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Abstract

Water is the primary need for human survival. The need for clean water is very important, both in a
household scale and in an industrial scale. The clean water used and consumed by the community comes
from river water processed and distributed by the Regional Drinking Water Company (PDAM). Water
conditions before being treated and distributed contain various harmful substances if not purified, one of
which is ammonia. Currently, with the progression of information technology, particularly in the field of
machine learning and data analysis, the process of predicting the content of ammonia substances in water
is becoming increasingly facilitated. Machine learning has provided a number of scientific prediction
methods that can be used. In this research, the methods used were Random Forest and K-Nearest Neighbor
(KNN) methods are used to predict turbidity level of water in PDAM Surya Sembada Surabaya. This
research aims to compare robustness and precision of prediction methods. The Random Forest method
produced the best prediction error value of 0.0934, while the K-Nearest Neighbor (KNN) method produced
the best prediction error value of 0.0918.
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1. INTRODUCTION

Support activities for both home needs and those on a wider scale, such as for
industrial needs. Before water can be used by human, a clean water treatment process is
needed to ensure about safety for daily uses [1]. The availability of clean water is also
inseparable from its main source, the river. Rivers has a vital role in maintaining the
availability of clean water raw materials needed by the community. However, with the
growth of population accompanied by an increase in activities, the quality of clean water
raw materials is decreasing due to water pollution. Water pollution is the condition of
changing to the natural characteristic of water in the human environtment [2]. Pollution
in the water caused by mixing with hazardous substances, such as ammonia. Ammonia is
an inorganic substance that originating from nitrogen-hydrogen compunds from nature
and its formed by humans [3].

PDAM Surya Sembada is one of the business units owned by Surabaya City
Government (Pemkot) whose core activity is providing clean water to the customers such
as citizens, business unit, and industry, starting from processes to the distribution. PDAM
Surya Sembada always improves and notices towards quality of water through several
processing [4]. This water treatment is very important because it must be safe before
consumed by customers and to maintain their satisfaction. In short, customer satisfaction
is defined as what consumers desire to fulfill their needs, such as goods or service [5].

With technological advance in the field of machine learning now, these condition
can be handled by application of scientifically predictive based-system. Machine Learning
is a subset of Artificial Intelligence (AI) [6]. Machine Learning (ML) is the study of
computer algorithms that can recognize pattern in data, with purposed to be support of
decision making process with less human interaction [7]. This application is important
with the aim of getting accurate decision based on historical data. In this research,
Random Forest and K-Nearest Neighbor (KNN) methods were used to compare the
performance of both. In this research, also tested two methods that use different
approaches to make predictions. Random Forest uses an ensemble tree approach, and
KNN uses a distance approach. These two differences are characterized by the Random
Forest and KNN methods compared to other methods such as SVM or Neural Network.

Random Forest is is one of the regression models based on supervised learning
techniques using features from historical data. This method proposed by Breiman [8] .
Random Forest has characteristic which organizing the features and target using tree-
based model [9]. KNN basically used for classification, but it can also used for regression,
which regression result is obtained from average of k closest neighbors [10]. This method
is categorized as nonparametric classification method and well-known as easiest
algorithm [11]. These two methods are widely used for in many previous predictions and
classification-based studies because they are reliable and resistant to outlier data.

2. RESEARCH METHOD

2.1 Literature Review
Below in Table 1 are references to prior research that are viewed as relevant to

current research.
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Table 1. References of Prior Research

Year Title of Research Description
2024 Prediction of River Water KNN optimized by PSO
Quality Using KNN method reached best/highest
optimzed with PSO [12]. accuracy of 95.8% better than
KNN without optimation that
only reached 77.9%
2023 Classification Quality and Naive Bayes algorithm
Prediction Soil Water in DKI ~ reached best/highest accuracy
Jakarta Using Naive Bayes of 84.36% with splitting
Algorithm [13]. percentage of 80:20
2023 Prediction of River Water Artificial Neural Network
Quality using Machine method reached best/highest
Learning Methods : Ciliwung  accuracy of 94.6% compares
River Study Case [14]. with SVM, Random Forest,
and Naive Bayes.
2023 Water Quality Prediction KNN method managed to
Using Machine Learning achieve value of MSE of
Models Based on Grid Search  0.0002 and R-Square value of
Method [15]. 98.2%.
2022 Analysis of Gradient Catboost method achieved
Boosting, Adaboost, Catboost  best accuracy of 68% than
Algorithms in Water Quality =~ Gradient Boosting and
Classification [16]. Adaboost method
2020 Water Quality System KNN method reached highest

Prediction in PDAM Tirta
Raharja Using K-Nearest
Neighbors (KNN) [17].

accuracy above 90% when
classifying potable and not

potable water.

From a number of prior researches above that used as reference, these two methods
are widely used to solve case studies on classification and some were done with additional
approaches using other methods. Both methods exhibit satisfying results in classification
with an accuracy rate above 80%, therefore, in this research, both methods are tested for
their reliability in making predictions by maximizing the available parameters.

2.2 Type of Research

The data used in this research obtained from primary data of PDAM Surya Sembada
Surabaya. The dataset consists of 7 columns and 2066 rows with a data range of 01/02/2019
to 01/11/2024. The dataset consists of measurements taken daily by relevant personnel. The
data were analyzed and processed using Python to find the types, patterns, and possibility
of correlation between variables. All substances have an effect on the suitability of water for
consumption. Below is Table 2 containing the historical data from the measurement of
substance levels in water at PDAM Surya Sembada Surabaya.
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Table 2. Dataset

Date Ammonia Turbidity Ph Residual Chlor Temp Organic Substances

2019-02-01 0.2783 0.73 6.81 0.45 27.5 7.27
2019-02-04 0.1449 0.58 7.32 1 28 8.9

2019-02-06 0.1449 0.81 6.96 1 27 7.06
2019-02-07 0.1449 0.28 6.85 1 26 9.82
2019-02-08 0.1449 0.55 7.04 1 27 7.52
2019-02-11 0.0992 0.4 7.13 1 27 6.77
2019-02-12 0.0992 0.43 7.15 0.71 26.8 6.02
2019-02-13 0.0992 0.46 6.95 1.03 26 5.52
2019-02-14 0.0992 0.66 7.12 0.8 27 6.75
2019-02-15 0.0992 0,36 7.04 0.84 29 7.13
2019-02-18 0.1602 0.67 7.05 0.83 29 8.98
2019-02-19 0.1602 0.41 6.96 0.46 28.5 7.44
2019-02-20 0.1602 0.65 7.05 0.45 28 6.26
2024-11-01 0.19 1.16 6.83 0.11 29 6.34

After acquiring and exploring the data, the next sequence is executing the stages of
the research methodology as presented in Figure 1 below.
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Figure 1. Research Methodology
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From the above research methodology flow, the detailed steps at each stage can be
explained. The following is an explanation of each stage in the research methodology
diagram above.

2.3 Problem Identification

This research raises case study aim to obtain prediction result of ammonia substance
on water turbidity water managed by PDAM Surya Sembada Surabaya and also to assist
stakeholders in case of decision-making.

2.4 Data Preprocessing and Analytics

The dataset used in this research is obtained from PDAM Surya Sembada Surabaya
with a time span of 01/02/2019 to 01/11/2024. Data preprocessing and analytics are
basically used to identify initial condition of dataset that obtained from source. On this
phase, the dataset is identified starting from data type, correlation, and missing value that
possible occurred. Also, statistical analysis needs to be done to avoid poor prediction
result.

2.5 Feature Selection

In many prediction cases with numerical data, the way to determine the features
used as independent and dependent variables is to use analysis techniques based on the
Pearson Product rule [18]. The Pearson Product rule or function produces a relationship
value between the independent variable and the dependent variable with a value in the
range of 0-1. If the value is close to 1, it can be concluded that the variable has a positive
correlation and vice versa. Below in Equation (1) is function of Pearson Product.

~ XY — (X)(Y)
S SR ERERE

1

Txy

with:
Tyy :relationship coefficient
n  :number of samples used
X :total score of question
Y  :sum of total scores

2.6 Model Selection

The Random Forest method is development of Decision Tree. Decision Tree is
ensemble tree based method that has root node [19]. Below on Equation (2-3) are the steps
to implement the Random Forest. The working principle Random Forest method begins
with create bootstrap sampling which randomly selected from data. This process applied
to construct different training dataset for each decision tree.

D = {(x1,¥1), (x2,¥2), (x3,¥3), ... (Xn, Yn)} (2)
D* = {(x1, 1), (x3,¥2), (x3,¥3), ... (x5, yn)} (3)

In both equations above, D represents the training dataset and xi,y; values
represent the data points selected from bootstrap sampling. Then, the best split points of
each branch of decision tree is selected among m randomly selected variables. The split
point represented by function on Equation (4) below.

argmingo= ) Gi=9lefOP+ ) | (= Iright) @
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In Equation (4), yleft and yright are indicating the average target values of left and
right subnodes, respectively. Then, to create final prediction, all of the results obtained by
decision tree method will be calculated to find average value from all trees. Below in
Equation (5) is the function for final prediction.

R 1B
for=5). h@ ©

KNN method is a method that works using closest distance between training data
and testing data to find k objects [20]. This method uses the function of Euclidean Distance.
Below on Equation (6) is the function of the KNN method:

D:\/(xz_xl)z_(yz_yl)z (6)

with:
D  :distance
x  :data Sample
y  :testing data

2.7 Evaluation Metrics

At evaluation phase, the model trained and tested is calculated for accuracy based
on the resulting error value. This research uses the Root Mean Square Error (RMSE)
method to calculate the error value generated by the model. The function of the Root Mean
Square Error (RMSE) is on Equation (7) below.

Z(Yi _}/’\Z)Z (7)
n

RMSE =

with:

n  :quantity of data

y;  :actual value at the i-th data

¥, :predicted value at the i-th data

3 RESULT AND DISCUSSION

3.2 Descriptive of Independent and Dependent Variables

Based on result of Pearson correlation, then obtained result value to determine
variable independent and dependent. Below in Figure 2 is plot of correlation based on
Pearson.
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Correlation of Features

Amonia - 0.26 0.029 -0.0094 0.016 0.16
08

Kekeruhan 0.26 0.011 0.014 0.082 012
06

pH -0.029 0011 1 0.0087 0.023 0.057
Sisa Chior -0.0084 0.014 0.0087 - -0.034 0.031 04
Suhu 0.016 0.082 0.023 0.034 0.027 _02

Zat Organik (angka KMnO4) 0.16 0.12 0.057 0.031 0.027

-00

Amonia Kekeruhan pH Sisa Chior Suhu Zat Organik (angka KMnO4)
Figure 2. Pearson Correlation

It can be seen in Figure 2, variables ammonia and turbidity have correlation value
of 0.26. Both of them have positive relationship but at weak level, but not weaker than the
correlation values of other variables. If concerned, the correlation value of other
independent variables does not exceed 0.2. So, the conclusion is variable ammonia as a
independent variable and turbidity as dependent variable.

3.3 Hyperparameters Tuning and Data Splitting

In this phase, static parameter adjustment are implemented for Random Forest and
K-Nearest Neighbor (KNN) before being used as prediction model. Below in Table 3 and
Table 4 can be seen details of hyperparameters tuning and data splitting.

Table 3. Hyperparameters Tuning

Random Forest

Name of Hyperparameter Value
n_estimator 250
Criterion squared error
max_depth 70
min_samples_split 25
min_samples_leaf 20

K-Nearest Neighbor (KNN)
n_neighbor 5

Table 4. Data Splitting

Number of Training Number of Testing
Percentage
Data Data
65% : 35% 1343 723
75% : 25% 1549 517
85% : 15% 1756 310

In the Table 3, it can be seen that the value of each hyperparameter of both methods.
In this research, the simulations of prediction are conducted by wusing static
hyperparameter. In Table 4 is the details of data splitting percentage which applied by three
different splits. It aims to compare the result obtained by each method in the case of
prediction which influenced by the number of training data.
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3.3 Simulation Result

This research implement two methods of machine learning, namely Random
Forest and KNN to predict the level of water turbidity based on ammonia content. The
prediction results based on the method and difference in the composition of training data
and testing data with the actual values as shown in Figure 3 till Figure 5. Figure 3 is the
simulation results of the Random Forest and KNN methods with 65% train data and 35%
test data.
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Figure 3. First Simulation Plot of Random Forest dan KNN (using percentage split of 65%:35%)

In the first simulation, it can be seen on Figure 3 that the results of the Random
Forest method, manage to achieved prediction output close to the actual value (black line).
The resulting error value (RMSE) is 0.0967. Then, the simulation results of the KNN
method successfully produced prediction output close to the actual value (blue line). The
resulting error value (RMSE) of KNN is 0.0987. The output of the error value (RMSE)
produced by the two methods is not too wide, that is 0.0020.
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Figure 4. Second Simulation Plot of Random Forest dan KNN (using percentage split of
75%:25%)

In the second simulation, it can be seen on Figure 4 that the results of the Random
Forest method manage to achieved prediction output close to the actual value (black line).
The resulting error value (RMSE) is 0.0934. Then, the simulation results of the KNN
method successfully produced prediction output close to the actual value (blue line). The
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resulting error value (RMSE) is 0.0918. The difference output of the error value (RMSE)
produced by the two methods is 0.0016.
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Figure 5. Third Simulation Plot of Random Forest dan KNN (using percentage split of
85%:15%)

In the third simulation, it can be seen on Figure 5 that the results of the Random
Forest method successfully show prediction outputs close to the actual value (black line).
The resulting error value (RMSE) is 0.0964. Then, the simulation results of the KNN
method show promising prediction also with outputs close to the actual value (blue line).
Both methods also have the same prediction line pattern. The resulting error value (RMSE)
is 0.0952. The output of the error value (RMSE) produced by the two methods shows a
slight difference, that is, 0.0012. The following is a recapitulation table of the simulation
results of the Random Forest method and KNN methods as in the Table 5 below.

Table 5. Comparison RMSE Value

Percentage of Train Data and Test RMSE Value of Random RMSE Value of
Data Forest KNN
65% : 35% 0.0967 0.0987
75% : 25% 0.0934 0.0918
85% : 15% 0.0964 0.0952

The Table 5 above shows the simulation results generated by the Random Forest
method and KNN methods from the first simulation to the third simulation. In the second
simulation results with 75% training data and 25% testing data, Random Forest method
produced the lowest RMSE value of the entire simulation. This method successfully
produced the best RMSE value of 0.0934, while the KNN method also produced the best
error value in the second simulation with a value of 0.0918. This proves that both methods
are still capable of predicting data that has significant up and down conditions. Then,
based on prior research, it was proven that these two methods are quite reliable not only
for classification but also for prediction. Then, also shows in this research, both Random
Forest and KNN methods show good performance, although at each simulation stage it
can be seen that both methods produce dynamic RMSE values. Based on the selection of
only ammonia as the independent variable, it has been proven to minimize prediction
error values. This is because it has a significant effect in prediction models. However, the
resulting error value (RMSE) is still good, which is below 1. By promising results, it can
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be summarized that both methods have satisfied the research objectives and develop a
renewal of prior research.

4. CONCLUSION

Based on the results of the simulations conducted, it can be concluded that the
results of the first to third simulations using the Random Forest method managed to get
the best prediction error value (RMSE) in the second simulation with a splitting of 75%
training data and 25% testing data, that is, 0.0934. While the KNN method managed to get
the best prediction error value (RMSE) of 0.0918 also in the second simulation with only
ammonia as independent variable and turbidity as dependent variable. These results
prove that the Random Forest and KNN methods provide good and consistent prediction
results also has fulfilled the objective of this research. The result obtained by this research
also can be used as a reference by PDAM stakeholders making decision. In additon, both
methods can be recommended for use in further research with different prediction cases
or using other optimizer methods such as PSO, GA, etc.
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