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ABSTRACT 

Indonesia's waste problem continues to be a pressing environmental issue, along 

with the increasing population and urbanization activities. The increase in 

population and changes in consumption patterns have led to a significant spike 

in waste generation in Indonesia. Machine learning-based approaches become 

highly relevant in supporting accurate predictive systems to estimate waste 

generation, so that it can be used as a basis for policy making and planning for 

more effective and sustainable waste management. However,the issue of missing 

data is a common challenge in environmental data processing, including in the 

recording of waste generation. Incomplete waste generation data can hinder 

accurate analysis and prediction, which are essential for effective environmental 

management planning. This study aims to analyze the effectiveness of various 

data imputation methods and to develop a predictive model for waste generation 

in East Java Province using a machine learning approach. The imputation 

techniques tested include Mean Imputation, K-Nearest Neighbor (KNN), and 

Interpolation, while the predictive models used include Random Forest, 

Gradient Boosting, and KNN Regression. The dataset was obtained from the 

official SIPSN (National Waste Management Information System) website. 

Model performance was evaluated using metrics such as Root Mean Square 

Error (RMSE). The results indicate that the combination of KNN Imputer with 

the Gradient Boosting prediction model is effective in addressing missing data 

and predicting waste generation in East Java Province, achieving an RMSE 

value of 0.147. These findings are expected to support more accurate decision-

making in waste management planning for the province. 
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INTRODUCTION 

Waste is solid refuse generated from household and urban activities, as stated in Law No. 18 of 2008, referring to 

solid waste that has no economic value and must be managed to prevent environmental impact (Vinet & Zhedanov, 

2008). The waste problem in Indonesia has developed into a significant national issue due to its various negative 

impacts, such as the degradation of environmental aesthetics, pollution of soil, water, and air, the emergence of various 

diseases, and the long-term risk of natural disasters (Nugraha et al., 2025). As the population increases, the amount of 

waste generation also rises (Saputra et al., 2024).Waste has become one of the growing environmental issues in line 

with population growth and increasing consumption activities in society. In East Java Province, the volume of waste 

generation increases every year. Ineffective waste management can lead to negative impacts such as environmental 

pollution and health problems. Therefore, predictive efforts regarding the amount of waste generation are essential as a 

basis for policy-making and sustainable waste management planning.  

In waste generation prediction modeling, complete data without missing values is required. However, the 

available data often contains many missing values. These missing or incomplete data can be caused by various factors, 

such as recording errors, differences in regional reporting standards, or technical limitations during the data collection 

process. If not properly addressed, missing data can significantly reduce the performance of the prediction model. To 

handle these missing values, this study applies several data imputation methods, including Mean Imputation, 

Interpolation, and K-Nearest Neighbors (KNN) Imputer. These techniques are used to improve the quality of the dataset 

before it is used in the prediction process. 

Machine Learning is a branch of artificial intelligence that focuses on developing algorithms based on data to 

make predictions or decisions without being explicitly programmed (Zhang et al., 2025). Machine learning technology 

can make a significant contribution to this research (Arminarahmah, 2025). In waste generation prediction, machine 

learning is used to build predictive models based on existing data patterns and relationships between variables. One of 

the algorithms used for prediction in machine learning is the Random Forest Regressor. This algorithm produces 

predictions through a data processing procedure (Simbolon et al., 2023). This study employs three commonly used 

machine learning algorithms for regression: Random Forest, Gradient Boosting, and K-Nearest Neighbors (KNN). 

https://doi.org/10.47709/brilliance.v5i1.6461
mailto:rkhoirunisa@staff.uns.ac.id
mailto:faisalsani@staff.uns.ac.id
mailto:darmawanlr@staff.uns.ac.id
mailto:masbahah@staff.uns.ac.id
mailto:yusuf_fadil@staff.uns.ac.id
https://creativecommons.org/licenses/by-nc/4.0/
https://creativecommons.org/licenses/by-nc/4.0/
https://creativecommons.org/licenses/by-nc/4.0/


 

 

E-ISSN : 2807-9035 

Volume 5, Number 1, May 2025 

https://doi.org/10.47709/brilliance.v5i1.6461 

  

 

 
This is an Creative Commons License This work is licensed under a Creative 

Commons Attribution-NonCommercial 4.0 International License.  

 

522 

Random Forest is a tree-based ensemble method known for its stability and robustness against overfitting. Meanwhile, 

Gradient Boosting is a boosting technique that can enhance prediction performance by iteratively combining a number 

of weak trees. On the other hand, the KNN algorithm works based on the proximity of data points in the feature space, 

making it an intuitive method but sensitive to scale and noise in the data (Austin et al., 2021). 

The study by Emmanuel et al. (2021) provides a comprehensive survey on missing data handling in machine 

learning, covering various imputation methods such as mean imputation, regression, KNN, and ensemble approaches 

like missForest. However, the study remains largely exploratory and was conducted on benchmark datasets like Iris and 

synthetic datasets, lacking application in real-world environmental domains such as waste generation forecasting at the 

regional level. 

Furthermore, the study does not explore the combined impact of multiple imputation techniques and various 

machine learning regression models (e.g., Random Forest, Gradient Boosting, KNN) within a single predictive 

framework. This limits its applicability in domains where incomplete data is common and accurate forecasting is 

critical for sustainable policy planning such as municipal solid waste management in East Java Province. 

 

LITERATURE REVIEW 
This study is supported by various previous studies that employed machine learning methods to address missing 

values in datasets (Yulian Pamuji et al., 2024). The study utilized the mean and KNN imputer methods to handle 

missing values in the dataset. This approach was taken to avoid a reduction in the number of data used in the 

classification process and to improve classification performance on non-ideal datasets, especially small datasets. The 

study titled “ Penanganan Imputasi Missing Values pada Data Time Series dengan Menggunakan Metode Data Mining “ 

which performed imputation of missing values in weather data using mean and KNN imputer (Prasetya et al., 2023). 

Data imputation is a method for handling missing values in a dataset by replacing them using statistical or 

machine learning-based approaches (Emmanuel et al., 2021). The presence of missing data can lead to biased parameter 

estimates and result in inaccurate conclusions. To address this issue, multiple imputation is used as an effective 

statistical method. With multiple imputation, missing values are replaced multiple times (not just once), generating 

several complete datasets. Each dataset is then analyzed separately, and the results are combined to reflect the 

variability and uncertainty associated with the missing data (Afari & Lewis, 2022). Mean imputation is a simple method 

for handling missing values, where the missing value is replaced with the mean of the same variable across all subjects 

with available data. For example, if blood pressure values are missing for some patients, those values are replaced with 

the average blood pressure of the other patients whose data is available (Austin et al., 2021). 

KNN imputer is an effective method for imputing missing data that works based on similarity learning, including 

the following approaches: For each observation with missing values, the algorithm calculates the distance (usually 

Euclidean) between data rows; Then, the k-nearest neighbors that have non-missing values for the targeted variable are 

selected; If the variable is numerical, the missing value is filled with the average of that variable from the k neighbors; 

and if it is categorical, it is filled with the mode. KNN Imputer is a method for replacing missing values based on the 

mean (for numerical variables) or mode (for categorical variables) of the k nearest neighbors that have non-missing 

values for the corresponding variable (Oktaviani & Putrada, 2022). 

Interpolation is a statistical method used to fill gaps in data, especially in time series, by estimating values 

between two known data points. Unlike extrapolation, which predicts values outside the data range, interpolation is 

used for estimating values within the existing range. In imputation, interpolation is classified as a single univariate 

imputation method, as it relies solely on the variable itself to estimate the missing values (Bleidorn et al., 2024). 

Random Forest is a machine learning method used to generate accurate predictions by processing data through 

the construction of multiple decision trees (Kuswanto & Hakim, 2025). Random Forest can also be used for 

classification by utilizing an ensemble of decision trees, where the final result is a combination of the outputs from the 

trained decision trees (Trihardianingsih & Permatasari, 2024). Random Forest is a stable machine learning algorithm, 

with a convergence rate that is influenced only by the most relevant features (Hanan et al., 2025). Random Forest, as an 

ensemble learning algorithm that utilizes multiple decision trees to generate more reliable and precise predictions, is a 

promising approach for addressing this issue due to its ability to handle complex data and build robust predictive 

models (Sitohang, 2025). 

Gradient Boosting is an ensemble learning technique that iteratively builds weak models (typically decision 

trees) to correct the residual errors of the previous models. This method is capable of capturing complex interactions, 

non-linear structures, and temporal patterns, making it more advanced than static imputation methods such as mean or 

median (Oktaviani & Putrada, 2022). 

The K-Nearest Neighbor (KNN) algorithm functions to classify new data by referring to the attributes and 

existing training data. This classification process does not require the construction of an explicit model, but instead 

relies entirely on stored historical data. In its implementation, the algorithm searches for the K training data points that 

are closest to the data point to be classified. The classification decision is then determined based on the majority class 

among these K nearest neighbors. The nearest neighbors are identified by calculating the shortest distance between the 

test data and the training data (Simbolon et al., 2023). 

https://doi.org/10.47709/brilliance.v5i1.6461
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METHOD 

The method used to obtain RMSE comparisons for each model from the three missing data handling techniques 

involves several processes, including data collection, data preprocessing, model implementation, and evaluation. 

 
Fig 1. Research Method 

 

The research method begins with data collection from secondary sources through a literature-based approach. 

Data were gathered by retrieving information from the official government website, SIPSN (National Waste 

Management Information System), on June 12, 2025. The data collected in this study consists of waste generation data 

from 2019 to 2024 across 38 regencies and cities in East Java Province. 

Data preprocessing is an important stage because it involves selecting data according to the needs of the analysis. 

This process is carried out to reduce data size, normalize data, remove outliers, and extract data features. The collected 

dataset will then undergo data cleaning, followed by handling missing values using three methods: mean imputation, 

interpolation, and KNN imputer. This is done to improve the quality of the dataset so that it can produce accurate 

analysis and predictions for sustainable waste management. 

After data preprocessing is completed, the dataset will be processed to obtain waste generation predictions using 

the Random Forest, Gradient Boosting, and KNN models, each applied with their respective missing value imputation 

methods. 

 
Fig 2. Model Implementation 

 

In the data preprocessing stage for handling missing data, three models will be used Mean, Interpolate, KNN 

Imputer. To handle missing data in a dataset, the missing values can be replaced with the mean value of the 

corresponding column. The mean value can be calculated using the following formula: 

𝑥̅ =
1

𝑛
∑ x𝑖

𝑛
𝑖=1         (1) 

Interpolation is one of the techniques used to fill in missing data between two known data points. This technique 

is typically used for sequential data. Interpolation formula: 

𝑥 = 𝑥1 +
(𝑥2−𝑥1)

(𝑡2−𝑡1)
. (𝑡 − 𝑡1)   (2) 

KNN Imputer (K-Nearest Neighbors Imputer) is a method for filling in missing values based on the similarity 

(distance) between data records using the Euclidean Distance metric. The formula used to measure the distance 

(Euclidean Distance) is:  

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 (𝑥, 𝑦) = √∑ (𝑥𝑖 − 𝑦𝑖)2𝑛
𝑖=1   (3) 

 

Then, the formula used to calculate the replacement value for the missing data is: 

𝑥𝑓 =
1

𝐾
 ∑ 𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑖(𝑓)𝐾

𝑖=1    (4) 

 

After data preprocessing is completed, the next step is data prediction using three models, each applied with a 

different missing value handling method. The waste generation prediction models used are: Random forest, Gradient 

Boosting, KNN (K-Nearest Neighbors). Random Forest is used for regression prediction by combining multiple 

https://doi.org/10.47709/brilliance.v5i1.6461
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decision trees. Each tree is built from a random subset of data and features, and the final prediction result is obtained by 

aggregating the outputs of all trees (Ahmad Fauzi, 2025) . The formula used in Random Forest is: 

𝑦̂ =
1

𝑇
∑ ℎ𝑡

𝑇
𝑡=1 (𝑥)   (5) 

Gradient Boosting combines many shallow decision trees gradually to form a strong prediction. The model is 

initialized with an initial value: 

𝐹0 = 𝑎𝑟𝑔 min ∑ 𝐿(𝑦𝑖
𝑛
𝑖=1 , 𝛾)  (6) 

 

𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥) +  𝜂. ℎ𝑚(𝑥) (7) 

 

𝐹𝑀(𝑥) = 𝐹0(𝑥) +  𝜂 ∑ ℎ𝑚
𝑀
𝑚=1 (𝑥) (8) 

 

 

In KNN, the distance between the new data and all data in the dataset is calculated, then K nearest neighbors are 

selected, and the information from those neighbors is used to predict the value of the new data. The formula used is: 

𝑦̂ =
1

𝐾
 ∑ 𝑦𝑖

𝐾
𝑖=1     (9) 

 

RESULT 

The study began with the search for the required dataset, which in this case was data on the amount of waste 

generated in regencies and cities in East Java Province. The data were obtained from the official SIPSN (National Waste 

Management Information System) website, accessed through https://sipsn.menlhk.go.id/sipsn/public/data/timbulan on 

June 12, 2025. The collected data cover 38 regencies and cities in East Java, with waste generation figures from 2019 to 

2024. The data can be seen in the table below:  

Table 1. Initial Dataset 

No Regency/City 2019 2020 2021 2022 2023 2024 

1 Madiun City 42.622,24 43.133,55 43.695,25 44.219,80 44.750,39 45.287,39 

2 Surabaya City 811.860,24 811.255,10 650.614,62 651.043,42 657.016,64 659.033,63 

3 Tulungagung Regency 189.621,88  200.127,68 202.148,86 204.028,80 164.395,27 

4 Lumajang Regency 182.629,01 183.033,37 183.048,96 191.446,12 195.275,12  

5 Banyuwangi Regency 446.019,96  457.297,22 297.078,45 305.312,85 306.270,96 

6 Kediri Regency 184.669,09  194.845,76 240.082,40 241.778,92  

7 Sidoarjo Regency 446.733,65 396.476,90   320.690,10 313.401,68 

8 Madiun Regency 99.671,28   109.520,88 109.147,99 107.927,58 

9 Malang Regency 380.505,78   350.614,09 352.927,26  

10 Bondowoso Regency 104.298,71 104.819,19    115.049,02 

11 Probolinggo Regency 170.133,51 167.335,13    169.923,41 

12 Bangkalan Regency    151.736,05 152.259,02  

 

The waste generation data from 38 regencies in East Java Province, covering the years 2019 to 2024, show that 

14 regencies have complete data with no missing values, 8 regencies have one year of missing data, another 8 regencies 

have two years of missing data, 5 regencies have three years of missing data, and 3 regencies have four years of missing 

data. Based on Table 1 above, many values are still missing if the data is to be used for prediction. Therefore, a data 

preprocessing stage must first be carried out to make the data suitable for prediction.  

 

Missing Value Imputation Using Mean 

Mean imputation calculates the average of all available values in the corresponding column and then replaces the 

missing values with that average. This method can only be applied to numerical data. The results of missing value 

imputation using the Mean method can be seen in Table 2. 

Table 2. Results of Missing Value Imputation Using Mean 

No Regency/City 2019 2020 2021 2022 2023 2024 

1 Madiun City 42622,24 43133,55 43695,25 44219,8 44750,39 45287,39 

2 Surabaya City 811860,2 811255,1 650614,6 651043,4 657016,6 659033,6 

3 Tulungagung Regency 189621,9 153895,2 200127,7 202148,9 204028,8 164395,3 

4 Lumajang Regency 182629 183033,4 183049 191446,1 195275,1 166761,5 

https://doi.org/10.47709/brilliance.v5i1.6461
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5 Banyuwangi Regency 446020 153895,2 457297,2 297078,5 305312,9 306271 

6 Kediri Regency 184669,1 153895,2 194845,8 240082,4 241778,9 166761,5 

7 Sidoarjo Regency 446733,7 396476,9 156496,6 160238,3 320690,1 313401,7 

8 Madiun Regency 99671,28 153895,2 156496,6 109520,9 109148 107927,6 

9 Malang Regency 380505,8 153895,2 156496,6 350614,1 352927,3 166761,5 

10 Bondowoso Regency 104298,7 104819,2 156496,6 160238,3 169939 115049 

11 Probolinggo Regency 170133,5 167335,1 156496,6 160238,3 169939 169923,4 

12 Bangkalan Regency 180457,1 153895,2 156496,6 151736,1 152259 166761,5 

 

In Table 2, the missing data has been filled using the mean method, with the previously missing and now filled 

values shown in bold. This dataset is now ready to be used for further analysis. 

 

Missing Value Imputation Using Interpolation 

Interpolation estimates missing values based on the sequence pattern among known data points. It produces a 

smoother value distribution without significantly biasing the mean and data spread. This aligns with the view of 

(Downing, 2025), who stated that interpolation—especially for sequential data—is an effective approach for preserving 

the natural structure of the data. The results of missing value imputation using interpolation can be seen in Table 3. 

Table 3. Results of Missing Value Imputation Using Interpolation 

No Regency/City 2019 2020 2021 2022 2023 2024 

1 Madiun City 42622,24 43133,55 43695,25 44219,8 44750,39 45287,39 

2 Surabaya City 811860,2 811255,1 650614,6 651043,4 657016,6 659033,6 

3 Tulungagung Regency 189621,9 194874,8 200127,7 202148,9 204028,8 164395,3 

4 Lumajang Regency 182629 183033,4 183049 191446,1 195275,1 195275,1 

5 Banyuwangi Regency 446020 451658,6 457297,2 297078,5 305312,9 306271 

6 Kediri Regency 184669,1 189757,4 194845,8 240082,4 241778,9 241778,9 

7 Sidoarjo Regency 446733,7 396476,9 371214,6 345952,4 320690,1 313401,7 

8 Madiun Regency 99671,28 102954,5 106237,7 109520,9 109148 107927,6 

9 Malang Regency 380505,8 370541,9 360578 350614,1 352927,3 352927,3 

10 Bondowoso Regency 104298,7 104819,2 107376,6 109934,1 112491,6 115049 

11 Probolinggo Regency 170133,5 167335,1 167982,2 168629,3 169276,3 169923,4 

 

In Table 3, the bold values represent the imputed values obtained through interpolation. The missing values that 

have been filled using interpolation make the data more suitable for further analysis. 

 

Filling in missing values with KNN Imputer 

Missing value imputation using the KNN Imputer is based on the similarity between data points. This method 

searches for the nearest neighbors based on the Euclidean distance from the column with missing values, then calculates 

the average value of the corresponding feature from the neighbors to fill in the missing value. This approach allows 

missing values to be filled based on the similarity of surrounding data. This method can only be applied to numerical 

data. The results of missing value imputation using the KNN Imputer can be seen in Table 4. 

Table 4. Results of Missing Value Imputation Using KNN Imputer 

No Regency/City 2019 2020 2021 2022 2023 2024 

1 Madiun City 42622,24 43133,55 43695,25 44219,8 44750,39 45287,39 

2 Surabaya City 811860,2 811255,1 650614,6 651043,4 657016,6 659033,6 

3 Tulungagung Regency 189621,9 180935,2 200127,7 202148,9 204028,8 164395,3 

4 Lumajang Regency 182629 183033,4 183049 191446,1 195275,1 183628,8 

5 Banyuwangi Regency 446020 278767,7 457297,2 297078,5 305312,9 306271 

6 Kediri Regency 184669,1 180935,2 194845,8 240082,4 241778,9 175967,4 

7 Sidoarjo Regency 446733,7 396476,9 261898,1 339351,7 320690,1 313401,7 

8 Madiun Regency 99671,28 106221,3 104301,9 109520,9 109148 107927,6 

9 Malang Regency 380505,8 278767,7 299844 350614,1 352927,3 308212,5 

https://doi.org/10.47709/brilliance.v5i1.6461


 

 

E-ISSN : 2807-9035 

Volume 5, Number 1, May 2025 

https://doi.org/10.47709/brilliance.v5i1.6461 

  

 

 
This is an Creative Commons License This work is licensed under a Creative 

Commons Attribution-NonCommercial 4.0 International License.  

 

526 

10 Bondowoso Regency 104298,7 104819,2 104301,9 108673,2 108050,4 115049 

11 Probolinggo Regency 170133,5 167335,1 192674,1 187305,9 190762,6 169923,4 

12 Bangkalan Regency 141376,5 142753,2 151059,4 151736,1 152259 149794,6 

 

In Table 4, the bold values represent the results of missing value imputation using the KNN Imputer. This method 

works by finding the closest values based on the Euclidean distance from the missing value, then calculating the 

average of the corresponding feature from the nearest neighbors to fill in the missing value. The KNN imputation 

results take into account the relationships between features and the local structure of the data. The results from KNN 

produce values that are more consistent with the original distribution pattern. This supports the findings of (Hameed & 

Ali, 2022), who stated that KNN-based methods are effective in estimating missing values, especially in datasets with 

strong inter-feature relationships. 

Next, data transformation will be carried out, which is an important step in the data preprocessing stage to 

improve data quality and support the effectiveness of further analysis. Data transformation is done by separating the 

regency/city column to focus more on analyzing numerical data without categorical interference. This step can be 

assisted by machine learning to make it more efficient. After the missing value imputation process, the next step is data 

preprocessing through data scaling. This process is performed to normalize the data, i.e., by converting the values in the 

dataset to a scale between 0 and 1. Normalization is crucial as it helps reduce the scale differences between variables, 

making the dataset more effective and efficient for use. 

 

DISCUSSION 

In this study, three prediction models were applied: Random Forest, Gradient Boosting, and KNN. These 

prediction models were implemented after the data preprocessing stage. As a result of preprocessing and model 

application, RMSE values were obtained for each missing value imputation method and each prediction model. 

Additionally, the predicted data and actual data were visualized based on the lowest RMSE result. The RMSE values 

from each model help determine the most suitable imputation method and prediction model for similar studies, as well 

as for forecasting values in each subsequent year. The following are the RMSE results for each prediction model.  

Table 5. Average RMSE Results for Each Missing Value Imputation Method and Prediction Model 

No Missing Value Prediction Average RMSE 

1 Mean Random Forest 0,359 

  Gradient Boosting 0,384 

  KNN 0,378 

2 Interpolate Random Forest 0,625 

  Gradient Boosting 0,749 

  KNN 0,627 

3 KNN Imputer Random Forest 0,150 

  Gradient Boosting 0,147 

  KNN 0,164 

 

The prediction model for waste generation data in East Java Province shows that the method of handling missing 

values and the prediction model used have a significant impact on the results. In this study, the combination of the KNN 

Imputer method and the Gradient Boosting model produced the lowest RMSE value, indicating that this combination is 

the most effective for handling missing data and producing accurate predictions. Random Forest also showed good 

performance when combined with interpolation and mean imputation methods. The following is a graph of the actual 

and predicted data generated from the model with the lowest RMSE value, namely the combination of KNN Imputer 

and Gradient Boosting. 

 

https://doi.org/10.47709/brilliance.v5i1.6461
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Fig 2. Visualization of Actual and Predicted Data 

 

This graph shows that the prediction model used is able to map the actual values with reasonable accuracy, 

except at some extreme points. The model can be relied upon to predict future waste values, although special attention 

is needed to handle extreme data or outliers. 

CONCLUSION 

Based on the results of this study, filling in missing data using the KNN Imputer and applying the Gradient 

Boosting prediction model yielded significant results in predicting the amount of waste generation in East Java 

Province. There were three methods used to fill in missing values in the dataset: mean, interpolation, and KNN Imputer. 

Each method demonstrated different performance levels when combined with the three prediction models: Random 

Forest, Gradient Boosting, and KNN. 

Using mean imputation, the Random Forest model produced an RMSE value of 0.359, whereas interpolation 

resulted in an RMSE of 0.625, and the KNN Imputer achieved the lowest RMSE of 0.150. The interpolation method 

showed a relatively high RMSE, indicating that interpolation may not be suitable for addressing missing waste 

generation data in East Java Province. Despite this, interpolation still showed a lower RMSE value when paired with 

the Random Forest model (0.625). Overall, this study found that the KNN Imputer, when combined with the predict ion 

models Random Forest, Gradient Boosting, and KNN, consistently produced lower RMSE values compared to other 

missing value imputation methods combined with the same three prediction models. 
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