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Abstract. Coastal water quality directly impacts coastal industries like aquaculture and salt
production. This research aimed to optimize predictive models for coastal water quality using
blended machine learning techniques. Specifically, Multi-Layer Perceptron Neural Networks
were combined with Support Vector Machine classifiers. This blended model outperformed
Softmax activation and One-vs-All SVM classifiers. Additionally, Multiple Generative
Adversarial Imputation Networks were used to impute missing data. This made the dataset
more complete and improved model performance. The blended model combining Neural
Networks, One-vs-One SVMs, and imputation had the highest accuracy for water quality
classification. Therefore, blended artificial neural networks show promise for optimizing
solutions for water quality modeling in coastal environments.
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1. Introduction

Water is the world’s most natural resource, accounting for 71% of the Earth’s surface area (Abuzir &
Abuzir, 2022). Of all this water, 97.5% is seawater (Mishra, 2023). Water quality is essential for many
farming activities, such as crop, fish, and salt farms. This is because water is the main element for plants
or vegetation to grow and is a habitat for aquatic animals. In addition, seawater is also the primary raw
material for salt production. Thus, water quality monitoring and management to ensure water quality
suitable for such farms is inevitable. Evaluating water quality contributes to care, control, and reduce
impact by ensuring the water is safe (Islam et al., 2021). In Samut Songkhram Province, Thailand, there
are many areas where canals and the river connect to the sea. Different farms within the same area may
have different water quality requirements. For example, the salt farm requires a salinity of around 27 to
30 parts per thousand (ppt) (Kim et al., 2020), while the fish farm, the Asian seabass (Lates Calcarifer)
requires a salinity of 20 ppt for growth (Hassan et al., 2024). In contrast, the crop farm does not require
salinity in the water. However, since water sources are from the same source or transport route, it is
difficult to determine whether the water quality harmed any farms in the same area at that time.
Therefore, developing models to classify water quality as suitable for various farms is necessary and
challenging, as the same water quality may or may not be suitable for various farms.

Most of the water quality data are in the form of quantitative data, which may include the water
temperature (WT), the potential of hydrogen (pH), Dissolved Oxygen (DO), electrical conductivity
(EC), biochemical oxygen demand (BOD), chemical oxygen demand (COD), turbidity, ammonia
(NH3), lead (Pb), copper (Cu), cadmium (Cd), mercury (Hg), and arsenic (As). Some of these
parameters have a significant direct effect on water quality. For example, The rise in sea temperature
by only 2°Celsius resulted in a decrease in the amount of water or shortages (Paltan et al., 2021), but in
turn, increased the concentration of fish waste in the cages, which is harmful to the fish (Li et al., 2023).
In addition, if the amount of DO decreases, it will affect the growth of the fish because it requires more
energy to exchange oxygen (Jasmin et al., 2022). Imbalanced salinity and mineral affect the fish’s feed
conversation rate (Harpaz et al., 2005). Moreover, the salinity causes some horticultural crops to be dry
and produce less fruit (de Luna Souto et al., 2023). Most studies collect water quality data from one or
multiple water sources but a binary class or a few classes between three and five classes. However,
there is very little research on using water sources in the same area and then classifying them for
different contexts, such as various farms. These water quality classes can be susceptible to different
farming practices. Currently, real-time water quality data is collected by Internet of Things (IoT)
devices, including probes or sensors that transmit analog data, process it, and then automatically send
it to a database server via internet and network communication. However, sometimes there may be cases
where the probe or sensor does not work correctly, resulting in multiple missing values in the records.
More than one attribute may be missing within the same record. Several data imputation techniques
exist, such as mean, regression, RF, Expectation-Maximization (EM), time series, and multiple
imputations that can be solved these issues. Especially the Multiple Generative Adversarial Imputation
Network (MGAIN), which is based on Generative Adversarial Imputation Networks (GAIN) (Yoon et
al., 2018), was designed to solve multiple missing data problems (Zhao et al., 2022). These techniques
apply the generator and discriminator with a weighted sum of the losses. Thus, data preprocessing and
data imputation need to be applied to help improve model accuracy.

Nowadays, machine learning and deep neural networks play an essential role in predicting or
classifying outcomes based on learning from historical data. The descriptive data can be trained on a
neural network model, such as Multi-Layer Perceptron Neural Networks (MLPNN), which includes
several hidden deep layers. Some studies have found that the MLPNN model is more effective than
some machine learning models such as Decision Tree (DT), Random Forest (RF), Logistic Regression
(LR), Support Vector Machine (SVM), and Naive Bayes (NB) (Nuanmeesri et al., 2022). Much research
is related to water quality classification by applying neural networks or machine learning for water
quality index prediction (Chawla et al., 2021; Kaur et al., 2023; Nasir et al., 2022). Ladjal et al. (2023),
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who developed a water quality classification model by fusion between MLPNN and Principal
Component Analysis (PCA) and SVM and PCA, tested that the MLPNN model had higher efficiency
than SVM for four water quality parameters. However, Zhu et al. (2022) have shown that SVM provides
better feedback accuracy than neural networks, possibly due to instability. MLPNN might be suitable
for datasets with few features or dimensionality. On the other hand, if the data set has more features or
is high dimensional, using SVM as a classifier will produce better results. When constructing a
classification model, it is challenging to decide between MLPNN and SVM. In addition, some research
applied the Softmax activation function in the output layer of MLPNN. In addition, the MLPNN allows
assigning machine learning classifiers such as multi-class SVM (MCSVM) instead of the Softmax
activation function. However, it is hard to say that there are not a few research that combines MLPNN
and MCSVM or other machine learning for water quality classification.

According to mentioned above, the problem is that the same water source is used in many farming
types where different levels of water quality must be considered. This results in many classes, which is
a great challenge to classify the appropriate water quality to notify farmers and find solutions.
Conventional machine learning, such as SVM (Hong et al., 2022), can help classify water quality, which
requires sufficient features to make decisions under the assumption that a multiclass dataset that extracts
the features using MLPNN and then classifies with MCSVM can help optimize the classify water
quality for different farms. Therefore, this work aims to optimize the MLPNN-based model blended
with MCSVM and then train the model with the dataset that passed the MGAIN data imputation
technique to increase the classification accuracy and efficiency for various farms in the same sub-district
area connected to the coastal sea.

2. Literature Review

Several studies have been undertaken to develop models for water quality classification using machine
learning (Emamgholizadeh et al., 2013; Haghiabi et al., 2018). Most research uses machine learning
methods to classify water quality: RF, NB, Artificial Neural Network (ANN), and SVM. These models
were used to compare their efficiency with the different classifiers (Bui et al., 2020; Hassan et al., 2021,
Ho et al., 2019; Nasir et al., 2022; Radhakrishnan & Pillai, 2020; Shan et al., 2018) . Nevertheless,
further studies are still being conducted on using these machine learnings. RF uses a method to combine
the results from each decision tree and then vote for the final output (Sakaa et al., 2022). Several studies
used RF to classify water quality (Gakii & Jepkoech, 2019; Lu & Ma, 2020; Vijay & Kamaraj, 2019).
Swetha et al. (2023) developed the water quality prediction model based on RF for aquaculture. The
NB classification technique relies on the separateness of characteristic conditions, and while defining
the target value characteristics, the Bayes theorem is taken into account as a conditional independent
(Aldhyani et al., 2020). The NB has been widely used for water quality prediction (Malek et al., 2022).
The NB and RF perform better than the C5.0 algorithm (Vijay & Kamaraj, 2019). The NB model with
the four water quality parameters, pH, BOD, DO, and EC, has an accuracy of 95.17% higher than the
SVM model. However, the correctly classified by the SVM model is higher than the NB model
(Radhakrishnan & Pillai, 2020). Many works have successfully used ANN to classify water quality
(Ahmad et al., 2016; Gaafar et al., 2020; Al-Adhaileh & Alsaade, 2021). Because due to the learning
rules, it continuously adjusts the weight until the desired output is reached (Manoj & Ananda, 2022).
Some studies use ANN as time series to predict water quality (Aldhyani et al., 2020; Omer Faruk, 2010;
Wang et al., 2013). The MLPNN is the ANN widely used for classification (Ahmed et al., 2019). It is
also capable of regression (Giinther & Fritsch, 2010). Rajaee et al. (Rajaee et al., 2020) applied the
ANN model for river water quality classification. They agree that the ANN can provide realistic results
for water quality classification. At the same time, SVM is also used as a classifier based on the decision
hyperplane and maximum margin distance in binary classification (Zhang et al., 2020). The water
quality in the Chao Phraya River was classified by attribute realization and SVM. The result shows that
the model has an accuracy of up to 95% for water quality classification (Sillberg et al., 2021).
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Muhammad et al. (2015) confirmed that SVM is suitable for water quality classification. In comparing
the model performance between SVM and RF to predict nitrate in groundwater, the RF was better than
the SVM model (Rahmati et al., 2019). However, the SVM models are the best in some studies
comparing water quality classification models (Radhakrishnan & Pillai, 2020). For example, the SVM
and DT are the best models compared to ANN, NB, and K-Nearest Neighbor (KNN) (Sengorur et al.,
2015). The SVM model has an accuracy that performs better than the MLPNN model (Giri & Singh,
2014; Haghiabi et al., 2018; Tan et al., 2012) and the KNN or NB algorithm (Aldhyani et al., 2020).
Meanwhile, the MLPNN model is more accurate than the NB, KNN, DT, RF, and SVM models. It had
an accuracy of 85.07% when the MLPNN model was set to the configuration of (3,7) for four water
quality parameters (Ahmed et al., 2019). Ladjal et al. (2023), who developed a water quality
classification model by fusion between PCA-MLPNN and then compared it with PCA-SVM, tested that
the PCA-MLPNN model had higher efficiency than PCA-SVM. This study compared the efficiency of
the MLPNN model with between one and three hidden layers. It was found that three hidden layers
gave better results. It consisted of 4-8-12 neurons for each hidden layer with eight input data attributes,
with a test accuracy of 86.61% when fusion with PCA of feature selection yielded a test accuracy of
99.13%. However, there are only three classes for the dataset of four attributes (EC, WT, pH, and
turbidity).

Most research has defined a small number of classes in water quality classification, for example,
three classes consisting of good, poor, and unsuitable (Hassan et al., 2021). In the case of an increase
in the number of classes, this may decrease the accuracy rate of the model. Specifically, SVM
applications must be considered, and support multi-class classification must be selected appropriately
to make the model more reliable. MCSVM generally has two approaches: the One-against-One (OvO)
and One-against-All (OvA) or One-against-Rest (OvR) (Silva & Villela, 2020). In the OvO approach,
a separate binary SVM is trained for each pair of classes in the dataset. During the prediction phase,
each SVM gives a vote for the class it belongs to, and the class with the most votes is selected as the
final prediction. OvO is generally more computationally expensive than OvA because it requires
training multiple SVMs. In the OvA approach, a binary SVM is trained for each class, considering it as
the positive class and all the other classes as the negative class. During prediction, the test sample is
evaluated against all the SVMs, and the class with the highest decision value or probability is assigned
as the predicted class. OVA is computationally more efficient than OvO since it requires training only
N binary SVM, where N is the number of classes. These two methods, OvO and OvA, are the most
commonly used strategies to extend SVMs for multi-class classification problems. The choice between
them depends on factors such as the size of the dataset, computational resources, and the specific
requirements of the problem at hand. The SVM OvA was used to classify in many studies, such as
rainfall (Belghit et al., 2023) and object detection (Yumang et al., 2020). However, it is rare to find
studies comparing SVM OvO and SVM OvA in water quality classification.

According to the literature gathered above, it can be seen that a model between ANN and
conventional machine learning is possible to classify water quality. However, MLPNN provides better
model performance in cases where the dataset has a small volume of features. In contrast, SVMs
produce better results as feature volume increases. Further, when compared between SVM OvO and
SVM OvA, both have a similar multiclass label classification ability depending on the class and dataset
volumes implemented in the model. In particular, the combination between MLPNN and SVM transfers
the feature extraction results from MLPNN to SVM for further water quality classification. Sometimes,
collecting water quality values may be incomplete during the recording process; for example, some
attributes are lost. Thus, this research aims to solve the problem of missing water quality data for the
modeling process for predicting water quality in coastal agricultural and fishery areas. Usually, the
water quality will be randomly checked by experts and [oT sensor devices for automatic water quality
data collection. Nevertheless, it was found that some data was missing by the system or technical
glitches, including duplicate records appearing in the database. Problematic data should be corrected
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before processing. Then, blended ANN with MCSVM and data imputation are expected to be the
techniques that improve model efficiency for classifying salinity-based water quality and other
parameters for better water quality predicting models in various farms.

3. Research Methods

This work proposed a method for optimizing predictive modeling for water quality using MLPNN
blended with the MCSVM and MGAIN data imputation techniques can be illustrated in the research
framework as shown in Figure 1. The details of the research method are as follows.

Water Quality Data Collection Data Cleansing Data Imputation Class Labeling
— s e / D P Ne o
Crop Fish Salt o
Model Evaluation Blending ANN and MCSVM MLPNN-Based Modeling

« SVMOvO R

Fig. 1: The proposed research framework

3.1. Water Quality Data Collection

This research’s collection water quality area is in three sub-districts: Don Manora, Phrack Nam Daeng,
and Bang Kaeo. These three sub-districts are located in Samut Songkhram Province, where a long canal
connects to the Mae Klong River that meets the sea in the Gulf of Thailand. The waters in the three
sampling areas might change over time, qualifying them as freshwater, brackish water, or saltwater,
depending on their distance from the coastal area and the opening and closing time of the sluice gates.
The three sub-districts have various farms, consisting of crop, salt, and fish farms which include shrimp,
shellfish, and other aquatic animals for food. Two methods for collecting water quality data are expert
water sampling and [oT sensor devices. Expert water sampling suits all water areas, even those without
facilities. However, there is a limitation in that it is a manual action, so the water quality values cannot
always be collected. In contrast, [oT sensor devices were installed in the canal for each sub-district. It
has probes or sensors to collect the water quality data in real-time with schedule and collect data
automatically. The second method has disadvantages because it requires a budget and fixed equipment
installation area. This device cannot be moved easily to collect data in other areas, unlike using experts
who can collect data in any area. Moreover, there is a high risk that the devices can be stolen. One set
of IoT sensor devices will be installed in each canal per sub-district, totaling three areas for collecting
water data automatically. The IoT sensor devices will be installed at the station near the bank of the
canal, except for the sensors or probes located under the pontoon, which are submerged in the water
and can be adjusted automatically according to the tide conditions. This station uses electricity from
solar panels. The water data collection area is a canal that distributes water to different farms in each
sub-district so that it can be used to represent the data for each farm type in each sub-district. The IoT
system is configured to measure water quality and send data to a database server every hour from
February 1% to April 10™, 2023. Further, once a week, the experts will collect water quality data for
each location to compare and verify the accuracy of [oT sensor devices. These collected water quality
parameters include WT (°Celsius), pH, DO (mg/l), EC (uS/cm), salinity (ppt), turbidity (ppt), and a
date-time stamp. The collected water quality data totaled 4,997 records. The process of collecting the
water quality data using loT sensor devices and experts is shown in Figure 2.
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Fig. 2: Water quality data collection in the sample area by [oT sensor devices and experts

3.2. Data Cleansing

Some of the collected data contained redundancy and incompleteness of water quality values. This may
be caused by the reason that [oT devices send duplicate data or some sensors do not work correctly or
sends the data lacking to the controller, resulting in missing some water quality values. Thus, these data
must be cleaned, imputation, and labeled the classes. In this process, the authors directly check the
redundancy and validity of the data. Any duplicates will be removed based on the date-time stamp on
the list as a judging criterion. The records will also be removed for incomplete entries over the threshold
value (ratio of missing values of 50%) or three missing attributes. If the record with missing values is
not over the threshold value, it will be processed by data imputation in the next step. After completing
this process, the cleaned data has 4,765 records.

3.3. Data Imputation

The pre-cleaned dataset is then filled with the missing parameters as closely or optimally as possible
according to the data imputation approach. The data 101 records that need to be fixed include missing
values between one and three attributes, which amounted to 67 records, 26 records, and 8 records,
respectively. The most common missing value is EC. The following missing value is turbidity. There
are a few records where salinity and DO are missing, as shown in Table 1.

Table 1: The missing attributes in the dataset

Number of missing Total The missing attribute (records) R ,
attributes (records) | EC | Turbidity | DO | Salinity emar
1 67 38 20 6 3 -
EC or Turbidity+DO (or
2 26 20 17 10 > Salinity), EC+Turbidity
3 8 8 8 6 2 EC+Turbidity+DO (or Salinity)

The MGAIN (Zhao et al., 2022) was applied for the multiple missing value calculation and fill-in
to the records with the missing value not over three parameters. The MGAIN technique is based on the
GAIN structure (Yoon et al., 2018) for reducing the dimension of attributes in the dataset, as shown in

Figure 3.
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Fig. 3: The GAIN structure

The pre-cleaned dataset D has m records (D1, D», Ds, ..., Dm) with n features or attribute (F1, F>,
Fs, ..., Fy) in this work. Let x is an attribute; thus, the dataset D has the attribute x11, x12, X13, ..., Xmn. It
then constructs a subset of the probability of the attributes grouping two or more attributes without
picking up duplicates from dataset D, for example, {F1, F»}, {F1, F3}, {F2, F3}, ..., {F1, Fa, F3}, ...,
{F1, F», F, ..., Fy}. Resulting in the total number of multiple attribute subsets being j subsets for a
record that calculates as in (1). calculates as in (1). calculates as in (1). calculates as in (1). calculates
asin (1).
j=2"-n-1 (1)
These subsets were trained and tested while the accuracy (a) was measured for each subset (al, a2,
a3, ..., aj). Subsets with high accuracy were selected, and subsets with low accuracy were ignored or
deleted. Thus, the selected subsets will have k subsets where k<j. These selected subsets were re-trained
through the GAIN process to calculate their accuracy and then calculate the y predicted missing value,
which should be the sum of the average weight of the imputed missing value, to complete the dataset
as shown in (2) (Zhao et al., 2022). The MGAIN structure design for predicting the multiple missing
values is shown in Figure 4.

k
a.
y=Y e @)
i=1

ZHal

where y; refers to the imputed missing value for each subset, and y € {y11, yi2, Y12, ..., Ymn}-
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Fig. 4: The MGAIN structure for the multiple missing values prediction

The dataset processed by the MGAIN technique to predict missing data were enriched according to
the data imputation approach, making the dataset contain all attributes (no more missing value remain).
However, the data filled in may slightly differ from the actual values. Nevertheless, it will not affect
the model performance because it will be labeled for the following process to obtain the most accurate
dataset.

3.4. Class Labeling
The dataset filled with missing values is then assigned a class value suitable for the water quality used
in various farms. Thus, this dataset was evaluated by experts in cultivation, fisheries, and salt farming
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to define the class label based on the water quality for crop farming, fish farming, and salt farming. The
water quality severity level (WQSL) defined in this study was divided into three levels: normal, caution,
and critical. When combined with the three farms, there are nine labeled classes (C1 to S3), as shown
in Table 2.

Table 2: The class labeling C1 to S3 for various farms in the dataset

Farm tvpe Water quality severity level
P 1: Normal 2: Caution 3: Critical
Crop (©) Cl 2 C3
Fish (F) F1 F 3
Salt (S) Sl S $3

The WQSL at level 1 (normal) means water quality is suitable for farming. The WQSL at level 2
(caution) means the water quality is beginning to affect farming, but it is not severely affected. Last,
the WQSL at Level 3 (critical) means the water quality is highly unsuitable for the particular farming
operation, which can lead to severe damage. In addition, the labeled dataset was divided into three
groups: training set, validation set, and test set, in proportions of 70%, 15%, and 15%, respectively,
using random split and stratified shuffle techniques for balanced class proportion.

3.5. MLPNN-Based Modeling

Generally, the MLPNN-based model has three layers: input, hidden, and output. There are six input
shapes for the input layer in this work. There are three hidden layers in this neural network. The number
of neurons for each hidden layer was calculated, as in (3), (4), and (5).

Neurons of Hidden Layerl = f +c 3)
Neurons of Hidden Layer2 = (% f —l +c 4
Neurons of Hidden Layer3=c %)

where f refers to the total number of features (f= 6, exclude an attribute ‘date-time stamp’), and ¢
refers to the total number of classes (¢ = 9).

Therefore, the number of neurons were 15, 13, and 9 for the first, second, and third hidden layer,
respectively. Each neuron has computed the output () as the sum of the weight (w) and input (x) with
bias (b), as in (6) (Kasasbeh et al., 2022).

y= 1w +b) (©)

where n refers to the number of input neurons, w; refers to the weight of input i-th, x; refers to input
i-th, b refers to a bias of neuron, and frefers to the activation function.

The Sigmoid function is used as a generic function for neural network models. However, the values
for the Sigmoid function will range from 0 to 1 with less saturation. Training will become slower as a
result. The Rectified Linear Unit (ReLU) activation function was used in this experiment to tune the
MLPNN-based model efficiently. Three hidden layers were set with the ReLU activation function for
the hidden layer architecture. Each neuron’s output was processed using the ReLU activation function,
as in (7) (Oostwal et al., 2021), and represented in Figure 5.

0, x<0

S (x) = max {0, x} = { (7

x, x>0
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A neuron

input x, —»

input x, —»
input x; —»
WiXi —# —> output
i

input x,, —p

; b
i

bias

Fig. 5: A neuron input and output with ReLU activation function diagram

In addition, the batch normalization technique is used to improve the training process and
generalization performance. Batch normalization addresses this issue by normalizing the inputs to a
layer for each mini-batch during training. Normalization involves subtracting the batch mean and
dividing by the batch standard deviation. By reducing internal covariate shifts, batch normalization
allows the model to converge faster during training. This enables the use of higher learning rates and
accelerates the optimization process. Moreover, batch normalization acts as a form of regularization,
reducing the need for other regularization or dropout techniques in models with few parameters. It can
help prevent overfitting to some extent. Thus, batch normalization was processed following the dense
layer on each hidden layer. The batch size is an essential hyperparameter in training neural network
models, and its value can significantly impact the training process and model performance. The batch
size represents the number of samples processed together in a single forward and backward pass during
each training iteration. For the small dataset, the batch size was set to 16, but in this research, a batch
size of 64 was consistent with the number of data in the dataset and gave a better model performance.
Besides, the Adaptive Moment Estimation (Adam) optimizer, which adapts the learning rates of
individual parameters by calculating an adaptive learning rate for each parameter based on their
historical gradients, was applied with a learning rate was 0.001 during the MLPNN models training.
Finally, in the output layer, the number of outputs was the same as the number of classes where the
activation function was Softmax as default. However, the activation function will apply the MCSVM
classifier for the output layer. In addition, the number of MLPNN learning cycles was set at 600 epochs.
The total number of parameters used to train the model was 529 parameters. The layer architecture and
configuration of the MLPNN-based Softmax or MCSVM model are described in Table 3 and illustrated
in Figure 6.

Table 3: The layer configuration of the MLPNN-based model

Layer No. of input | No. of output | Activation function/Classifier No. of
parameter
Input 6 6 n/a 0
Hidden 1 6 15 ReLU 105
Hidden 2 15 13 ReLU 208
Hidden 3 13 9 ReLU 126
Output 9 9 Softmax (or MCSVM) 90
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Fig. 6: The proposed MLPNN-based model architecture

3.6. Blending ANN and MCSVM

This process is a combination of the MLPNN-based model and other classifiers. In general, the Softmax
activation function is implemented in the output layer as a result class classifier. It classifies the feature
extraction from the last hidden layer of the model. Thus, the final step can be modified to use another
classifier that may result in a different classifier. Some studies have found that some classifiers, such as
SVM, produce better results than MLPNN (Zhu et al., 2022). SVM is inherently designed to find the
optimal hyperplane that separates linearly separable classes. If the data is linearly separable, SVM can
achieve excellent results without the need for complex non-linear transformations. In contrast, MLPNN
might require deeper architectures and complex non-linear activation functions to handle non-linearly
separable data. Thus, this work applied the MCSVM to classify the feature extraction from the MLPNN-
based models (see Figure 6). The MCSVM is based on several binary classification problems between
support vectors of two classes and the maximum margin through the hyperplanes. There are two popular
approaches used in MCSVM: OvO and OvA. For the SVM OvO approach, the data was split into binary
classes where each class against the other class was considered the decision hyperplane. Assuming ¢
refers to the total number of classes, the number of classifiers or against times (¢) to split the data for
decision hyperplane separates the two classes’ probability can be calculated as in (8).

t=%(c><(c—l)) ()

While the SVM OvA approach split the data of one class for separating hyperplane against others
where the against times was ¢, this SVM OvA approach takes less computing time than the SVM OvO
approach. The decision hyperplane based on linear regression is defined in (9) and (10) (Meng & Wu,
2022).

wx+b=0 )]
wx+b>0, if 1 for positive side hyperplane

10
w'x+b<0, if —1 for negative side hyperplan (10)
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where w refers to the weight vector, x refers to the input feature vector or data point to be classified,
and b refers to the bias.
Thus, MCSVM will be classified between an individual or all classes in Lagrangian multipliers, as
in (11) (Guo et al., 2021).
K n
min= 3 uff + €3 > & (n
255 i=1 k#y,
subject to (w,, —w,).¢(x,)+b, =b, 21-&,, £, 20

where ||w|| refers to the Euclidean norm, K refers to the variables that must be classified, C refers to
the hyperparameter for » samples, x; refers to the input vector of i-th sample, and y; refers to the output
of i-th sample.

However, this research has developed the MLPNN-based model to compare the model efficiency
under different classifiers between Softmax, SVM OvO, and SVM OvA. Thus, three models have been
developed to classify water quality for various farms.

3.7. The Model Evaluation

There are three developed models in this work with differences in classifiers for the output layer of
MLPNN: Softmax, SVM OvO, and SVM OvA. The evaluation metrics of the models include accuracy,
precision, recall, and F1-score, which are most commonly used to evaluate model performance in many
works. In addition, the Mean Absolute Error (MAE) was used to evaluate the models because of it is
robustness to outliers and equal weighting of errors that might be desirable when each data point’s
prediction error carries the same importance. It provides a clear and interpretable measure of the average
prediction error in the original unit of the target variable and sometimes results in faster convergence
during training. Moreover, the categorical cross-entropy loss was used to evaluate the model efficiency
in this work. It is a widely used loss function for evaluating multiclass classification models and
provides a strong signal during training. The loss decreases as the model learns to classify examples
correctly, providing a clear optimization objective for the learning process. Further, the confusion
matrix was also used for evaluating the classification of different classes. This provides a better
understanding of the classification accuracy of each result class. These evaluation metrics can be
formulae in (12) to (17) (Huo et al., 2021; Kaddoura, 2022; Nagarajaiah et al., 2022; Nuanmeesri, 2022,
Nuanmeesri et al., 2021).

Accuracy = IP+TN (12)
TP+TN + FP+ FN
Precision = _Ir (13)
TP+ FP
Recall = _1r (14)
TP+ FN
Fl-score = 2 x Precision x Recall (15)

Precision + Recall
where:
TP refers to the true positive predicted of the water quality class that is corrected to the actual positive
value;
TN refers to the true negative predicted of the water quality class that is corrected to the actual negative
value;
FP refers to the false positive predicted of the water quality class that is incorrect to the actual positive
value;
FN refers to the false negative predicted of the water quality class that is incorrect to the actual negative
value.

1 & .
MAE==Y"|y, -5, (16)
N i=1
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where N refers to the number of instances, y; refers to the label of an instance i-th, and J, refers to
the average value of all instances.

K M
Cross-entropy Loss = —LZZJ},’; log(h,(x,,,k)) 17

k=1 m=1

where 'K refers to the class total, M refers to the input data total, y* refer to the target

label for input m-th that corresponds to class k-th, &g refers to the model with weights 6, and x,, refers
to the input m-th.

4. Results and Discussion

4.1. The Efficiency Result of the Developed MLPNN-Based Models
The results evaluation of the technique for optimizing predictive modeling for water quality in various

farms with a blended artificial neural network and multi-class SVM of the three models is shown in
Figure 7.
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Accuracy \fhdamﬂ Precision Recall Fl-score MAE Loss Validation
ccuracy Loss

OMLPNN 90.24 84.11 90.62 91.04 91.23 0.11013 0.80103 1.95021

MLPNN+Softmax 90.31 84.49 90.69 91.11 91.30 0.10928 0.75364 1.80755

MLPNN+SVM OvA 90.58 85.54 90.78 91.53 91.63 0.10626 0.64998 1.45402

MLPNN+SVM OvO 90.69 86.11 90.85 91.66 91.75 0.10497 0.60126 1.01671

Fig. 7: The efficiency result of the developed MLPNN-based models

According to Figure 7, the result has shown that the model developed using blended MLPNN-based
with SVM OvO (MLPNN+SVM OvO) has the highest efficiency during training processing compared
to other models. The efficiency of this model is as follows: the accuracy was 90.69%, the precision was
90.85%, the recall was 96.66%, the F1-score was 91.75%, the MAE was 0.10497, and the loss was
0.60126. The models with the next efficiency are MLPNN+SVM OvA, MLPNN+Softmax, and
MLPNN with accuracy of 90.58%, 90.31%, and 90.24%; the MAE of 0.10624, 0.10928, and 0.11013,
respectively. The model blended the SVM OvO classifier at the output layer of MLPNN; it has higher
efficiency than SVM OvA, Softmax classifier, and MLPNN-based, respectively. The experimental
results found that the MLPNN-based model, which had an accuracy of 90.24%, when the classifiers
were modified to Softmax, SVM OvA, and SVM OvO, the model efficiency slightly increased,
respectively. Increased precision and recall values can determine it. The increase in precision is due to
decreased false positives while reducing false negatives leads to higher recall values. In contrast, MAE
and categorical cross-entropy loss gradually decreased with Softmax, SVM OvA, and SVM OvO,

313



Nuanmeesri et al., Journal of System and Management Sciences, Vol. 14 (2024) No. 1, pp. 301-321

respectively. It confirms that blending MLPNN and MCSVM can improve model performance even
further, consistent with research by Garg et al. (2021) that integrating MLP and SVM can improve
model performance. Consider the results from existing studies that classify water quality, as shown in
Table 4.

Table 4: The comparison of the proposed method with existing studies

No. of
Research Method Features | Classes | Samples Accuracy

Al-Adhaileh & Alsaade Feed-Forward Neural 8 4 1,679 100.00%
(2021) Network

Ladjal et al. (2023) PCA + (ANN fusion 4 3 1,800 99.24%

SVM) + DT

Ladjal et al. (2023) PCA+MPLNN 4 3 1,800 99.13%
Ladjal et al. (2023) PCA+SVM 4 3 1,800 98.48%
Aldhyani et al. (2020) SVM 7 5 1,679 97.01%
Radhakrishnan & Pillai SVM 4 5 550 95.63%
(2020)

Sillberg et al. (2021) SVM 6 4 9,780 95.00%
Our proposed method MLPNN + SVM OvO 6 9 4,997 90.69%
Our proposed method MLPNN + SVM OvA 6 9 4,997 90.58%
Our proposed method MLPNN + Softmax 6 9 4,997 90.31%
Our proposed method MLPNN 6 9 4,997 90.24%
Radhakrishnan & Pillai SVM 4 5 134 87.10%
(2020)

Ladjal et al. (2023) SVM 8 3 1,800 86.88%
Ladjal et al. (2023) MLPNN 8 3 1,800 86.61%
Ahmed et al. (2019) MLPNN 4 5 663 85.07%
Ahmed et al. (2019) SVM 4 5 663 79.79%

According to Table 4, the validity values obtained from other studies were higher than in this work.
For example, Al-Adhaileh & Alsaade (2021) used the Feed-Forward Neural Network method with
100.00% accuracy. Next was Ladjal et al. (2023), which used the PCA method as feature selection to
reduce the number of input features and then modeled with ANN or SVM with an accuracy of at least
98.48%. The results of Aldhyani et al. (2020), Radhakrishnan & Pillai (2020), and Sillberg et al. (2021)
all used SVM to classify water quality with an accuracy of 95.00% or higher. When looking at the
number of classes, these studies found only between three and five classes, which is less than the number
of classes in this study (nine classes). This increased number of classes may also result in a lower
accuracy rate due to increased classification complexity resulting in a higher chance of misclassification.
In some cases, when the number of classes is imbalanced, the model might focus on the majority classes
and perform poorly on the minority classes. This can lead to an overall decrease in accuracy. It is also
seen that these studies use water quality parameters with only four features, which may result in less
complex feature extraction compared to models using eight features without PCA feature selection.
When the number of features increases, the model performance decreases as well. Therefore,
appropriate feature selection techniques should be considered to assist in selecting features affecting
the result class, increasing the model’s efficiency.

4.2. The Training and Validation Result

Considering the efficiency during the validation stage, the MLPNN-based model blended with SVM
OvO (MLPNN+SVM OvO) is the suitable model; it had a validation accuracy of 86.11%, which was a
decrease of 4.58%, while the validation loss was 1.01671 which was about 0.42 higher than the loss of
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0.60126, as shown in Figure 8.
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Fig. 8: The comparison of training and validation of the MLPNN+SVM OvO model

According to Figure 8, it was found that the training and validation accuracy had a few exchange
rates from the 519th epoch until it was almost constant from the 445th epoch onwards. The efficiencies
of the remaining three models were similar: validation accuracy decreased, and validation loss increased.
Comparing the validation accuracy and validation loss of the remaining three models, it was found that
the validation accuracy was 85.54%, 84.49%, and 84.11% for the MLPNN+SVM OvA,
MLPNN+Softmax, and MLPNN models. Further, the validation loss was 1.45402, 1.80755, and
1.95021, respectively (see Figure 7). It has been shown that blending MLPNN with MCSVM can
improve model performance.

Moreover, the classification accuracy for each class can be presented in the normalized confusion
matrix, as shown in Figure 9. The result of the normalized confusion matrix has shown that the predicted
class ‘C3’, a WQSL at Level 3 (critical) for corp farms, has the highest accuracy of 0.9274. This means
that water quality classification, a ‘critical’ class for corp farms, was accurate up to 92.74%. The
following predicted classes are ‘F3’ (a critical level for fish farms) and ‘S3’(a critical level for salt
farms), with an accuracy of 0.9201 and 0.9106, respectively. These three classes deal with water quality,
which is critically important for corp, fish, and salt farming. In addition, water quality classification
within the same farm type found that classes ‘C2°, ‘F2’, and ‘S2’, which are WQSL at level 2 (caution),
had higher accuracy than classes ‘C1°, ‘F1°, and ‘S1° (WQSL at level 1: normal) for the MLPNN-based
SVM OvO model. According to experimental results, it was found that the MLPNN-based SVM OvO
model can best classify the water quality values in cases where the water quality values are at critical
levels. These will help farmers accurately recognize the criticality of water quality through this
developed model. The feature extraction obtained from the MLPNN-based model consists of three
hidden layers, and the number of neurons is proportional to the number of classes and features. This
may be a limitation of the experiment. Therefore, designing a neural network architecture may conduct
further experiments to compare the number of hidden layers and different neurons and customize
additional hyperparameters, which may contribute to the optimal model for water quality classification.
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Fig. 9: The normalized confusion matrix of the MLPNN+SVM OvO model

5. Conclusions

Most water quality research focuses on single water sources in specific contexts. In contrast, this study
analyzed multiple connected coastal water sources affecting diverse occupations like aquaculture, salt
production, and agriculture. Additionally, few studies combine Multi-Layer Perceptron Neural
Networks (MLPNN) and Multi-Class Support Vector Machines (MCSVM) for water quality
classification. This research blended MLPNN and MCSVM algorithms to analyze and predict coastal
water quality impacts on farming. Since real-world data can have missing values, Multiple Generative
Adversarial Imputation Networks filled gaps, improving model performance. MLPNN models with
different output classifiers like MCSVM One-vs-One, MCSVM One-vs-All, and Softmax were
compared, finding One-vs-One performed best. The optimized MLPNN-MCSVM model effectively
classified critical water quality levels for all farm types, demonstrating its ability to identify high-risk
conditions. The experimental results show that the feature extraction obtained from the last hidden layer
of the MLPNN-based model can be further categorized by MCSVM or other conventional machine
learning techniques. Further, choosing a classifier, the amount of data, the number of attributes, the
number of classes, the amount of data, and the data type in the dataset should be considered
appropriately to obtain a model that can be used optimally. In summary, blended neural networks and
machine learning show promise for modeling complex coastal water systems to inform policy and
management. However, this experiment and the amount of data were collected for a limited period
(about two months). If the volume of data is gradually increasing, which is large or equivalent to big
data, the model’s learning will be more accurate. This may also result in variations in model
performance, particularly MCSVM One-vs-All, which has fewer classifiers or against times than
MCSVM One-vs-One, resulting in less processing time then and may answer the question in some
datasets. In addition, several parameters of water quality affect the water quality index. Thus, increasing
the number of water quality parameters will help to make the model more accurate according to the
water environment. There are other environmental factors, for example, the amount of rainfall in the
rainy season, heat radiated from the sun, and rising and falling sea conditions causing water quality
values to change throughout the year. Therefore, water quality data should be collected throughout the
year, increasing the frequency of measuring and reading the water quality from every hour to every ten
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minutes. Also, consider the frequency and response time of each sensor. Future work could further
optimize hyperparameters, incorporate multimodal data like images, add recurrent neural networks for
time series forecasting, and develop user applications. This could continue improving predictive
capabilities and support for coastal industries facing water quality challenges.
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