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Greywater reuse has emerged as an important strategy for sustainable water management
and irrigation in water-scarce regions. However, the highly variable physico-chemical
characteristics of greywater make reliable classification and treatment decision-making
challenging. Conventional rule-based water quality assessment methods often fail to capture
complex nonlinear relationships among water parameters, limiting their effectiveness in
dynamic environmental conditions. This study proposes a hybrid artificial intelligence (Al)
pipeline designed to automate greywater classification and irrigation suitability assessment.
The proposed framework integrates K-Means clustering for unsupervised pollutant pattern
discovery, Random Forest (RF) classification for efficient pollutant-type prediction,
Support Vector Machine (SVM) for irrigation eligibility assessment, and a Mamdani fuzzy
logic controller for adaptive re-filtration decision-making. The system was evaluated using
a dataset containing 29,159 water quality records characterized by five key parameters: pH,
dissolved oxygen, temperature, conductivity, and ammonia concentration. Experimental
results demonstrate strong predictive performance and model stability. The RF classifier
achieved 99.86% accuracy in pollutant-type classification, while the SVM model predicted
irrigation suitability with 98% accuracy. Furthermore, the fuzzy logic module effectively
resolved boundary ambiguities and dynamically recommended treatment pathways,
directing 93.7% of samples to physical filtration, 4.8% to biological treatment, and 1.5% to
chemical treatment. The proposed pipeline provides an interpretable and scalable decision-
support framework that can be integrated into future loT-based smart water management
systems for automated greywater monitoring and irrigation safety assessment.

1. INTRODUCTION

and cooking) and commercial facilities accounts for
approximately 70-75% of total domestic liquid waste, this

Water is a vital natural resource for human life and activities
[1, 2]. Rivers, as surface water sources, are widely utilized by
communities as primary sources of clean water [3]. With a
population of approximately 270 million, Indonesia faces
significant environmental pollution caused by domestic
wastewater originating from both household and industrial
activities [4, 5]. For example, the sugar industry requires a
large volume of water in its production process, nearly all of
which becomes liquid waste containing dissolved and
suspended organic materials [6].

While environmental pollution can be mitigated through the
application of wastewater treatment technologies [7]. energy-
and cost-efficient solutions are required to meet urban water
demands while producing high-quality recycled water [8].
Therefore, a smart, effective, and sustainable wastewater
treatment approach is highly necessary [9].

In Indonesia, greywater defined as non-toilet wastewater
generated from household activities (such as bathing, washing,
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volume ranges from one to four times that of black water and
remains largely untreated [10]. Daily clean water consumption
of 137—-153 liters per capita results in a substantial discharge
of greywater, particularly in urban areas such as Jakarta and
Bandung [11]. Notably, bathing and ablution activities
constitute the largest contributors to water consumption in
high-income households (see Figure 1).

Grey water refers to wastewater generated from household
activities such as bathing, washing, and cooking [12], as well
as from commercial and residential facilities such as
restaurants, offices, apartments, and dormitories. This
wastewater poses a threat to the environment, as its quality
parameters such as temperature, pH, COD, and BOD often
exceed the limits set by the Indonesian Ministry of
Environment Regulation No.
P.68/MENLHK/Setjen/Kum.1/8/2016, along with other
national standards such as Permenkes No. 2 of 2023,
Permenkes No. 32 of 2017, and WHO guidelines.
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Figure 1. Water consumption in several cities in Indonesia

[11]

Water quality is determined by various physical, chemical,
and microbiological parameters, including pH, TDS, turbidity,
heavy metals (Fe, As), nutrients (NOs, SOa.), and biological
indicators such as total coliform and fecal coliform [13].
Ammonia content is also a major concern due to its harmful
impact on aquatic ecosystems [14].

The disposal of untreated grey water degrades
environmental quality, disrupts the aesthetics of residential
areas, and poses risks to public health and aquatic ecosystems
[15]. Furthermore, water crises caused by pollution and
drought have implications for food security, particularly in
terms of water availability for irrigation [16].

Fortunately, most greywater in Indonesia is already
separated from black water at the source, making it highly
feasible for recovery and reuse [17]. Due to its relatively low
pathogen and nutrient content compared to black water,
greywater is significantly easier to treat for applications such
as irrigation and nature-based systems [18]. This supports the
achievement of Sustainable Development Goal (SDG) 6:
Clean Water and Sanitation [9, 19].

To overcome the limitations of single-model approaches,
the proposed pipeline integrates three distinct components: (1)
K-Means Clustering to automate the discovery of pollutant
structures and generate pseudo-labels in data-scarce
environments; (2) Random Forest (RF) Classification to
replicate this logic into a lightweight model suitable for rapid
edge-inference; and (3) Fuzzy Logic to handle the inherent
ambiguity of decision boundaries in irrigation suitability,
bridging the gap between binary regulatory standards and
practical risk assessment [20-22].

he successful adoption of this scalable decision core will
require future collaboration among academics, government
agencies, local communities, and industry stakeholders to
facilitate comprehensive data collection and the formulation of
supportive policies [23-25].

Various physical, chemical, and biological greywater
treatment methods have been developed. However,
conventional rule-based treatment approaches often rely on
static, hard-coded thresholds that fail to capture the non-linear
interactions among complex water parameters. To address this
limitation, this study proposes a novel hybrid unsupervised-
supervised artificial intelligence (Al) pipeline that automates
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the transition from raw sensor data to actionable filtration
decisions. This study focuses on the development of an Al-
only decision pipeline for greywater assessment, designed for
future integration into Internet of Things (IoT) monitoring
systems without  requiring immediate physical
implementation.

2. METHODS

This study employs a conceptual modeling approach
focusing solely on Al algorithms for grey water classification
and adaptive decision-making, without involving any physical
device implementation. The goal is to design a multi-stage Al
model capable of categorizing pollutant types, evaluating
water quality eligibility, and recommending re-filtration
strategies based on secondary datasets.

The dataset used in this study is sourced from Figshare
(https://figshare.com/articles/dataset/25002131), containing
29,159 water quality records across five key parameters: pH,
temperature, ammonia concentration, conductivity, and
dissolved oxygen (DO). These parameters were selected based
on compliance with Indonesian and WHO irrigation water
quality standards, complete availability in the dataset, and
relevance to the physical and chemical characteristics of grey
water.

2.1 Literature review and parameter identification

An initial literature review was conducted to examine
greywater characteristics and identify the critical parameters
for evaluating irrigation water quality. Generally, greywater
contains various contaminants, including ammonia, organic
compounds, detergents, and suspended solids, which pose
pollution risks to environments and agricultural lands if
improperly treated.

Because conventional treatment approaches lack the
adaptive capabilities required to manage real-time fluctuations
in water quality, a data-driven Al modeling approach was
adopted to enhance assessment flexibility and efficiency.
Consequently, the developed Al framework integrated the K-
Means algorithm for unsupervised pollutant pseudo-labeling,
a RF classifier for supervised categorization, a Support Vector
Machine (SVM) for water quality eligibility evaluation, and a
Mamdani-type fuzzy logic controller to determine adaptive re-
filtration decisions.

2.2 Artificial Intelligence modeling workflow

The Al modeling workflow for greywater classification and
decision-making in this study consisted of several sequential
stages, as illustrated in Figure 2. The process began with a
literature review and data collection, which involved obtaining
a publicly available greywater quality dataset containing five
key parameters: pH, dissolved oxygen (DO), temperature,
conductivity, and ammonia.

During the preprocessing stage, the relevant water quality
parameters were selected. Subsequently, an unsupervised
learning phase was conducted using the K-Means clustering
algorithm (K = 3) to categorize the data into three pollutant
groups: physical, chemical, and biological. The resulting
cluster labels were then encoded and utilized as pseudo-labels
for the subsequent classification phase.

The modeling stage applied a RF classifier trained on the



clustered dataset. This model utilized a train-test split ratio of
70:30, 500 decision trees (n_estimators = 500), and a balanced
class weight setting to mitigate potential class imbalances.

An eligibility check was then performed using a SVM
equipped with a Radial Basis Function (RBF) kernel. The
water samples were assigned binary eligibility labels (eligible
or not eligible) based on Indonesian irrigation water quality
regulations and WHO standards.

For samples predicted as “not eligible,” the adaptive
decision-making stage was activated. This stage employed a
Mamdani-type fuzzy logic system to recommend an
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appropriate re-filtration path (physical, chemical, or
biological) based on the combined values of the five input
parameters.

Finally, the evaluation and output stage assessed the model's
performance using various metrics, including a confusion
matrix, cross-validation, feature importance analysis, learning
curve inspection, robustness testing via noise injection, and
interpretability analysis using SHapley Additive exPlanations
(SHAP). The final outcomes were subsequently validated
against established water quality standards to verify both
compliance and practical applicability (see Figure 2).
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Figure 2. Artificial intelligence (AI) modeling workflow

2.3 Simulation and model evaluation

The proposed Al workflow was tested through algorithmic
simulations using a greywater dataset, independent of
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hardware implementation. The procedure commenced with K-
Means clustering (K = 3) to generate pollutant category
pseudo-labels (physical, chemical, and biological), which
were subsequently utilized to train a RF classifier employing



a 70:30 train-test split and balanced class weights

Ideally, the inputs for the subsequent eligibility (SVM) and
remediation (Fuzzy) modules would consist of post-filtration
water quality data. However, because this study focused on
validating the computational decision logic rather than
evaluating physical filtration performance, the initial dataset
was utilized to represent the complete state-space of potential
water quality scenarios. This methodological choice allowed
the model's response to be tested across a comprehensive
spectrum of conditions ranging from 'successfully treated'
(compliant parameters) to 'system failure' scenarios (non-
compliant parameters thereby verifying the robustness of the
decision boundaries.

Subsequently, an SVM model equipped with an RBF kernel
classified these water quality scenarios as either eligible or not
eligible, based on Indonesian and WHO irrigation standards.
Samples designated as “not eligible” were further processed
by a Mamdani fuzzy logic system to recommend appropriate
re-filtration paths (physical, chemical, or biological) utilizing
the five input parameters.

Overall model performance was systematically evaluated
using a confusion matrix, cross-validation, learning curves,
robustness testing with noise injection, and interpretability
analyses via feature importance (for the RF) and SHAP values

(for the SVM). Finally, the outputs were validated against
regulatory water quality standards to ensure their practical
applicability.

3. RESULT AND DISCUSSION

The proposed Al-based model functions through a layered,
four-component architecture: unsupervised labeling with K-
Means, pollutant classification using a RF algorithm,
eligibility evaluation via a SVM, and adaptive re-filtration
decision-making utilizing Mamdani fuzzy logic.

The five key parameters evaluated in this study pH,
dissolved oxygen (DO), temperature, conductivity, and
ammonia were selected based on their relevance to the
physico-chemical properties of greywater and their
compliance with established irrigation standards. To evaluate
water quality eligibility during the SVM stage, binary labels
were assigned according to strict thresholds defined by
Indonesian national regulations (Permen LHK No.
P.68/MENLHK/2016, Permenkes No. 2/2023, and Permenkes
No. 32/2017) and WHO/FAO guidelines, as detailed in Table
L.

Table 1. Water quality standards validation

National Standard

Parameters . Reference WHO/FAO Standard
(Indonesia)
pH 6.0-9.0 Permen LHK No.P68/MENLHK/2016 6.5-8.5
Dissolved Oxygen (mg/L) >4 Permenkes No.2 tahun 2023 >3
Ammonia (mg/L) <10 Permen LHK No.P68/MENLHK/2016 <5
Conductivity (uS/cm) <1000 Permenkes No.32 tahun 2017 700 - 3000
Temperature (°C) 15-35 Permenkes No.2 tahun 2023 <30

This comprehensive validation against the established
standards (see Table 1) ensures the model’s robust
applicability for irrigation safety. The simulation results
demonstrate the pipeline's potential to operate autonomously
and adaptively, confirming its suitability for future integration
into both household and small-scale agricultural wastewater
management systems.

3.1 Labeling with K-Means

The initial stage of the modeling process involved
unsupervised clustering using the K-Means algorithm to group
the greywater data into three main pollutant categories:
chemical (Cluster 0), physical (Cluster 1), and biological
(Cluster 2). This clustering process aimed to generate
preliminary labels that would serve as the foundation for
training the subsequent classification model (see Table 2).

Table 2. K-Means cluster labels

Parameter Cluster 0 Cluster 1 Cluster 2
(Chemical) (Physical) (Biological)
pH 0.617387 0.609028 0.413149
Dissolved 0.486925 0.266706 0.163683
Oxygen

Ammonia 0.000940 0.001233 0.002855
Conductivity 0.088455 0.075610 0.077073
Temperature 0.015529 0.016707 0.015552

As detailed in Table 2, the displayed centroids represent the
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normalized feature values (scaled between 0 and 1) used
during the K-Means clustering process. This normalization
was applied to ensure that all parameters contributed equally
to the distance calculation without being biased by their
original magnitudes. Each cluster exhibited distinct
characteristics based on these normalized profiles. Cluster 0
(Chemical) was characterized by the highest normalized
conductivity (0.088) and dissolved oxygen levels (0.487),
indicating a profile influenced by ionic chemical content.
Cluster 1 (Physical) displayed moderate values across most
parameters but exhibited the lowest conductivity (0.076) and
the highest relative temperature (0.017), suggesting a
predominance of physical variations. Meanwhile, Cluster 2
(Biological) was distinguished by the highest ammonia
concentration (0.0029) paired with the lowest dissolved
oxygen (0.164) and pH (0.413). This specific combination of
high ammonia and low oxygen strongly suggested biological
contamination and organic decomposition potential.

These results demonstrated that the K-Means algorithm
effectively separated the data based on dominant pollutant
characteristics within the normalized feature space, providing
a structured foundation for the subsequent classification
process using the RF algorithm. Notably, the RF model was
trained on pseudo-labels generated by K-Means. This strategy
was intentionally adopted for scenarios where real-time
manual labeling is unfeasible. In this framework, K-Means
acted as an automated 'teacher' discovering latent structures,
while the RF served to 'clone' this clustering logic. The
objective was not to predict independent ground truth, but to
enable rapid, single-instance inference on edge devices



without the computational overhead of running iterative
clustering algorithms for every new data point.

3.2 Simulation results of pollutant classification (Random
Forest)

The RF classifier, trained on the normalized K-Means
pseudo-labels, achieved high predictive performance on the
test set. The overall accuracy reached 99.86%, with a macro-
average Fl-score of 0.9986, as detailed in the classification
report (see Figure 3).

As illustrated in the confusion matrix (see Figure 4), the
model demonstrated perfect sensitivity for biological
contaminants, correctly classifying all 2,201 biological
samples (100% recall). For the other categories, the model
correctly identified 2,313 out of 2,321 chemical samples and
4,222 out of 4,226 physical samples.

Confusion Matrix RF

4000

3500

Chemical
1
(=]
N

3000

2500

Actua
Physical

- 2000

- 1500

-1000

Biclogica

- 500

! T
Physical Biological

Predicted

I
Chemical

Figure 3. Confusion matrix Random Forest (RF)
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Figure 4. Classification report Random Forest (RF)

In total, only 12 out of 8,748 test instances were
misclassified. Specifically, 8 chemical samples were
mislabeled (6 as physical and 2 as biological), and 4 physical
samples were mislabeled (2 as chemical and 2 as biological).
As further evidenced by Figure 4, precision scores remained
consistently high across all classes (> 0.998), indicating
minimal overlap in the decision boundaries. These results
confirmed that the RF algorithm effectively replicated the
pollutant-type structures defined by the normalized K-Means
clustering, even with the class-weighted training applied to
manage the larger volume of physical samples.

3.2.1 Performance benchmarking and model selection
To rigorously validate the selection of the RF algorithm as
the primary classification module, a comparative performance
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analysis was conducted against two other established machine
learning models: Decision Tree (C4.5) and XGBoost. The
benchmarking process utilized identical training and testing
splits (70:30) and preprocessing steps to ensure a fair
comparison. The resulting performance metrics including
accuracy, precision, recall, and Fl-score alongside
computational efficiency (training time), are summarized in
Table 3.

Table 3. Performance comparison

Model Accuracy Precision Recall F1-Score
Ra“da‘fg orest 99 86 0.9986  0.9985  0.9986
Decision Tree 99.95 0.9995 0.9995 0.9995
XGBoost 99.92 0.9992 0.9992 0.9992
All three classifiers achieved strong predictive

performance, with accuracies exceeding 99.8%. This outcome
was expected, given that the target labels were derived from
the structured feature space of the K-Means clustering. The
Decision Tree model achieved a marginally higher accuracy
of 99.95% and the fastest training time (0.04 s). However,
single decision trees are inherently prone to overfitting and
instability when exposed to the noise variations common in
real-world sensor data. Conversely, the XGBoost model
yielded an accuracy of 99.92% but required the longest
training time (7.20 s), rendering it computationally expensive
for potential deployment on low-power Internet of Things
(IoT) edge devices.

The RF classifier achieved an accuracy of 99.86% with a
macro-average F1-score of 0.9986. Although its training time
(6.57 s) was higher than that of the single Decision Tree, it
remained more efficient than the boosting ensemble. More
importantly, the RF model offers a critical advantage in
stability; its ensemble nature reduces the variance associated
with single trees, providing a more reliable generalization for
the final decision pipeline. Consequently, the RF algorithm
was selected as the optimal core classifier, striking the best
balance between predictive reliability and computational
feasibility.

3.2.2 Model stability and interpretability analysis

As illustrated in Figure 5, the RF’s Gini-based feature
importance analysis indicated that dissolved oxygen (= 0.40)
was the most influential predictor for pollutant-type
classification, followed by pH (= 0.30) and conductivity (=
0.27). In contrast, temperature (~0.04) and ammonia (~0.01)
contributed marginally to the model. This pattern suggested
that variations in oxygen availability, acidity or alkalinity, and
ionic strength primarily drove the separation among the K-
Means pollutant clusters, while temperature and ammonia
provided limited additional signals in this dataset, likely due
to their narrower ranges or overlap with the more dominant
features. These results are consistent with existing water-
quality literature, where DO and pH often act as sensitive
integrators of chemical and biological conditions. For
robustness, this ranking could be cross-checked with
permutation importance or SHAP values to confirm the
dominance of DO, pH, and conductivity.

Furthermore, the learning curve (see Figure 6) demonstrated
that the training accuracy remained consistently at
approximately 1.00 from the smallest sample sizes, while the
validation accuracy started around 0.978 and steadily rose
toward 0.999 as more training data were utilized. The gap



between the curves narrowed, and the shaded band
representing validation variance shrank, indicating lower
variance and stronger generalization with no meaningful signs
of overfitting. After approximately 20,000 training samples,
the performance gains began to plateau (diminishing returns),
suggesting that additional data would yield only marginal
improvements. Overall, the model appeared highly stable,
maintaining a favorable bias-variance balance.
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Figure 5. Feature importance Random Forest (RF)
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As detailed in Table 4, the ten-fold cross-validation yielded
accuracies ranging from 0.9976 to 1.0000, with an average of
0.9991 and a minimal standard deviation of 0.0009. This
narrow spread across the folds indicated that the model was
highly stable and insensitive to data partitioning, suggesting
strong generalization capabilities under resampling. The near-
ceiling scores also implied that the pollutant-type structure
learned from the features dominated by DO, pH, and
conductivity was highly separable, which aligned completely
with the feature importance analysis.

Table 4. Cross validation result Random Forest (RF)

Fold Accuracy
1-2 0.9983
3-6 1.0000
7 0.9989
8 0.9976
9 1.0000
10 0.9983
Average 0.9991
STD (Standard 0.00091
Deviation)
Additionally, a robustness test was conducted by
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introducing random noise into the training data at levels
ranging from 5% to 20% of each feature's standard deviation.
The results, summarized in Table 5, indicated that although the
accuracy slightly decreased as the noise levels increased, all
accuracy values remained above 95% even under extreme
noise conditions. This performance confirmed the model’s
resilience to sensor data fluctuations and its suitability for real-
world IoT-based water treatment systems.

Table 5. Robustness test results

Noise Level (% of Std Dev) Accuracy
5% 0.9868
10% 0.9734
15% 0.9616
20% 0.9503

3.3 Evaluation of filtration results (Support Vector
Machine)

The SVM model was employed to evaluate the irrigation
suitability of the water samples based on the five normalized
input parameters: pH, temperature, DO, conductivity, and
ammonia concentration. Binary eligibility labels were
generated by applying strict thresholding rules aligned with
national irrigation standards (Permenkes No. 2/2023, Permen
LHK No. P.68/MENLHK/2016) and WHO guidelines,
distinguishing between 'Eligible' (1) and 'Not Eligible' (0)
conditions. The model was trained using an RBF kernel, which
is well-suited for capturing non-linear decision boundaries
within the normalized feature space.

Experimental results demonstrated strong classification
performance. An analysis of the confusion matrix (see Figure
7) indicated high precision in separating the classes, with the
model correctly identifying 6,578 non-eligible samples and
2,153 eligible samples. Misclassifications were extremely
minimal, limited to only 15 and 2 instances, respectively. As
further detailed in the classification report (see Figure 8), the
precision, recall, and F1-scores for both classes consistently
ranged between 0.99 and 1.00, confirming the model’s
reliability in acting as an automated gatekeeper for irrigation
safety.

Confusion Matrix: SVM (Eligibility Check)

6000
@
5
[=3]
2 15 5000
°
_ =2
3 4000
£
8
g -3000
L")
<
2 -2000
2- 2 2153
w
- 1000
Not Eligible Eligible

Predicted Label

Figure 7. Confusion matrix Support Vector Machine (SVM)
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Table 6. Cross validation result Support Vector Machine

(SVM)

Fold Accuracy
1 0.9786
2,3,6 0.9756
4 0.9811
5 0.9807
7 0.9803
8 0.9711
9 0.9751
10 0.9841
AVG 0.9778
STD 0.0035

The learning curve for the SVM model (see Figure 9)
demonstrated steady gains in validation accuracy as the
training set grew. The train-validation gap narrowed and the
variance band shrank, evidencing improved generalization and
an absence of material overfitting. The ten-fold cross-
validation results, summarized in Table 6, confirmed this

stability, yielding accuracies ranging from 0.9711 to 0.9841
(with a mean of 0.9778 and a standard deviation of 0.0035)
across the data partitions.

Additionally, a robustness test was performed by
introducing zero-mean noise scaled to each feature’s standard
deviation. As presented in Table 7, the accuracy remained at
0.9786 at a 5% noise level, declined modestly to 0.9721 at
15%, and remained highly reliable at 0.9676 even with 20%
noise. This minimal decrease in accuracy across a four-fold
increase in perturbation indicated that the classifier was highly
resilient to moderate input variability.

Table 7. Robustness test results Support Vector Machine

(SVM)
Noise Level (% of Std Dev) Accuracy
5% 0.9786
10% 0.9781
15% 0.9721
20% 0.9676
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Figure 10. SHAP value Support Vector Machine (SVM)
Note: SHAP = SHapley Additive exPlanations.

Finally, the SHAP (SHapley Additive exPlanations) value
analysis (see Figure 10) indicated that temperature and
dissolved oxygen had the most substantial effects on the
model's output, followed by pH and conductivity; ammonia
had only a minor impact. Higher DO and in-range pH values
pushed the predictions toward the 'eligible' category, whereas
low DO, out-of-range pH, and higher conductivity pushed the
predictions toward 'not eligible.! While temperature was
positively associated with suitability within the range of this
dataset, values exceeding regulatory limits would likely
reverse this effect. Overall, eligibility was driven primarily by
DO, pH, and conductivity, with ammonia and temperature
serving as secondary indicators.
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Table 8. Robustness test results (Support Vector Machine)

Case Scenario Input Parameters Expected Action Fuzzy Model Validation

1D Description P (Expert/Theory) Output Status
Case 1 Ideal/Minor Debris pH=7.2, DOC; 6.5, Amm = Physical (Filtration) Physical Valid
Case 2 nghS‘; Iirll(?oma pH=7.0, D(; ? 3.0, Amm = Chemical (Precipitation) Chemical Valid
Case 3 Oxygen Depletion pH=638, D(; § 1.5, Amm = Biological (Aeration) Biological Valid
Case 4 Salinity/Ion Surge pH=7.5, D205 (706'0’ Cond = Chemical (Ion Exch.) Chemical Valid
Case 5 Extreme Acidity pH =45, DOO ? 3.0, Amm = Chemical (Neutralization) Chemical Valid

3.4 Fuzzy logic determining pollutant types. Practically, this dictates a tiered-

Water samples classified as not eligible by the SVM model
were further processed using a Mamdani-type fuzzy logic
system to determine the most appropriate re-filtration path in
an adaptive manner. This approach was intended to handle the
ambiguity and overlap of complex sensor parameter values
that are often difficult to resolve using conventional
classification methods. Five main input parameters pH, DO,
ammonia, conductivity, and temperature were utilized in the
fuzzy system, with each assigned three linguistic membership
functions: low, normal, and high. These membership functions
were designed based on regulatory thresholds derived from
Permenkes No. 2/2023 and WHO guidelines.

To quantitatively evaluate the fuzzy logic module, a
rigorous control surface analysis and a scenario-based
verification were conducted. Unlike simple rule-based
systems, the fuzzy controller manages non-linear interactions
between parameters, as visualized in the 3D control surfaces
(see Figure 11). As demonstrated in Figure 11(a), the system
exhibited a smooth decision gradient: while normal pH and
DO levels resulted in a physical path decision (represented by
the flat blue plateau, $Z < 1.0$), a decrease in dissolved
oxygen triggered a gradual shift toward the biological path
(aeration). Simultaneously, Figure 11(b) confirmed that spikes
in ammonia or conductivity overrode other inputs to trigger
the chemical path, ensuring safety against toxicity.

Furthermore, given the absence of historical ground-truth
actuation data, the model's correctness was verified against
standard water treatment engineering principles (expert logic).
The system was tested using five representative edge-case
scenarios covering extreme acidity, hypoxia, and nutrient
spikes. As summarized in Table 8, the fuzzy controller
achieved a 100% agreement rate with expert expectations. For
instance, in the 'Extreme Acidity' scenario (pH 4.5), the model
correctly identified the risk to biological media and mandated
chemical neutralization. These results confirmed that the
module functioned as a robust, scientifically valid decision
component rather than a mere post-hoc explanation.

3.5 Linking model interpretability to practical control
strategies

Although the dominance of dissolved oxygen (DO) and pH
in the feature importance and SHAP analyses aligned with
fundamental water quality science, distinguishing their
specific roles provided novel insights for hardware design and
control logic.

Implications for Sensor Architecture: The RF analysis
identified DO and pH as the primary discriminators for
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sensor architecture for future IoT nodes. Because the model
relied heavily on these specific parameters to distinguish
contamination sources, hardware budgets must prioritize
industrial-grade, high-precision probes for DO and pH. In
contrast, parameters with lower importance scores, such as
temperature, can be monitored using standard, low-cost
sensors without significantly compromising classification
accuracy.

Implications for Automated Control Strategies: While the
classification model focused on pollutant types, the SHAP
analysis of the SVM model highlighted how these parameters
drove the safety decision for irrigation eligibility. The high
impact of DO and conductivity suggested that an automated
control strategy must prioritize these variables for risk
mitigation. For instance, the control loop could implement a
preemptive feedback mechanism: if the DO trends negatively
even before reaching the critical regulatory threshold the
system should immediately trigger the aeration unit. Similarly,
the high sensitivity to pH implied that an automated buffering
stage is a mandatory prerequisite in the filtration design to
prevent system rejection. By translating these distinct
interpretability findings into specific actuation protocols, the
system evolves from a passive monitoring tool into an active,
risk-aware mitigation core.

4. CONCLUSIONS

This study demonstrated an Al-only pipeline for greywater
assessment that integrated K-Means clustering for
unsupervised pseudo-labeling, a RF classifier for pollutant-
type categorization, an SVM model for irrigation eligibility
evaluation, and a Mamdani fuzzy logic controller for adaptive
re-filtration routing. Utilizing five routinely measured water
quality parameters, the pipeline achieved high accuracy,
stability, and interpretability. The classification and eligibility
models demonstrated robust predictive performance against
baseline benchmarks, effectively acting as an automated safety
gatekeeper. Furthermore, the interpretability analyses aligned
with regulatory frameworks, identifying dissolved oxygen,
pH, and conductivity as the principal drivers of both pollutant
classification and irrigation eligibility.

Contrary to rigid rule-based systems, the fuzzy logic
controller dynamically adapted to input variations to translate
the model outputs into actionable treatment pathways. The
system successfully routed the majority of simulated cases to
physical filtration reflecting the prevalence of minor
particulate contamination while dynamically redirecting
severe toxicity events to biological or chemical remediation



paths.

Crucially, this study positioned the developed pipeline as a
scalable decision core algorithm designed for the application
layer. Although physical hardware deployment remained
outside the scope of this work, the framework defined a
standardized input interface and discrete output logic
explicitly  engineered for future integration with
microcontroller units (MCUs) in IoT edge devices. The study
acknowledges limitations regarding the reliance on pseudo-
labels and the utilization of a single dataset. Consequently,
future research should validate the models across diverse
geographical sites and seasons, extend the input parameters to
include microbiological indicators, and tune the decision
thresholds to site-specific risk profiles. Finally, exploring
online continual learning will further align the model's
predictions with the operational constraints of real-world
deployments.
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