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Abstract - Urban and industrial activities along the
Beringin River in Semarang City cause water pollution in
the river. Therefore, assessing water quality is necessary
an effort to preserve the environment, safeguard human

well-being, and provide early warnings of potential decline.

This study used a Mamdani fuzzy logic for development
water quality assessment. Input variables consisted of TSS,
TDS, Ph, DO, BOD, COD, Nitrate, and Nitrite with water
quality as the output. System development was begun by
determination of fuzzy set domains for fuzzification and
defuzzification. Fuzzy rules were formulated using IF-
THEN relationships integrated with C4.5 Algorithm, an
algorithm was used to select the most relevant attributes
and pruning redundant branches to simplify complex
decision-making system, in accordance to the health and
environmental standards. The validation of the water
quality assessment system was carried out by comparing
the Pollution Index (PI) calculation data of 27 data points
over a five-year period. The validation results showed
accuracy system of 88.9%, with the water quality was
categorized as moderately polluted. These findings
indicated that the water quality assessment system have
high accuracy and can be specifically applied in the
Beringin River.

Keywords: River water quality, decision-making system,
mamdani fuzzy logic, C4.5 algorithm.

I. INTRODUCTION

River water quality continues to decline due to
industrial and urban activity along the riverbanks, while
river flow dynamics have contributed to the spread of
pollution [1]. In major cities, water pollution caused by
domestic waste, urban development, and industrial
expansion has significantly reduced river water quality.
This condition is further exacerbated by inadequate river
carrying capacity and limited wastewater treatment
facilities [2-4]. Previous studies have stated that poor
land use management accompanied by inadequate
draining system has become a major factor contributing
to river pollution [5]. These conditions highlight the
urgent need to develop a water quality assessment
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system as an effort to mitigate river pollution [6]. The
Beringin River, which extends for 15.5 km with a
catchment area of 32.8 km?, is located in an area with
high industrial and domestic activities, making this river
highly susceptible to pollution. [7]. Such conditions
indicate the necessity of developing a system capable to
assessing water quality. One approach is through the
application of a fuzzy logic-based system. Fuzzy logic is
selected due to its advantages in providing more adaptive
modeling against sudden environmental changes.
Furthermore, fuzzy logic has been recognized as capable
of addressing complex problems by representing the
concept of partial truth, which differs from Boolean logic
that tends to be rigid by representing all situation in
binary terms (1/0, true/false) [8-11]. Fuzzy logic
encompasses various methods, with two popular ones
being the Mamdanni and Sugeno methods. These
methods exhibit significant differences, where the
Mamdani method provides reasoning that more closely
resembles human intuition, while Sugeno method excels
in optimization and computational efficiency [12-15]. In
its development, fuzzy logic can be integrated with
Decision Trees (DT) as an effort to simplify datasets
classification processes and support the construction of
fuzzy rules [16-19]. One of the most popular algorithms
for developing DT is the C4.5 algorithm, which enhances
interpretability and efficiency in data mining [20-22].

One of the key efforts in assessing and controlling
river water pollution involves measuring and analyzing
water quality using the Pollution Index (PI), which
evaluates water quality relative to regulatory standards
[23, 24]. The Pl method has the advantage of being able
to utilize periodic water quality data through sequential
measurement over a defined time span, which allows for
a more efficient assessment of water quality. This
approach helps reduce coasts as well as research duration
[25]. Equation 1 presents the formula used in calculating
PI1, while the water quality is determined based on Table
l.
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Description:
PI; = Pollution Index for designated use j
G = Measured concentration of parameter
L; =  Permissible  concentration  of

i)

(Gi/Lyj),,
(Gi/Lij),

parameter i for designated j
= Maximum index of (C./Lj)
= Average index of (C,/Ly)

Advances in the development of water quality
assessment systems have been widely achieved by
utilizing computational intelligence, including DT
[26,27], support vector machines [28,29], and neural
networks [30]. Previous studies optimized fuzzy logic by
integrating genetic algorithms to improve system
accuracy [31]. Other studies focused on integrating water
quality indices with GIS-based spatial analysis to
provide broader environmental insights [32]. Despite the
significant contributions of earlier research, several
challenges remain. First, the complexity of fuzzy rule
bases often leads to inefficiency. Second, system testing
has frequently relied on generalized datasets rather than
being tailored to local river conditions. Third, outputs are
not always calibrated against established standards such
as the PI). These issues form the rationale for conducting
this study.

This study integrates the C4.5 algorithm into
Mamdani fuzzy logic to reduce rule base complexity and
thereby improve efficiency. Furthermore, the framework
is specifically applied to the Beringin River to generate
localized insights into pollution dynamics. In addition,
validation using PI ensures that the system’s outputs
remain consistent with applicable regulations. The
success of previous studies in applying fuzzy logic to
analyze water quality [33-35] provides concentrate that
fuzzy logic systems are both feasible and necessary to be
developed for assessing river water quality, particularly
for evaluating the pollution level of the Beringin River.
This effort supports environmental preservation,
strengthens water resource management, and safeguards
the health of communities living along the riverbanks.

1. METHOD

A. Datasets

This study utilizes sample data from the Beringin
River, located in Ngaliyan District, Semarang City, for
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the years 2017, 2018, 2019, 2020, and 2021. The data
obtained consisted of watr quality parameters, including
concentrations of Total Suspended Solids (TSS), Total
Dissolved Solids (TDS), pH, Dissolved Oxygen (DO),
Biochemical Oxygen Demand (BOD), Chemical
Oxygen Demand (COD), Nitrate, and Nitrite. Fig.1 was
showed the sampling locations map along the Beringin
River. Furthermore, eight water quality parameters serve
as input variables with water quality classification as the
system’s output (Table II). The data were obtained from
the Environmental Agency of Semarang City.

Data collection was conducted to obtain information
related to the research object, which was subsequently
processed according to fuzzy system requirements to
serve as input and test data. Interviews were also carried
out with laboratory technicians at the Environmental
Agency of Semarang City to gather relevant insights.
The fuzzy system was designed using the Mamdani
fuzzy logic method implemented in MATLAB using a
combination of the minimum function for the fuzzy rule
implication method and the maximum function for the
aggregation of rule outputs. The developed fuzzy system
was then optimized to ensure sufficient decision-making
accuracy by comparing assessment results generated
through fuzzy logic with those obtained using the IP
method. The stages of developing fuzzy system are
illustrated in Fig. 2.

TABLE |
P1 CLASSIFICATION
No Score Status
1 PI<1 Good
2 I<PI<S5 Lightly polluted
3 5<PI<10 Moderately polluted
4 P1>10 Heavily polluted

SAMPLING MAP OF THE
G

MIJEN

GUNUNGPATI 5[~ ¢

Fig. 1 Map of the beringin river watershed
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TABLE Il
INPUT AND OUTPUT VARIABLE
No Variable Unit Status
1. TSS mg/L Input
2. TDS mg/L Input
3. pH Input
4, DO mg/L Input
5. BOD mg/L Input
6. COD mg/L Input
7. Nitrate mg/L Input
8. Nitrite mg/L Input
9. Water Quality Output

The initial stage involved the data input procedure, in
which a mechanism was constructed to accommodate
crisp values derived from the water quality parameters of
the Beringin River. The subsequent stage prepared the
fuzzification procedure, aimed at converting the crisp
input values into fuzzy sets and calculating their degrees
of membership, thereby enabling the inputs to be
classified into appropriate fuzzy sets. The domains of
each fuzzy set for the respective water parameters were
formulated based on several reference standards.
Following this, fuzzy rules were developed and compiled
into a rule base. At this stage, linguistic rules were
constructed to describe the relationship between input
parameters and the expected system output using IF—
THEN implications. To optimize the rule base by
reducing the number of fuzzy rules and minimizing the
time required to determine appropriate rules, the C4.5
algorithm was integrated into the rule base using WEKA
Software. The subsequent stage encompassed the
inference procedure, in which reasoning was established
using the predefined fuzzy inputs and fuzzy rules to
generate corresponding fuzzy outputs. Finally, the
defuzzification procedure was conducted to transform
these fuzzy outputs into crisp values, based on the
specified membership functions.

B. Fuzzy rule generation and pruning using the C4.5
algorithm

The process of rule generation was conducted using
WEKA Software with the C4.5 algorithm [36]. The
procedure began with data preprocessing, including
cleaning and preparing dataset as well as defining the
target attribute. Subsequently, information gain was
calculated based on entropy to select the most
appropriate attribute as the root node. The DT was then
constructed recursively, with each node representing an
attribute and each branch indicating a specific condition.
Fuzzy rules were extracted from the tree paths extending
from the root to the leaf nodes, thereby producing a set
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of if-then rules. To reduce tree complexity, prevent
overfitting, and improve generalization, error-based
pruning was applied, in which the error rate of a subtree
was calculated and the subtree was removed if its error
exceeded that of the parent node [37]. The final output
was a simplified, efficient, and accurate rule base for
evaluating water quality. Furthermore, the accuracy of
the fuzzy system was determined by comparing the
system’s output with the calculated of PI.

C. Water Quality Parameter Standards

Water quality standards were employed as a reference
for defining the domains of fuzzy sets during the
fuzzification process (where water parameters served as
fuzzy inputs) and the defuzzification process (where
water quality served as the fuzzy output). Several
regulatory standards were used to establish the reference
values for river water quality parameters [38-43].
Conflicts among regulatory threshold values were
resolved through fuzzy aggregation and expert validation.
The boundaries of the membership functions were not
solely adopted from regulatory standards but were also
justified using empirical data analysis and domain-
specific literature [44-46].

[1l. RESULT AND DISCUSSION

A. Datasets

Descriptive statistics were applied to analyze the
datasets obtained. Organic parameters such as BOD,
COD, and DO were exhibited considerable variation
with right-skewed distributions, which established them
as the primary indicators in formulating the rule base.
TSS also showed high variability and was closely related
to the physical condition of the water quality. Meanwhile,
TDS and nitrite displayed highly abnormal distribution,
making it more appropriate as supporting rather that
determining indicator.

Fuzzification Procedure
Inference Procedure

I WEKA Software

I C4.5 Algorithm

Expert Experience

| Detuzzification Procedure l

Output Procedure

No s the output
appropriate?

Validation of Water Assessing
Result using the P1 Method

Fig. 2 Development stages of the fuzzy system
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B. Fuzzy Sets for Input and Output Variables

By considering several water quality standards, the
domains of fuzzy sets used in the fuzzification process
were defined, as well as those used in the defuzzification
process. The analysis of these regulatory standards
resulted in the formulation of fuzzy set domains. During
the fuzzification procedure, crisp input values were
transformed into fuzzy values, and the degree of
membership for each input was determined. This allowed
the inputs to be classified into the appropriate fuzzy sets.

C. Rule Base

The rule base consisted of a collection of fuzzy rules
incorporated into the fuzzy system. The fuzzy rules were
constructed by enumerating all possible combinations of
water quality parameters against the corresponding water
quality classifications, based on the previously defined
fuzzy sets and the regulatory standards for water quality
according to its intended use. This process resulted in a
total of 6.561 fuzzy rules, each formulated using the
implication structure: IF fuzzy input set THEN fuzzy
output set.

The C4.5 algorithm was applied to the rule base to
generate a DT using the WEKA Software, which
identified and eliminated redundant fuzzy rules. This
optimization reduced memory usage and improve
inference efficiency within the Mamdani fuzzy logic
system. Consequently, the fuzzy rules were reduced to
541.

D. Inference and Defuzzification

The inference process in the system was carried out
using the MIN-MAX implication function within the
Mamdani fuzzy logic method. Data processing was
conducted using MATLAB tools. The defuzzification
process involved extracting fuzzy outputs obtained from
rule evaluation and mapping them into an output
membership function. To derive the final water quality
output, the centroid method was applied. The centroid
method also known as the center of area (COA) produced
crisp values from fuzzy numbers by calculating the center
point of the fuzzy region. According to [47] the COA
method was considered superior because it did not
disregard error values in its calculations, making control
using COA more reliable, realistic, and smoother.
Another study also reported that the development of a

water quality assessment system for the Gajahwong
watershed using Mamdani fuzzy logic with the COA
method yielded favorable results, even when applied to a
larger set of parameters (11 in total) [33].

The defuzzification results provided annual river
water quality classifications based on parameter data, as
illustrated in Fig. 4. In 2017, the average water quality
derived from data at locations 1 to 7 was 3.58, categorized
as lightly polluted. The data indicated that from 2017 to
2021, the water quality of Beringin River tended to
increase, although it remained within the same fuzzy set
interval, namely lightly polluted. This finding differed
from previous studies, which reported that river water
quality in Central, Java was categorized as moderately to
heavily polluted [48]. The discrepancy was attributed to
the limited fuzzy rule employed in the previous study,
consisting of only 11 rules combined with the very broad
scope of regional analysis.

E. Validation of Water Quality Assesing Results

Fuzzy system testing was performed to evaluated the
performance of the developed Beringin River water
quality assessment system. The fuzzy system’s outputs
were compared with those obtained using the PI. This
evaluation provided the percentage accuracy of the
developed system. Validation data were derived from the
Water Quality Report issued by the Environmental
Agency of Semarang City for the Beringin River from
2017 to 2021. A total of 27 data points were analyzed in
the testing phase. The test results are presented in Table
111, which shows a comparison between the classification
outcomes based on fuzzy logic and those derived from the
Pl method.

Graph of Fuzzy Logic-Based Water Quality
Assessment Results

Water Quality

2017 2018 2019 2020 2021

Year

Fig. 3 Annual water quality status graph
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TABLE Il
COMPARATIVE RESULTS OF FUZZY LOGIC OUTPUT VERSUS POLLUTION INDEX METHOD

Input Parameter

Year Data

Water Quality
Determination

Point : P Fuzzy Logic Result
TSS TDS pH DO BOD COD Nitrate Nitrite Output PI output

2017 1 21 280 6 619 15 63 0.311 0.03 Lightly Lightly Matching
polluted polluted

2017 2 68 281 7 644 10 32 1.906  0.017 Lightly Lightly Matching
polluted polluted

2017 3 133 650 6 5.1 35 63 10.143  0.250 Moderately Moderately ~ Matching
polluted polluted

2017 4 8 322 6 75 13 40 1.013  0.005 Lightly Lightly Matching
polluted polluted

2017 5 12 243 7 7.2 10 45 1.662  2.006 Moderately Moderately =~ Matching
polluted polluted

2017 6 15 239 7 787 20 64 1.665  0.019 Lightly Lightly Matching
polluted polluted

2017 7 10 449 7 69 26 64 1.662  0.011 Lightly Lightly Matching
polluted polluted

2018 8 25 254 8 354 21 42 0.701  0.655 Lightly Lightly Matching
polluted polluted

2021 27 88 264 8 279 10 11 2,207  0.143 Lightly Lightly Matching
polluted polluted

Description:

- Parameter 1: TSS (mg/L)
- Parameter 2: TDS (mg/L)
- Parameter 3: DO (mg/L)
- Parameter 4: pH

After obtaining the water quality classification results
using both fuzzy system and the Pl method, the
percentage of agreement between the two approaches
was calculated. A total of 27 data points were analyzed
by using the confusion matrix (Table 1V). The limitations
of the dataset in this study posed challenges to statistical
validation, as small amount of sample tended to be

- Parameter 5: BOD (mg/L)
- Parameter 6: COD (mg/L)
- Parameter 7: Nitrate (mg/L)
- Parameter 8: Nitrite (mg/L)

data diversity, which caused the fuzzy system to learn
overly specific patterns ad diminished its ability to
generalize to boarder populations. Other challenge that
emerged was the reduced stability of fuzzy rules and DT,
which became less robust and consequently undermined
the reliability of the fuzzy system [49].

unstable and highly sensitive to minor variations in the Accuracy = —+TN___ 21*3 _ ) 889; (88.9%)
data, thereby reducing the reliability of the fuzzy system. o TEAEP+TNGEN 27
In addition, the risk of bias increased due to the lack of Precision = == 0=

TABLE IV

CONFUSION MATRIX

Predict class

Good Lightly Polluted Moderately Polluted Heavily Polluted

Good 0 0
3 g Lightly Polluted 0 21
S Moderately Polluted 0 0
Heavily Polluted 0 0

0 0

3 0
3 0
0 0
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TP

21

Recall/ sensitivity/ True Positive Rate (TPR) =

Specificity/ True Negative Rate (TNR) = L

Based on the confusion matrix, it was observed that
the class distribution was not balanced. Evaluating of the
good and heavily polluted water quality classes was not
conducted due to data limitations, which rendered
metrics such as recall and precision meaningless for
these categories. Overall, the fuzzy system demonstrated
good performance for the dominant class over the past
five years but was not trained to detect the rarely
occurring classes, leading to overfitting. The imbalance
in distribution within the confusion matrix could not
fully represent the overall capability of the fuzzy system.
Therefore, this fuzzy system was considered less reliable.

Based on the validation results, the fuzzy system
produced an accuracy of 88.9%. This result reflects a
high level of success in classifying water quality and
demonstrates the effectiveness of the Mamdani fuzzy
logic system developed in previous research for
assessing the water quality of the Winongo River using
the Mamdani fuzzy logic approach, the system achieved
an accuracy rate of 93.333% [24]. This result
demonstrates the effectiveness of the fuzzy logic
approach in classifying water quality conditions. Other
studies have also demonstrated the effectiveness of fuzzy
logic methods in producing precise outputs, serving as a
reliable decision support tool for water quality
assessment [50]. Fuzzy-logic-based methods was
demonstrated to be appropriate to address uncertainty
and subjectivity in drinking water quality assessment;
they are an effective method for managing complicated,

(TP+FN) - (21+3)

(TN+FP)  (340)

0.875; (87.5%)

uncertain water systems and predicting drinking water
quality [51]. Although the fuzzy system occasionally
failed to recognize certain positive cases (recall < 1), the
overall high accuracy (88.9%) indicates that the
Mamdani fuzzy logic method is suitable for assessing
river water quality, particularly in the Beringin River.
This finding is further supported by the results of the
linear regression analysis between Pl and fuzzy system
assessment (Fig. 5).

Based on Fig.5, the regression analysis yielded the
equation Y=1.1156 X-0.4441, with a coefficient of
determination R2=0.6471. The slope of 1.1156 indicates
that for every one-unit increase in fuzzy system
assessment, the performance index (Pl) is expected to
rise by approximately 1.12 units. The negative intercept
value (-0.4441) suggests that when the fuzzy system
assessment is zero, the Pl approaches a value close to
zero. The R? value of 0.6471 demonstrates that 64.7% of
the variation in Pl can be explained by fuzzy system
assessment, while the remaining 35.3% is attributable to
other factors not incorporated into the fuzzy system
assessment. Although fuzzy system assessment plays a
substantial role in predicting PI, additional variables
outside the current framework also contribute
meaningfully to performance outcomes. This result
could be a suggestion to stake holder of environmental
agency in improving river water quality in Semarang
City.

Linear regression analysis

o Y= 1,1156x-04441
R2=0,6471 .
o .
<3 '
o
® 'E-
® |z AL A
%‘ \y:‘ \/(*‘\‘/ /a\’ \# \ /’/\‘ J\
o
4 5 6 7

Fuzzy System

Fig. 4 Linear regression analysis between fuzzy system assessment and Pl
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IV. CONCLUSION

The Hybrid Mamdani Fuzzy-C4.5 Algorithm
assessing the water quality level was successfully
developed and applied to the Beringin River in Semarang
City. The construction of fuzzy sets was based on
established water quality standards, with eight water
quality parameters (TSS, TDS, pH, DO, BOD, COD,
Nitrate, and Nitrite) serving as input variables and one
output variable representing overall water quality. The
fuzzy system was supported by a rule base comprising
541 fuzzy rules generated through the integration of the
C4.5 algorithm using the WEKA software. Based on
Mamdani fuzzy inference, the water quality status of the
Beringin River was classified as lightly polluted.
Validation using five consecutive years of data through
the PI method indicated a high accuracy rate of 88.9%.
However, due to the imbalaced class distribution, the
fuzzy system assessment was considered less reliable.
The limitation of the dataset, consisting of only 27 data
points, restricted the generalizability of the findings and
therefore require further validation with more diverse
dataset. The imbalance of the dataset also affected the
fuzzy system, making it prone to overfitting toward the
dominant class. In addition, the outputs had not been
fully compared with established standards such as the
Water Quality Index (WQI), which weakened the
integration. Future research could be improved by
employing a larger and more diverse dataset that
represented the full range of parameters used in the
system. In this way, the fuzzy system would have been
more robust and reliable. The integrity of the fuzzy
system could be enhancing by comparing against
established standards such as the Water Quality Index
(WQI). Furthermore, integration with Adaptive Neuro-
Fuzzy Inference System (ANFIS) could be applied to
enhance predictive accuracy, as well as integration with
Geographic Information System (GIS)-based spatial
analysis to provide more comprehensive environmental
insights.
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