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Abstract

A compact neural-network model was developed to classify wa-
ter samples according to quality levels established by CONAMA
Resolution 357/2005. The study used a 2018 SEMASA-Itajai dataset
comprising 8,928 hourly measurements of pH, turbidity, apparent
colour and local precipitation. After outlier filtering, weighted k-
NN imputation and min-max scaling, the records were divided into
a 70% training set and a 30% validation set. The final classifier, im-
plemented in TensorFlow with two dense hidden layers and trained
for 100 epochs with the Adam optimiser, achieved 98.7% accuracy,
with misclassifications occurring only between neighbouring regu-
latory classes. Alongside the modelling, this work also proposes a
conceptual design for a future data-visualisation layer intended for
deployment in an embedded AloT monitoring system.
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1 Introduction

Preserving water quality is a fundamental pillar of the United Na-
tions 2030 Agenda, particularly within Goal 6, which focuses on
universal access to safe drinking water and adequate sanitation. In
2022, more than 2 billion people were still without secure access
to this essential resource, reinforcing the urgency for monitoring
systems that are increasingly precise and low-cost [21]. Within this
scenario, machine learning techniques (especially Artificial Neural
Networks (ANNs)) have gained visibility due to their capacity to
represent nonlinear interactions among multiple physicochemical
indicators of water [2, 18].

Recent literature points out that combining ANNs with deep
learning strategies and advanced preprocessing methods substan-
tially improves the predictive performance of parameters such as
turbidity, pH, conductivity, and chlorophyll-a [5, 16].

Simultaneously, the emergence of edge devices based on micro-
controllers (such as the ESP32) and wireless communication tech-
nologies has strengthened Artificial Intelligence of Things (AIoT)
architectures, a paradigm that integrates artificial intelligence with
IoT infrastructure to enable the acquisition, processing, and trans-
mission of environmental data in real time, promoting reductions
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in operational costs and enabling immediate corrective responses
[14].

In Brazil, CONAMA Resolution No. 357/2005 defines the crite-
ria for classifying water bodies and establishes emission limits for
effluents [4]. Observing this regulation is crucial not only for envi-
ronmental protection but also for safeguarding public health and
ensuring the sustainability of economic sectors that rely on water
resources. Studies such as Silva (2022) [20] emphasize how machine
learning approaches can support the analysis of anthropogenic
pressures on water quality, while applied research demonstrates
the practical viability of intelligent monitoring systems in the field
[2, 14].

Considering this context, the objective of this work is to de-
sign and validate a neural network capable of classifying water
samples according to the criteria of CONAMA Resolution 357/2005,
using the dataset provided by SEMASA-Itajai. Beyond the modelling
itself, the study also outlines a conceptual proposal for a future
data-visualisation layer intended to support the deployment of an
embedded AloT monitoring device. Although this visual interface
has not been implemented, it establishes the design principles for
presenting real-time measurements, model predictions and regula-
tory classifications in a user-centric manner. The ultimate goal is
to deliver an accessible, high-performance tool aligned with public
policy guidelines, contributing to the sustainable management of
water resources and advancing public health.

2 Development

This work is defined as applied research [17], whose objective is
to develop a neural network capable of classifying surface-water
samples according to the parameters established by CONAMA Res-
olution 357/2005. For this purpose, the study employed the dataset
provided by the Municipal Water, Basic Sanitation, and Infrastruc-
ture Service (SEMASA) of Itajai. A qualitative approach [13] was
adopted to evaluate the accuracy of the model, supporting its later
implementation on a microcontroller and the construction of an
AloT device.

Figure 1 summarizes the workflow, and each phase is described
throughout this article. The process begins with obtaining the
dataset and segmenting it based on the three available attributes.
Subsequently, exploratory analysis and preprocessing are applied,
including the imputation of missing data using the K-Nearest Neigh-
bors Imputer. Afterwards, the rainfall index (retrieved through the
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Open-Meteo API) is incorporated according to the sample collection
dates. Once the dataset is complete, the neural network is trained,

and the final step consists of validating the obtained results.
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Figure 1: Process Overview diagram
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To facilitate a clear understanding of the methodological proce-
dures, the development of the study was structured into five stages,
listed below:

e Data Analysis, Standardization, and Formatting: A de-
tailed examination of the structure of the records was carried
out, verifying distribution patterns, layout consistency, for-
matting conventions, punctuation, and naming standards.
This stage included consolidating multiple schemas into a
unified structure and defining consistent rules for data types,
measurement units, and coding, ensuring compatibility with
automated reading and processing by the artificial neural
network.

e Data Preprocessing: Activities included identifying and
handling missing entries, analyzing correlations among vari-
ables, computing descriptive statistics, and detecting or re-
moving outliers, thus ensuring data integrity prior to train-
ing;

¢ Data Imputation: Missing information was filled using a
machine-learning-based imputation technique, generating
values coherent with the dataset’s internal patterns. Addi-
tionally, a new feature representing the rainfall index for the
collection date was incorporated;

o Artificial Neural Network Development: The chosen
architecture was implemented in Python, with subsequent
configuration of hyperparameters, and selection of the loss
function and optimizer, followed by supervised training sup-
ported by cross-validation procedures;

o Results Analysis: Performance was assessed through met-
rics such as accuracy and by comparing the outcomes with
an earlier version of the neural model.

e Data Visualization: A conceptual dashboard was outlined
to guide the future visual presentation of measurements and
model outputs. Although not implemented, this stage defines
how real-time data, time-series behaviour and classification
results could be displayed in an embedded AloT interface,
supporting interpretability and operational decision-making.

2.1 Database analysis, standardization and
formatting

The dataset used in this study was supplied by SEMASA, the Mu-
nicipal Water, Basic Sanitation, and Infrastructure Service of Itajai.
It contains records from the year 2018 collected at a monitoring
station located in the Sdo Roque neighborhood.

All variables present in the dataset were used for training the
network, which are:

e pH measurement;

e Apparent Color measurement;

o Turbidity measurement;

o Rainfall Index (added later via API query).

The dataset provided by SEMASA was previously labeled into
four categories (Class 1, Class 2, Class 3, and Class 4) based on the cri-
teria established by CONAMA Resolution 357/2005. Theoretically,
the resolution defines specific numerical intervals for these classes
(e.g., pH limits usually bounded between 6.0 and 9.0, with varying
maximum thresholds for turbidity and apparent color across the
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four classes). However, instead of applying a deterministic, rule-
based algorithm (which would merely replicate strict numerical
thresholds), this study employs a neural network to implicitly learn
the underlying patterns, non-linearities, and multi-variable inter-
actions directly from the historical data. This approach allows the
system to classify water quality more robustly, effectively handling
real-world data variability and sensor noise.

Given the absence of a unified standard that would permit direct
processing by the neural network, coupled with the dispersion of
parameters across multiple files, it became necessary to restruc-
ture the dataset. The initial procedure consisted of merging all
monthly spreadsheets into a single table, organized with fields for
year, month, day, hour, and the respective value of each measured
parameter.

In the sequence, every parameter and additional variable was
incorporated into this unified structure, each arranged in its own
column. This process generated a final dataset comprising 8,928
records. Entries with a value of zero were reclassified as missing
data so that the subsequent algorithmic stages could handle them
correctly.

2.2 Data Preprocessing

Data preprocessing was conducted using the R programming lan-
guage and included: (i) analysis of missing data; (ii) calculation
of the correlation matrix. The results of these steps are presented
below.

2.2.1 Missing Data. During the preprocessing stage, one of the
most relevant findings was the detection of missing values within
the dataset. The variables turbidity and pH presented a relatively
small proportion of absent entries (approximately 4%), while the
apparent color variable exhibited a substantially higher rate, close to
50%, as shown in Figure 2. Because of this elevated percentage, the
possibility of removing the apparent color variable and training the
network without it was considered; however, the resulting models
displayed instability and low accuracy. Consequently, the decision
was made to impute the missing values for all three parameters
(pH, apparent color, and turbidity) prior to initiating the training
stage.
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Figure 2: Missing data

2.2.2  Variable Correlation Matrix. To enhance the understanding
of how the dataset variables interact, a correlation matrix analysis
was conducted to assess the degree of influence among them.
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The results showed that, beyond the expected strong correlations
between repeated measurements of the same parameter (such as
pH with pH), there is a notable moderate correlation (0.49) between
apparent color and turbidity, as presented in Figure 3. This stronger
association arises because variations in turbidity directly alter the
visual coloration of the water.

A simple illustration of this phenomenon is observed when soil
is introduced into a container filled with water and stirred: the
mixture acquires a brownish tone, becomes turbid, and may even
prevent visual transparency. The analysis also identifies a mod-
est correlation between turbidity and apparent color with rainfall,
suggesting that precipitation exerts a direct impact on these physic-
ochemical attributes of the water and, consequently, on its overall
quality.

Correlation Matrix between Variables
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Figure 3: Variable Correlation Matrix

3 Data Imputation and Enrichment
3.1 Missing Values Diagnosis

The preliminary examination indicated the presence of gaps in the
physicochemical parameters pH, apparent color, and turbidity, dis-
tributed unevenly across the dataset, as described in Section 2.2.1.
This pattern is consistent with a Missing At Random (MAR) mech-
anism, which supports the application of imputation techniques
based on similarity among samples [7].

Recent research highlights that weighted versions of the k-Nearest
Neighbors Imputer (k-NNI) tend to outperform univariate approaches
in scenarios with substantial multicollinearity, as they better pre-
serve inter-attribute correlations [10, 12]. Moreover, hierarchical
adaptations of k-NNI show stable and reliable behavior when pre-
serving local relationships in environmental datasets, preventing
the distortion of inter-attribute correlations [22].

In this study, the k-NNI method was employed with k = 5, using
a normalized Euclidean distance metric and weights inversely pro-
portional to distance. The algorithm was executed exclusively on
numerical variables after standardization using the z-score proce-
dure, following the workflow outlined in Figure 1.
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3.2 Rainfall Index Integration

Additionally, the variable daily precipitation (mm), obtained through
the Open-Meteo Historical API [23], was incorporated using the ge-
ographic coordinates of the Sdo Roque neighborhood (26.911926°S,
48.719348°W), as illustrated in Figure 4. The literature identifies
rainfall as an important explanatory factor for sudden variations in
turbidity and apparent color [6].

To prevent excessive load on the external service, a local cache
was implemented using a Python dictionary, allowing reuse of
previously retrieved responses. This solution also addressed the
slow request time of the API, which would have considerably in-
creased the total processing time if every record required a new
query. Because the API supplies daily(not hourly) precipitation
data, the retrieved value remained constant for all twenty-four
hourly records of each day. With the use of the cache, the process
was reduced from potentially 24 requests per day to a single daily
request.

Figure 4: SEMASA Sampling Location

The new column for precipitation was saved in the dataset file,
providing a complete dataset without missing values and enriched
with environmental context for the neural network modeling stage
described in the following section.

3.3 Artificial Neural Network Development

The neural network was developed in Python using the Tensor-
Flow framework [1]. The dataset was split into 70% for training and
30% for validation, a partition widely adopted in machine learning
studies. The architecture comprises three fully connected layers:
the first contains 32 neurons with ReLU activation, introducing
nonlinearity and enabling the extraction of complex patterns [19];
the second also uses ReLU, with 16 neurons; and the final layer
applies the Softmax function, responsible for converting raw output
values into probability distributions suitable for multi-class classi-
fication tasks (specifically, CONAMA Classes 1 through 4) [3, 15].
This minimalist architecture results in only 756 trainable param-
eters, establishing an objectively lightweight profile suitable for
memory-constrained edge devices.

During compilation, the Adam optimizer was selected, with a
learning rate of 0.001. Adam integrates the advantages of Momen-
tum (accelerating convergence by leveraging a moving average of
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past gradients) and RMSProp, which adaptively adjusts learning
rates based on the moving average of squared gradients. This hy-
brid structure makes Adam particularly robust and efficient in deep
learning applications involving large-scale data [9]. The loss func-
tion chosen was categorical cross-entropy, standard in multi-class
problems where output predictions represent probability distribu-
tions. Cross-entropy measures the divergence between predicted
and actual class distributions, driving the network toward improved
predictions across training iterations [8, 11].

Training was carried out over 100 epochs, with mini-batches
of 32 samples, using accuracy as the primary performance indi-
cator. Model evaluation included overall accuracy, the confusion
matrix comparing predicted and true classes, and the examination
of accuracy and loss curves throughout the training process.

The original version of the network differed in both structure and
configuration: precipitation was not included as an input attribute,
and the hyperparameters were simpler—three dense layers with
16 neurons in the first hidden layer and 8 in the second, while the
output layer remained the same. Adam was also used during compi-
lation, although no explicit learning rate was defined. Training was
initially executed for 50 epochs with batches of 16 samples. To en-
hance predictive performance, the precipitation variable was added,
and an empirical hyperparameter tuning was conducted, man-
ually testing combinations of neuron counts, learning rates, batch
sizes, and training durations based on the model’s convergence
behavior.

3.4 Data Visualization

Although the neural network has been fully developed and vali-
dated, the Data Visualization stage remains at a conceptual level,
serving as a proposal for the future implementation of the AIoT
system. The visualization layer is designed to act as a bridge be-
tween the embedded model and the end user, translating predictions
and measurements into clear graphical elements capable of sup-
porting operational and environmental decision-making. To this
end, a dashboard prototype (Figure 5) was created to represent the
ideal organization of the information to be displayed by a real-time
monitoring device.
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Figure 5: Data dashboard
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The proposed concept includes three main blocks: instantaneous
indicators of pH, turbidity, and apparent colour; time-series graphs
illustrating the recent behaviour of these variables; and historical
tables for detailed inspection. The structure follows the characteris-
tics observed in the dataset and in the model’s behaviour described
in the previous sections. In addition to the three main parameters,
the header displays essential information such as current date and
time, precipitation level (obtained via API), and the focal point of
the present research: the water-quality classification generated by
the developed neural network.

4 Results and Discussions

This section describes the results obtained from the application of
the techniques outlined in Section 2.

4.1 Artificial Neural Network Model

The model reached an accuracy of 98.7% during the validation phase,
which used 30% of the dataset. The confusion matrix presented in
Figure 6 shows that the few classification errors were concentrated
in neighboring categories (one class above or below the true label)
indicating coherent and stable behavior of the classifier. When com-
pared to the initial version of the neural network, which obtained
an accuracy of 98%, a considerably strong result, the refinements
applied and the introduction of the precipitation variable produced
an additional improvement of 0.7% in overall performance.
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Figure 6: Confusion Matrix Predicted vs. Actual Classes
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The confusion matrix also indicates that the misclassification
errors are concentrated near the boundary thresholds of the classes,
suggesting that these limits may require refinement. The use of
clustering techniques to adjust the classification intervals could help
mitigate such marginal discrepancies and, consequently, enhance
the model’s overall performance.

Another aspect of interest is the rapid convergence exhibited by
the network, with accuracy stabilizing around the 40th epoch, as
shown in Figure 7. This reflects the effectiveness of the adopted ar-
chitecture, while also implying that further improvements (such as
applying regularization strategies or exploring data augmentation)
could be investigated to determine whether additional performance
gains are achievable beyond the hyperparameter tuning already
performed in this study.

Figure 7 displays the accuracy and loss curves throughout train-
ing and validation. For comparison, Figure 8 shows the performance
of the first version of the model. The updated network demonstrates
increased stability, with smoother and more consistent learning
behavior, free of the oscillations observed in the earlier configura-
tion. This improvement results from defining the Adam learning
rate explicitly, including the new input variable, and refining the
hyperparameters.

Finally, it is important to highlight that the model maintained
stable predictive performance on the validation set even after the ap-
plication of missing-data imputation. The low error rates achieved
confirm that the preprocessing steps were successful and did not
introduce relevant biases during training.
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Figure 7: Accuracy and Loss Graphs of the New Artificial
Neural Network
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5 Conclusions

The study successfully developed and validated a lightweight neural
network capable of classifying surface-water samples in accordance
with the categories defined by CONAMA Resolution 357/2005,
achieving an accuracy of 98.7%. The refinements introduced like
explicit learning-rate definition, the inclusion of precipitation, ex-
panded hidden layers, and systematic hyperparameter tuning re-
sulted in a model with rapid convergence around the 40th epoch
and significantly smoother accuracy and loss curves compared with
the initial version. Misclassifications remained restricted to adja-
cent regulatory classes, indicating coherent and stable behaviour
consistent with the expected transitions near class boundaries.

The methodological workflow, which encompassed restructur-
ing fragmented spreadsheets, preprocessing, correlation analysis,
missing-data diagnosis, weighted k-NN imputation, and dataset
enrichment with daily rainfall, proved effective for organising a
heterogeneous collection of physicochemical observations. The k-
NN-based imputation preserved relevant correlations (especially
the strong interaction between turbidity and apparent colour) al-
lowing the network to maintain generalisation capacity even with
nearly 50% missing entries in one of the core variables. These results
demonstrate that the adopted pipeline is suitable for operational
contexts in which historical monitoring datasets are incomplete or
irregularly formatted.

Despite this strong performance, the study also reveals limita-
tions intrinsic to the available dataset. Incorporating additional
physicochemical attributes like dissolved oxygen or electrical con-
ductivity may also strengthen the model’s ability to capture subtle
variations in water quality, provided that robust and synchronised
datasets are available.

From an implementation standpoint, the compact architecture
and low computational demand reinforce the feasibility of deploy-
ing the classifier on microcontroller-based AloT devices. Embedded
inference reduces latency, ensures operational autonomy in envi-
ronments with intermittent connectivity, and lowers infrastructure
requirements. In parallel, this work outlined a conceptual Data Vi-
sualization layer, defining how real-time measurements, temporal
behaviour, and classification outputs could be presented in a user-
centred dashboard. Although conceptual, this design establishes
structural principles for a future interface to be integrated into an
embedded monitoring system.

Furthermore, future studies should employ k-fold cross-validation
and independent test sets to statistically ensure robust general-
ization capabilities, mitigating the limitations of the single 70/30
hold-out split used in this preliminary validation.

Future research should focus on real-time validation through
physical sensors installed in the target environment, enabling the
assessment of performance under operational noise, the detection
of distribution shifts between historical and live datasets, and the es-
tablishment of periodic retraining cycles supported by continuous-
learning mechanisms. Expanding the dataset to include seasonal
variability, extreme weather events, and additional sampling points
will be crucial for improving precision and ensuring broader applica-
bility. Altogether, the study provides a technically sound foundation
for intelligent water-quality monitoring, aligning machine learning,
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embedded systems, and regulatory compliance toward scalable and
sustainable AIoT solutions.
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