts. We do a cumulative recap of the average performance value. 

2.11. Comparative Testing of Machine Learning Methods 
A comparative evaluation was carried out on several machine learning techniques, such as Decision 

Trees (DT), Naive Bayes (NB), Multi-Layer Perceptron (MLP), k-nearest Neighbors (K-NN), and 

Support Vector Machines (SVM). The evaluation focused on analyzing prior data models of trash volume 

from innovative waste bin units. The goal was to determine the most effective model to extract 

knowledge from the dataset, which contains historical data. The acquired knowledge can appear as rules 

or forecasts, guiding whether innovative waste units comprising organic, inorganic, and metal trash 

should be evacuated immediately or postponed. 

3. Results and Discussion 
In this study, the units of waste bins consisted of three types of  waste bins. Each type of waste bin 

has a size of 90 liters. The first bin is for organic waste, the second is for inorganic waste, and the third 

is for metal waste, as shown in Fig. 5 for the front view, and the rear view is shown in Fig. 6. The smart 

waste bin that can sort waste in this research is a development of previous research [6]. The ability to 

sort waste in smart bins in this study uses capacitive and inductive proximity sensors. In previous studies, 

it only sorted two waste types: organic and inorganic. In this research, one type was added, namely the 

metal type. 

 

Fig. 5. The front of the smart waste bin side 

 

Fig. 6. The back of the smart waste bin side 

Distance measurement in the waste bin uses an Ultrasonic sensor, where the highest distance unit is 

26 distance units, and the lowest distance is three distance units. The lowest distance unit available is 

the distance detected by the Ultrasonic sensor, indicating the bin is full, while the highest distance 

indicates it is empty. Apart from full and empty conditions, another condition is that the waste bin is 

filled. Waste condition data is in the form of time series data obtained from the IoT platform interface 

using the Thingsboard Platform. The volume of waste is four units high for metal, 16 units high for 

inorganic, and 26 units high for organic waste. The waste volume data is the waste volume variable in 

the dataset. The dataset from smart waste units is data taken in June 2020. Data collection is only limited 

from 9 a.m. to 11 a.m. Time series data from MS Excel format, as in Fig. 7, the distance unit quantity, 

which shows the volume of waste from each type of organic, inorganic, and metal waste, is data in one 

unit of time from one waste bin unit. There are 14 smart waste units in the research area, as shown in 

Fig. 3. 
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Fig. 7.  Sample of tabulation data downloaded from Thingboard 

Each unit of waste bin occupies one cluster area. Each waste unit takes turns sending monitoring 

results every 5 minutes. One hundred sixty-four valid data were obtained from the total data, shown in 

Fig. 8. 

 

Fig. 8. The visualization of all valid data 

The system then imports time series data in MS Excel format to be entered into the local database. 

The integration of data on garbage collection activities from smart waste bins by officers with time series 

data from the Thingsboard platform is stored in a local database into historical data. These old records 

are used today so that they can be extracted into current knowledge, as shown in Table 2, as a dataset in 

this research. 

Historical datasets or past data on monitoring activities for smart waste bins are used as a reference 

for the collection schedule for waste disposal from every smart waste bin in rural areas. The waste volume 

data from Thingsboard is the waste volume data line with the waste dispose class as in the 138th data 

line in Table 2, where the officer decides to dispose of waste from the smart waste unit. 

0

5

10

15

20

25

30

1 6 11 16 21 26 31 36 41 46 51 56 61 66 71 76 81 86 91 96 10
1

10
6

11
1

11
6

12
1

12
6

13
1

13
6

14
1

14
6

15
1

15
6

16
1

Volume of Waste

Metal Non organic Organic



ISSN 2442-6571 International Journal of Advances in Intelligent Informatics 87 

 Vol. 10, No. 1, February 2024, pp. 79-93 

 

 Abidin et al. (A comparison of machine learning methods for knowledge extraction model in a LoRa-based …) 

Table 2.  The numerical value of the volume 

Number 
Table Column Head  

Volume of metal 

Volume of Non 

Organic 

Volume of Organic 

Class 

1 26 13 26 Waste did not dospose 

….. ……… ……. …….. …….. 

138 4 16 26 Waste disposed 

….. …….. ……. …….. ……. 

164 18 5 16 Waste disposed 

 

Implementation of model testing from the DT, NB, K-NN, SVM and MLP methods using 

Rapidminer tools, as shown in Fig. 9. The results of comparing Gini and gain criteria in the Decision 

Tree method obtained the most optimal value for gain, as shown in Table 3. Specifically for the method 

Naïve Bayes because it is a simple classification method for calculating a set of probabilities by adding up 

the frequencies and combinations of values from a dataset. In this study, the dataset of waste volume in 

smart bins and the decision to empty it is assumed to have a standard normal distribution. 

 

Fig. 9. Model in Rapidminer tool 

As shown in Table 3, for the SVM method, the kernel type is chosen as a dot, and compared to a C 

value of zero and 1, the most optimal is at a C value of 1. For the MLP method, we can see from Table 

3, that three parameters are being compared training cycles, number of generations and number of 

ensembles. The greater the value range of the three parameters in the MLP, the more optimal. So, this 

study's performance values of accuracy, recall, precision and F-measure are taken from the largest range 

of values. The method used in determining performance values is the confusion matrix method. 

Table 3.  Parameter of comparison methods 

Methods Comparision 
Parameter Range value Optimal 

Decision tree Criterion (Gini, gain) Gain 

Naïve bayes Laplace Correction   

K-NN K (k=1, k=5) K=5 

SVM 

Kernel type 

C 

Dot 

(0,1) 

1 

MLP 

Training cycles 

Number of generations 

Number of esemble 

(10, 20) 

(10, 20) 

(4, 8) 

20 

20 

8 

 

The results of the Accuracy performance measurements are shown in Table 4. Accuracy, recall, 

precision and F1-measure values for each activity 𝑘𝑘 to 𝑛𝑛 (𝑘𝑘 − 𝑛𝑛) are cumulative as the average. The total 

value is the average performance measure of 10 experiments based on the number of trials in [33], more 
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than in [14], where only five were performed. The highest accuracy value, as shown in Table 4, is the 

accuracy value from the Decision Tree method of 88.13. 

Table 4.  Comparison accuracy values 

K-fold   Methods 
Decision Tree Naïve Bayes K-NN SVM MLP 

X-1 59.38 81.25 78.12 81.25 80.00 

X-2 85.62 68.75 76.25 68.75 78.75 

X-3 81.25 67.50 68.75 70.00 72.50 

X-4 91.10 81.00 79.10 43.75 90.95 

X-5 100.00 100.00 98.67 100.00 96.67 

X-6 94.38 43.75 90.62 43.75 60.00 

X-7 95.00 97.50 93.75 97.50 93.75 

X-8 97.33 88.67 85.33 90.00 92.67 

X-9 83.75 93.75 93.75 86.88 84.38 

X-10 93.50 71.00 70.00 67.00 78.00 

Total 88.13 81.11 83.43 74.88 82.76 
 

The results of measuring recall performance values for each k-n value are shown in Table 5. The 

largest average value is owned by the Decision Tree method, the largest average of recall is 86.89. The 

average recall value was obtained from 10 trials, as an implementation of the k-fold cross-validation 

evaluation method with 𝑘𝑘 = 10. 

Table 5.  Comparision recall values 

K-fold Methods 
Decision Tree Naïve Bayes K-NN SVM MLP 

X-1 56.92 100.00 87.69 100.00 87.69 

 X-2 72.00 0.00 60.00 0.00 42.00 

X-3 70.00 48.00 50.00 52.00 56.00 

X-4 91.46 81.71 82.93 33.33 87.80 

X-5 100.00 100.00 97.14 100.00 92.86 

X-6 100.00 33.33 95.83 25.00 55.00 

X-7 86.67 93.33 83.33 93.33 83.33 

X-8 100.00 85.00 85.00 83.33 97.87 

X-9 100.00 100.00 100.00 100.00 97.14 

X-10 91.88 76.25 75..00 70.62 79.38 

Total 86.89 71.76 81.69 65.76 77.90 
Meanwhile, the precision values for each k-n value are shown in Table 6. The largest average precision 

value is 93.61. This value is owned by the Decision Tree method. 

Table 6.  Comparision precision values 

K-fold Methods 
 

Decision Tree Naïve Bayes K-NN SVM MLP 

X-1 89.16 81.25 85.71 81.25 87.69 

X-2 80.00 0.00 62.50 0.00 80.77 

X-3 100.00 100.00 100.00 100.00 100.00 

X-4 92.69 82.75 80.00 80.00 84.27 

X-5 100.00 100.00 100.00 100.00 100.00 

X-6 93.02 80.00 92.00 100.00 86.84 

X-7 100.00 100.00 100.00 100.00 100.00 

X-8 93.75 86.44 79.69 90.91 90.15 

X-9 87.50 87.50 87.50 76.92 74.73 

X-10 100.00 85.92 85.71 85.61 92.03 

Total 93.61 72.26 87.31 81.46 89.64 
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The results of measuring the F-Measure performance values for each k-n value are shown in Table 

7. The highest value is 83.49, and the average f-measure value of the K-NN method. There is a difference 

between the mean value of the Decision Tree and K-NN of 0.27. 

Table 7.  Comparison of F1-Score values 

K-fold Methods 
 

Decision Tree Naïve Bayes K-NN SVM MLP 

X-1 69.48 89.65 86.68 89.65 87.69 

X-2 75.78 0 61.22 0 55.26 

X-3 82.35 64.86 66.66 68.42 71.79 

X-4 92.07 82.22 81.43 47.05 85.99 

X-5 100 100 98.54 100 96.29 

X-6 96.38 47.05 93.87 40 67.34 

X-7 92.85 96.54 90.90 96.54 90.90 

X-8 96.77 85.71 82.25 86.95 93.85 

X-9 93.33 93.33 93.33 86.95 84.47 

X-10 95.76 80.79 79.98 77.39 85.23 

Total 83.22 74.01 83.49 69.29 81.88 
 

The next system test was carried out using the RapidMiner tool, as shown in Fig. 10.  

 

Fig. 10. Model comparison  methods 

The performance of the ROC curve of each method is shown in Fig. 11. The highest ROC graph 

marked in green is the ROC graph for the Decision Tree. 

 

Fig. 11. ROCs Grafict comparison 
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Historical data on waste management activities is in the form of quantitative quantities as in Table 2 

above. The DT method was chosen to implement the KEM system. Quantitative waste volume data is 

converted into categorical quantity data. Conversion to categorical magnitude uses a Likert scale as 

shown in Table 8. Where the decision to empty the waste bin or not refers to the rules extracted by the 

system. Rules derived from historical data on waste management in rural areas are today's new knowledge 

based on historical data in the past. 

Table 8.  Likert scale for waste bin volume range 

Waste bin volume 
Category and Value 

Result of Likert Scale Value Value Category 

Volume of metal 

 

Highest= 26= 100% 

Lowest= 3/26 * 100%= 11.54% 

Range= 100%- 11.54%= 88.46% 

Category= 3 

Interval= 88.46%/3= 29.49% 

Then interval: 

Interval= 29.49% * 26= 7.67 

Assesment criteria: 

100 %- 29.49%= 

70.51% * 26= 18.33 

> 18 

11-18 

< 11 

 

 

 

 

empty 

filled 

full 

Volume of Non Organic 

Highest= 26 

Lowest= 3 

With the same manner  as volume of metal 

> 18 

11-18 

< 11 

empty 

filled 

full 

Volume of Organic 

Highest= 26 

Lowest= 3 

With the same manner  as volume of metal 

> 18 

11-18 

<11 

empty 

filled 

full 

 

As in Table 9, empty categories for data with more than 18 distance units. The categories are filled 

for the amount of data starting from 11 to 18 distance units. The category of full bins is the distance 

units that are smaller than 11 distance units. Quantitative historical data pieces are shown in Table 2. 

Historical data in the form of categorical data are shown in Table 3. 

Table 9.  Categorical value of the volume 

Number 
Table Column Head  

Volume of metal 

Volume of Non 

Organic 

Volume of Organic Class 

1 empty Filled empty Waste did not dospose 

… … … … … 

138 full Filled empty Waste disposed 

… … … … … 

164 filled Full filled Waste disposed 

 

The decision tree-generated rule code, depicted in Fig. 12, is utilized to ascertain whether waste 

should be discarded from the smart waste bin. The categorical value within the rule denotes the present 

state of the smart waste volume. Among the seven potential decisions, three entail waste disposal, while 

the remaining four pertain to retaining the waste within the bin. 

1. IF volume of nonorganic = empty THEN ‘waste did not dispose’ 

2. IF volume of non organic = full THEN  ‘waste disposed’ 

3. IF volume of non organic = filled AND volume of organic= full THEN  ‘waste disposed’ 

4. IF volume of non organic = filled AND volume of organic= empty THEN  ‘waste did not dispose’ 

5. IF volume of non organic = filled AND volume of organic= filled  AND volume of metal = filled THEN ‘waste did not dispose’ 

6. IF volume of non organic = filled AND volume of organic= filled  AND volume of metal = empty THEN ‘waste did not dispose’ 

7. IF volume of non organic = filled AND volume of organic= filled  AND volume of metal = full THEN ‘waste  disposed’ 

Fig. 12. The seven rules represent new knowledge in scheduling the emptying of the waste 
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4. Conclusion 
Scheduling from IoT-based smart waste bins using LoRa network media was explored in this study. 

It was found that higher parameter values led to more optimal performance. Specifically, the Decision 

Tree (DT) method demonstrated the highest average performance values for accuracy (88.13%), recall 

(86.89%), and precision (93.61%). Additionally, the K-Nearest Neighbors (K-NN) method exhibited 

the highest F-measure performance value (83.49%), which was only slightly lower than that of DT (0.27 

difference). Thus, the Knowledge Extraction Method (KEM) system, particularly utilizing DT, proved 

most effective for waste disposal scheduling in rural areas. Future research should focus on applying 

KEM to larger datasets and developing adaptive algorithms for waste disposal scheduling. Furthermore, 

exploring the management of additional waste types by smart waste bins could lead to more complex 

decision-making processes, emphasizing the importance of leveraging KEM to extract knowledge from 

various domains and complex data variations. Integrating data from diverse IoT systems can enhance 

decision-making capabilities both presently and in the future. 
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