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Monitoring water quality is essential for protecting human health and the environment and controlling water
quality. Artificial Intelligence (AI) offers significant opportunities to help improve the classification and pre-
diction of water quality (WQ). In this study, various Al algorithms are assessed to handle WQ data collected over
an extended period and develop a dependable approach for forecasting water quality as accurately as possible.
Specifically, various machine learning classifiers and their stacking ensemble models were used to classify the
WQ data via the Water Quality Index (WQI). The studied classifiers included Support Vector Machine (SVM),
Random Forest (RF), Logistic Regression (LR), Decision Tree (DT), CATBoost, XGBoost, and Multilayer Percep-
tron (MLP). The dataset used in the study included 1679 samples and their meta-data collected over nine years.
In addition, precision-recall curves and Receiver Operating Characteristic curves (ROC) were used to assess the
performance of the various classifiers. The findings revealed that the CATBoost model offered the most accurate
classifier with a percentage of 94.51. Moreover, after applying stacking ensemble models with all classifiers,
accuracy reached 100% in various Meta-classifiers. Furthermore, the CATBoost achieved the highest accuracy as
a primary gradient boosting algorithm and a meta classifier. Therefore, the boosting algorithm is proposed as a
reliable approach for the WQ classification. The analysis presented in this article presents a framework that can

support the efforts of researchers working toward water quality improvement using artificial intelligence.

1. Introduction

Water composes more than two-thirds of the earth's surface and is a
critical resource for living organisms. However, despite its abundance,
the consumable form of water is limited [1]. Moreover, numerous ail-
ments transmit through water; hence, real-time monitoring of water
quality (WQ) is essential [2]. Commonly, assessing WQ entails collecting
water samples from various sites at different time intervals and evalu-
ating them in laboratories. However, manual sampling and laboratory
analysis of WQ for any given water body or process can be inefficient,
expensive and time consuming. As a result, intelligent systems are
increasingly used to monitor WQ, especially when real-time data are
needed [3,4].

Machine learning (ML) is a crucial part of artificial intelligence (AI)
that allows a system to automatically learn and improve from experience
without having to be explicitly programmed [5]. The techniques used in
ML are based on a thorough examination of data to spot trends and
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update themselves accordingly [6,7]. ML offers great opportunities for
assessing, classifying, and predicting WQ indicators in water studies. For
example, ML models can effectively simulate hydrological processes and
contaminants transport subject to the availability of adequate sets data
[8]. Detecting WQ parameters benefits from the availability of sensors,
such as photosensors that rely on determining the wavelength for a
specific color [9]. For example, phosphorus detection can be achieved
colorimetrically, with color resulting from a chemical reaction between
a particular reagent and phosphorus. Other sensors rely on fluctuations
in capacitance values, which can be used to detect various dissolved
water contaminants [10]. Outputs of such techniques can generate a
good amount of data processed using Al quickly, accurately, reliable,
and accessible.

Mechanism-oriented models are multifunctional that can simulate
WQ using generally complicated advanced systems data structures.
Other models have been introduced for various aquatic systems. Ex-
amples include the WASP model [11] and QUAL model [12] for WQ in
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Fig. 1. Methodology of the proposed system.

Table 1
Standard values of clean water parameters [26].

Parameters Permissible limits
Dissolved oxygen, mg/L 10

pH 8.5

Conductivity, _S/cm 1000

Nitrate, mg/L 45

Biological oxygen demand, mg/L 5

Fecal coliform/100 mL 100

Total coliform/100 mL 1000

Table 2
Water Quality Index (WQI) range classification
[26,28].
WQI range Classification
0-25 % Clean
26-50 % Unclean
56-75 % Polluted
76-100 % Highly polluted

rivers and the MIKE21 model [13] for seas and coastal waters. In
addition, a two-dimensional (2D) numerical model based on the Envi-
ronmental Fluid Dynamic Code (EFDC) was used to simulate the water
environment in the Mudan River in northeast China [14]. In another
approach based on satellite image fusion and mining techniques using
Principal Component Analysis (PCA), the authors studied the surface
WQ parameters in Lake Gala in Turkey [15].

Nowadays, researchers demonstrate the feasibility and effectiveness
of artificial intelligence in WQ estimations. Liao and Sun [16] paired
artificial neural networks (ANN) and decision tree algorithms to forecast
WQ. Other researchers [17] proposed a deep learning network model
that produced more accurate and better results than supervised

learning-based techniques in forecasting dissolved oxygen and pH of the
water. To classify WQ, Shafi et al. [18] used four ML algorithms: SVM,
Neural Networks (NN), Deep Neural Networks (DNN), and KNN, in
different water bodies, revealing that DNN surpassed other algorithms
with an accuracy of 93 %. Gazzaz et al. [19] designed a feed-forward,
fully connected, three-layer neural network model and the Internet of
things (IoT) to calculate WQI in the Kinta River in Malaysia. Sakizadeh
[20] used three different ANN algorithms, namely, ANN with early
stopping, an ensemble of ANN, and ANN with Bayesian regularization,
to predict WQI in 47 wells and springs in Iran the concentration of 16
WQ measurements. Abyaneh [21] estimated two WQ parameters in a
wastewater treatment plant, namely, chemical oxygen demand (COD)
and biochemical oxygen demand (BOD), using multivariate linear
regression (MLR) and ANN. Liu et al. [22] proposed a model based on a
Bi-directional Stacked Simple Recurrent Unit learning network (Bi-S-
SRU) to estimate WQ for pH, water temperature, and dissolved oxygen
in smart mariculture. Jaloree et al. [23] proposed a decision tree model
to predict six quality parameters, namely ammonia-nitrogen (NHs3-N),
nitrate-nitrogen (NO3-N), pH, temperature, BOD, and COD, to estimate
the WQ of the Narmada river in India. A comparative study of ANN
algorithms was presented in [24] on estimating WQ for the Ganga river
in India. The author used Levenberg Marquardt (LM) and gradient
descent adaptive (GDA) to estimate WQ based on BOD, DO, and water
temperature data. This paper is a step toward providing a detailed
comparative study of machine learning classifiers to identify a model
with the highest accuracy and most reliable results that can be extended
for hardware implementation and other high-tech possibilities.

2. Methodology
Classification predictive modelling is the task of approximating a

mapping function (type of classifier) from input variables (data) to
discrete output variables (classification). Before employing ML models

Table 3
Statistical values for various input variables.
Dissolved oxygen (mg/  pH Conductivity (pmhos/ B.O.D. (mg/ Nitrate N+ mg/  Fecal coliform (MPN/100 Total coliform (MPN/100 WQI
L) cm) L) L) mL) mL)
Count 1439 1439 1439 1439 1439 1180 1329 1179
Mean 6.61 7.18 537.72 3.13 1.84 264.84 536.69 68.14
Std 1.14 0.69 1313.88 6.04 2.73 379.97 672.35 36.14
Min 0.6 0 11 0.1 0 0 0 —54.25
25% 6.28 6.9 75 1.1 0.26 20 69 50.34
50 % 6.8 7.2 143 1.725 0.57 127.5 256 61.28
75 % 7.2 7.6 332 3.2 2.4 322.25 701 78.59
Max 11.4 9.01 9753 88 20.45 2350 3000 450.38
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Fig. 2. Schematic diagram of the synthetic instances of the SMOTE algorithm.
Table 4 Table 6
SVM default parameters. MLP parameters.
Parameter Value Parameter Value
Regularization parameter 1 Hidden_layer sizes 100
Kernel Radial basis function kernel Activation ‘relw’
Degree 3 Solver ‘adam’
Gamma ‘scale’ Alpha 0.0001
Coef0 0 Batch_size ‘auto’
Shrinking True learning_rate ‘constant’
Probability False learning rate_init 0.001
Tolerance 0.001 Power_t 0.5
Cache_size 200 max_iter 200
Class_weight None Shuffle True
verbose False random_state None
Max_iter -1 tolarance 0.0001
Decision_function_shape ‘ovr’ verbose False
Break_ties False warm_start False
random_state None Momentum 0.9
nesterovs_momentum True
early_stopping False
validation_fraction 0.1
Table 5 Beta_1 0.9
The default parameter of RF. Beta_2 0.999
Epsilon le-8
Parameter Value N_iter_no_change 10
n_estimators 100 max_fun 15,000
Criterion ‘gini’
max_depth None
min_samples_split 2
min_samples_leaf 1 Table 7
min_weight_fraction_leaf 0 Values of LR used in code.
max_features ‘auto’
max_leaf nodes None Parameter Value
min_impurity_decrease 0 Penalty 12
Bootstrap True Dual False
oob_score False Tolerance 0.0001
n_jobs None C 1
random state None Fit_intercept True
Verbose 0 IIntecept_scaling 1
warm_start False Class_weight None
class_weight None Random_state None
ccp_alpha 0 Solver ‘Ibfgs’
max_samples None Max_iter 100
Multi_class ‘auto’
Verbose 0
to analyze the data, prior actions were taken to prepare the data as input Warm_start False
to the model. This included dividing the data into training and testing ;‘1J°b5_ Eone
ratio one

sets to train the 7 model and evaluate the performance. In addition, the
dataset was cleaned by deleting incorrect values and replacing empty
cells with the median of the dataset's input variables. Different ML
models were then used to predict Water Quality Classification (WQC)
using the identified factors (see Section 2.2 for all classifier details). The
suggested technique for the current study is shown in Fig. 1. The
following subsections explain each part of the framework of the pro-
posed system and how it has been used.

2.1. Dataset description and processing

2.1.1. Dataset

This drinking water quality data was collected from various Indian
states [25] between 2005 and 2014. A total of 1679 samples were
collected and analyzed for dissolved oxygen (DO), pH, conductivity,
biochemical oxygen demand (BOD), nitrate, fecal coliform, and total
coliform. More information about the dataset can be obtained from the
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Fig. 3. Schematic diagram of XGBoost trees.
link mentioned in the data availability section. In addition, the data
Table 8 were subjected to a preprocessing step to improve data quality. Data
Values of XGBoost. preprocessing encompasses all steps required to avoid irrelevant entries
Parameter Value by cleaning (i.e., removing outliers) and labeling the data.
Booster gbtree
Verbosity 1 2.1.2. Determination of water quality index
validate_parmeters False The water quality index (WQI) is calculated by averaging the indi-
disable_ default_eval metric False vidual index values of some or all the parameters used [26]. In this
study, the WQI scores were used to categorize the water samples, and the
following relation was used to compute the WQI:
Table 9 N
Values of LR. woI = Zi:lg" X Wi 6
Parameter Value 2imWi
Criterion ‘gini’ _
Splitter ‘gest’ q; = 100 x (W) (2)
max_depth None ! Ideal
min_samples_split 2
min_samples_leaf 1 Wi = E 3)
min_weight_fraction_leaf 0 S;
max_features None
Random_state None 1
max_leaf nodes None = W 4)
Min_imputity_decrease 0 =151
class_weight None
Cep_alpha 0 where N denotes the number of the total parameter, g; denotes the
quality estimate scale for each parameter i calculated by Eq. (2), w;
denotes each parameter's unit weight, V; is a measured value that refers
Table 10 to the water samples tested, Vi4eq is an outstanding reference value and
The values of CATBoost used. indicates pure water (O for all parameters except DO = 14.6 mg/L and
——— — pH =7.0), S;is an expected value suggested for parameter i, as tabulated
in Table 1 [26], and K in Eq. (4) denotes the proportionality constant.
Tterations 10 Water quality classification (WQC) is also a factor to consider. WQC may
}s:;‘t‘]ing'rate 2'1 be calculated using the criteria shown in Table 2 [28]. In addition,
loss_function MultiClass’ Table 3 shows various statistical values (count, mean, standard devia-

tion, min, 25 %, 50 %, 75 %, and max) for the dataset's input variables
(e.g., DO, pH, dissolved oxygen, conductivity, BOD, Nitrate, and fecal

Table 11
Results of the proposed system with seven classifiers.
Logistic regression SVM Decision tree XGBoost MLP Random forest CATBoost
Accuracy 0.7291 0.8068 0.81623 0.8807 0.8863 0.9393 0.9451
Precision 0.7247 0.81302 0.8169 0.8836 0.8890 0.9397 0.9458
Recall 0.7292 0.8068 0.8163 0.8807 0.8863 0.9393 0.9451
F1 score 0.7249 0.80601 0.8156 0.8804 0.8864 0.9394 0.9449
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Fig. 4. Confusion matrix (Imputation with median and standard scaler) a) Logistic regression, b) Decision tree classifier ¢c) Random Forest classifier d) XGB classifier
e) MLP classifier f) CATBoost classifier g) SVM classifier.
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and total coliform) [27].

2.1.3. Data analysis: SMOTE

The synthetic minority oversampling technique (SMOTE) algorithm
is an oversampling technique used for class imbalance. It adopts a subset
of data from the minority classes and then produces related new syn-
thetic examples. The synthetic instances are then added to the original
data set. In this procedure, SMOTE creates a sample from the line be-
tween the minority class samples and their neighbors. The additional
dataset may be utilized to train the classification model, thus over-
coming overfitting produced by simple random oversampling [30]. The
schematic diagram of the synthetic instances of the SMOTE algorithm is
shown in Fig.2.

Repeated stratified k-fold cross-validation was used to evaluate the
model, after defining the algorithm with any required hyperparameters
(i.e., by using the defaults). Moreover, the three 10-fold cross-validation
repeats were applied, which means the model can fit and evaluate 30
models on the dataset three times with 10-fold cross-validation. The
dataset is stratified, which means that each fold of the cross-validation
split has the same class distribution as the original dataset, with a
1:100 ratio in this case. On the other hand, the ROC area under curve
(AUC) metric has been used to evaluate the model. This may be overly
optimistic for severely imbalanced datasets, but it still shows a relative
change with better-performing models.

2.2. Classifiers

For these simulations, Jupyter via Anaconda navigator was used with
Python programming language. The machine used had an intel i7 core
7th generation processor and 16GB RAM. This section presents brief
descriptions of all the classifiers used in the model.

2.2.1. Support Vector Machine (SVM)

The support vector machine (SVM) is a discriminative approach
based on creating a hyper-plane to minimize errors that may be used for
both classification and regression problems [31]. The observation
dataset can be represented as follows:

Dy = {(x,yi)}iy ®

where x; represents the inputs and y; defines the outputs with a linear
function, as illustrated in Eq. (5) for modelling system (S) with obser-
vation dataset (D;) that is calculated in Eq. (5) for numbers of variables
n.

fx) = (@*p(x) +b) (6)

The maximum of Eq. (7) is the optimum function (subject to Eq. (8)).
As SVM uses a new type of loss function. This means that the loss
function can be employed in the form of an insensitive loss function.
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) o L, too achieve the goal, as RF has many potential features generated from
min(@,b,¢",¢7) = 2 llo?|] + CZ(‘E’ +éiT) @ different nodes. This model requires many trained trees and a certain
= . . . . .
amount of the variable in each tree. The RF classifier is a reliable al-
yi— T p(x) —b < e+ & gorithm that surpasses several other clgsslﬁcatlon algorithms in t.erms of
T b < i+ accuracy. The parameters that were utilized were as follows: estimators
g1l vi—o (x)+b<e+&i @) . 1l ¢
e EiTLET >0 = 300, maximum depth = 100 and minimum sample split = 3 [33]. The
i=1,2,..n first step for the RF classification technique is to randomly select K

Where ¢(x) denotes a kernel function (k) as in a polynomial, radial
basis, or linear function; b denote represents weigh and basis vectors; C
denotes a pre-specified value to penalize the training error; & and &'
denote the lower and upper output constraints, respectively. Support
vector machine is highly efficient in many cases, such as handling higher
dimensional data when features are more than training examples and for
inseparable classes when the almost negligible effect of outliers as hy-
perplane is impacted only by the support vectors. On the other hand,
though SVM consumes more time and is unsuitable for a more extensive
dataset, its performance gets low in case of overlapped classes; picking
the proper kernel function can be tricky [32]. Moreover, the values of
SVM used in the code are shown in Table 4.

2.2.2. Random forest

Regression and classification are conducted by the random forest
(RF) technique that operates by constructing an ensemble of decision
trees in training by swapping and changing the covariates to improve the
prediction performance. The weighted average of tree outputs is used to

features from a list of m characteristics, where k << m; followed by
finding d, using an ideal rift point, the node between the K features.
Afterward, the node may be divided into two daughter nodes by using
the most excellent rift, then repeat steps until the desired number of
nodes has been reached; lastly, repetition of all steps results in the
growth of n trees [34]. Additionally, the RF prediction process steps
initially take the test characteristics and predict the outcome using the
rules of each randomly generated decision tree, then save the expected
result (target); after that, evaluate the votes for each potential target.
Take the RF-algorithm final forecast as the highest chosen expected
objective.
The values of RF used in code are shown in Table 5.

2.2.3. Multi-layer Perceptron (MLP)

In water modelling, the MLP is a popular ML model. An MLP model
comprises three layers: input, hidden, and output. Neurons link these
layers with weight and bias, weighted and biased [35]. Using an acti-
vation function (f), the weighted-variables are summed with the bias of
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the layer, which are converted from the jth layer to the jth + 1 layer; and
so on, until the target layer. The training procedure is performed itera-
tively, adjusting the layer weights and biases until excellent preliminary
performance (coefficient of correlation). The models will be used with
three MLP layers to make things easier. The outputs Yy will be provided
by the following flowing equation.

Ye=fil oW doxiwy | | +Wo ©)
i=1 i=1

The feature number is n, the hidden layer neuron numbers are m, the
target layer neuron numbers are p, and the bias is Wy. The weights be-
tween the jth neuron and the kth target neuron and between the ith
neuron and the jth neuron are Wj accordingly. Whereas fi and f; are the
transfer functions of the output and hidden layer neurons k and j,
accordingly. In addition, the values of MLP used in code shown in
Table 6.

2.2.4. Logistic regression
The logistic regression model (LRM) is the relation between a cate-
gorical dependent variable and a collection of independent (explana-
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tory) factors, which can be used to estimate the probability of the
occurrence of an event [36]. A mathematical model of a set of explan-
atory factors is used to predict the mean of a continuous dependent
variable in multiple regression. The logit transformation is written
mathematically, where p is the probability and the corresponding odds,
as shown in Eq. (10). However, the values of LR used in the code are
shown in Table 7.
1 = logit(p) = In (L) (10
I-p

2.2.5. XGBoost

Gradient boost machines (GBM) are among the top-performing al-
gorithms for supervised learning, and XGBoost is one of the imple-
mentations of this method. In addition, it may be used to solve problems
involving regression and classification [37]. XGBoost is desired by data
scientists as it has a high execution speed out of core computation. The
XGBoost operates as follows: Assume a dataset DS with m features and n
examplesDS = {(x;,yy);i = 1...n,x; € R™,y; € R}. Let y; be the predicted
output of an ensemble tree model derived from the Eq. (11):
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Precision-Recall curve for CatBoost Classifier Model
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Table 12 Ar=¢(x) = ka(x,-) an
Area under the curve of both ROC, and precision-recall. k
Poor (ROC | Average Fair (ROC | Excellent When k is the number of trees in the model and fi is the (kth tree), we
precision (ROC | precision (ROC | must determine the optimum collection of functions by minimizing the
recall AUC) precision recall) AUC precision . . . .
loss and regulation to resolve the above equation. Fig. 3 illustrates the
recall) AUC recall) AUC N
XGBoost trees. Also, Table 8 shows the values of XGBoost used in code.
Logistic 0.99 | 0.98 0.54 | 0.31 0.84 | 0.71 0.51]0.25
regression ..
(AP = 0.55) 2.2.6. Dea.?l?n tree . ) B .
Decision tree  0.86 | 0.89 0.96 | 0.67 0.90 | 0.80 0.87 | 0.68 The decision tree (DT) algorithm has been widely utilized in several
(AP =0.75) sectors since its debut as one of the most regularly used methods for data
Random 0.96 | 0.92 0.8810.75 0.92]087  092]085 mining. A decision tree is a recursive top-down division that employs a
forest (AP .. . . N
— 0.84) top-down divide-and-conquer strategy. Its core algorithm is essentially
XGB (AP — 0.97 | 0.93 0.820.63 0.91 | 0.81 0.81 | 0.66 Greedy. The construction of a decision tree is separated into two stages:
0.75) tree building and tree pruning. The tree-building stage is the initial
MLP (AP = 0.99 | 0.99 0.98 | 0.71 0.95 | 0.85 0.73 ]0.52 phase, in which a part of the training data is selected, and a decision tree
0.75) is built using the breadth-first recursive method until each leaf node
CATBoost 0.98 | 0.96 0.90 | 0.78 0.96 | 0.92 0.9210.85 ;i . .
(AP = 0.88) belongs to the same class. The second phase is the pruning stage, which
SVM (AP = 0.98 | 0.93 0.79 | 0.61 0.92 | 0.80 0.60 | 0.40 utilizes the remaining data to evaluate the created decision tree and
0.67) rectify any problems, prunes, and adds nodes until a proper decision tree

is constructed. Pruning decreases the influence of noisy data on classi-
fication accuracy in the decision tree building method, which is a
cyclical process that finally results in a decision tree. Gini index and
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Fig. 7. Average precision score for: a) Logistic regression, b) Decision tree classifier ¢) Random forest classifier d) XGB classifier e) MLP classifier f) Catboost classifier g) SVM classifier.
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Fig. 8. The architecture of a Stacked Model.

entropy can be calculated to check the impurity of nodes [38]. Addi-
tionally, the values of LR used in code are shown in Table 9.

2.2.7. CATBoost

Boost is a gradient boosted decision tree (GBDT) and category
feature-based algorithm. Under the context of the GBDT algorithm, this
method is better at implementation. The critical issue is dealing with
categorical characteristics efficiently and reasonably. Boost is made up
of two elements: category variables and boost. This method also ad-
dresses gradient bias and prediction shift issues, enhancing the algo-
rithm generalization ability and resilience [39]. Nonnumerical
characteristics may be processed fast using Boost. When the Boost al-
gorithm analyzes categorical features, it includes all sample data sets in
the learning process. Then Boost organizes all these sample data sets at
random and filters out samples from all characteristics with the same
category. When numerically converting the features of each instance,
the sample's goal value is computed first, followed by the weight and
priority corresponding to the model [40]. Mathematically, it can be
framed as follows:

Z{X} :)Ci} ey +ap

(12)

{xj': =x}+a
=

where a is the weight coefficient, p is a prior probability distribution, y;
is the target value of the ith observation, xf( the original value of the kth
feature for ith observation, n is the no. of observation the training set,
and X is the new value of the categorical feature. An initial value is
included to reduce noise points generated by low-frequency features to
avoid overfitting the model and enhance generalization capacity. The
values of CATBoost used in code are shown in Table 10.

2.3. Performance measurements

Each confusion matrix describes the functioning of a classification
model on a set of test data for which the actual values are well-known.

12

The confusion matrix has been used to compute the following parame-
ters listed in Table 11.

2.3.1. Precision

It is the proportion of correctly predicted positive observations to the
total number of expected positive observations. The high accuracy is
connected to the low false-positive rate. Eq. (13) demonstrates precision:

.. True Positive
Precision =

— — 13)
True Positive + False Positive

Precision can be improved by modifying the model parameters.

However, when adjusting, it is worth noting that increasing the preci-

sion will reduce the recall, and higher recall will lead to lower accuracy.

2.3.2. Recall (sensitivity)
Relatively how many correctly predicted positives there are
compared to all. Eq. (14) shows the way of calculating the recall.

True Positive

Recall = 14

True Positive + False Negative

The recall value of any ML model can be changed by altering various
parameters or hyperparameters. By changing such parameters, it can
either increase or decrease recall. Most positive occurrences (TP + FN)
will be recognized if the recall is high (TP). Therefore, there will be more
FP measurements and less accuracy. However, there are more FNs
(positives that should have been labeled negatives) when the recall is
poor, which implies that when the findings discover a positive example,
it may be surer that this is indeed a positive.

2.3.3. F1-Score

The precision and recall weighted average is utilized to determine
the F1 score. It is, therefore, necessary to include in the calculation of
this score both false positives and false negatives not as intuitive as
accuracy; F1 tends to be more useful in most cases, especially if the class
distribution is uneven. Correctness is enhanced by ensuring that positive
and negative results cost the same amount. If the cost of false positives
and false negatives are significantly different, it is preferable to look at
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Fig. 9. Meta learner-confusion matrix: a) Logistic regression, b) KNN classifier, ¢) Decision tree classifier, d) CATBoost classifier, e) SVM classifier, f) Random Forest

classifier, and, g) XGB classifier.

Table 13
Results of Stacked Model for various classifiers.
Meta logistic regression Meta SVM Meta decision tree Meta XGBoost Meta MLP Meta random forest Meta CATBoost
Accuracy 0.6875 0.7178 1.0 0.9621 1.0 0.8106 1.0
Precision 0.6834 0.71965 1.0 0.96215 1.0 0.8108 1.0
Recall 0.6875 0.71780 1.0 0.96212 1.0 0.8106 1.0
F1 score 0.6846 0.71466 1.0 0.96208 1.0 0.8102 1.0

precision and recall.

(Recall x Precision)

Fl Score =2————=
(Recall + Precision)

(15)

2.3.4. Accuracy

The most basic and straightforward performance statistic is accu-
racy, just the proportion of correctly predicted observations to all ob-
servations. False-positive and false-negative rates are virtually the same
in symmetrical datasets, making it a suitable quality measure. A model's
performance must be evaluated in the context of other parameters.

13

True Negative + True Positive

Accuracy = Total
ota

(16)

3. Results

The data has been split into 75 % for training and 25 % for testing.
Fig. 4 illustrates the 4 x 4 confusion matrix for each classifier (refer to
Table 2), with their color-coded values. All the performance metrics
have been calculated using confusion matrices of each classifier, as
mentioned in Table 11. According to the estimates, CATBoost and RF
performed better than other classifiers, with a slight margin of ~1 %.
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Table 14

Pros and cons of the used classifiers.

Pros

Cons

Support Vector
Machine
(SVM) [54,55]

Random forest
[561]

Multi-layer
Perceptron
(MLP)

Logistic
regression
[57]

XGBoost [58]

Decision tree

CATBoost

Even when there is insufficient
data, it produces good
outcomes.

Fast/lower error rate/
handling of large amounts of
data Extremely adaptable,
with great precision. Even
when a significant amount of
the data is missing, it retains
accuracy.

It can be used to solve
nonlinear issues that are
difficult. Works well with big
amounts of data. / Makes
quick forecasts. Even with
fewer data, the same accuracy
ratio may be attained.

It has a low error

Provides output probabilities
It is simple to use and takes
little time to train

Fast to interpret/capable of
handling massive datasets

If the data is clean, it can avoid
overfitting.

Automatic Feature Selection/
Easy Visualization

The fitting strategy that is
simple

Implementation on the CPU is
efficient.

Model appliers may be made
extremely quickly.

When working with huge
data sets, training takes a
long time. In addition, it may
be tough to perceive and
comprehend due to issues
created by personal
circumstances and varied
weights.

The tree predictions must be
uncorrelated. It takes much
time to compute, and the
technique isn't very heuristic.

The amount to which the
dependent variable
influences each independent
variable is unknown.
Computations are time-
consuming and complicated.
The model's ability to operate
depends on the quality of the
training data. Generalization
issues emerge if the model
does not function effectively.
It can't natively categorize
multi-class data, but it can be
customized using a variety of
applications.

When there are correlated
attributes, it does not operate
well.

Difficult to interpret/ If the
data is noisy, the model may
overfit.

Overfitting proclivity/data
sensitivity Extremely slow
Too many columns needed
Training is prolonged
Features are less powerful in
general

Followed by MLP, XGBoost, decision tree, SVM, and logistic regression.

Receiver Operating Characteristic (ROC) curves have been man-
ifested in Fig. 5, declaring all the curve areas and average, micro/macro-
average labels. The ROC curve is a familiar figure for demonstrating the
trade-off between true-positive and false-positive rates for a binary
classifier at various classification levels [41]. The area under the ROC
curve represents the performance of a classifiers overall classification
thresholds. For example, when cuddled, the upper left corner of an ideal
ROC curve suggests a high actual positive rate and a low false-positive
rate. ROC curves help compare various classifiers as an essential clas-
sification performance metric since they consider all potential thresh-
olds. In addition, the ROC curve initial slope reveals how rapidly
performance decreases as one moves down the data set of predictions
[42].

Moreover, precision-recall curves have been implemented for all
classifiers, as shown in Fig. 6. Similarly, it states different thresholds of
all classifiers. It is a valuable measure of prediction success when the
classes are significantly unbalanced. Precision measures result in rele-
vancy in information retrieval, whereas recall measures how many
relevant results are returned. The precision-recall curve depicts the
trade-off between precision and recall [43].

A large area under the curve indicates good recall and precision, with
high accuracy corresponding to a low false-positive rate and high recall
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corresponding to a low false-negative rate. Therefore, the area under the
curves for both ROC and precision-recall curves is summarized and
mentioned in Table 12. High scores for both indicate that the classifier
produces accurate (high precision) results and a majority of all positive
outcomes (high recall). Average accuracy is the average precision (AP)
of overall potential thresholds, equivalent to the area under the
precision-recall curve. It is a helpful statistic for comparing how effec-
tively models organize predictions without taking any specific decision
thresholds into account [44]; the ROC curves, which show the overlap
between the classes, are constructed for each of the seven classification
techniques. The ROC curves of all methods are near the upper left
corner, suggesting excellent sensitivity and specificity and classifier
accuracy. The ideal area under the ROC curve is constructed using the
truth values of 1 and 0, resulting in the ROC curve angle-shaped elbow.
Moreover, Fig. 7 demonstrates the average precision curves for all the
classifiers used. Also, Table 12 contains the score values of AP.

3.1. Model stacking

Model stacking is a technique for improving model predictions by
combining the outputs of multiple models and running them through a
meta-learner, which is an ML model. Stacking models work by passing
the output of multiple models through a “meta-learner” (typically a
linear regressor/classifier, but other models such as decision trees can
also be used). All individual model's weaknesses are minimized while
the meta-learner maximizes their strengths. The result is a robust model
that generalizes well to new data in most cases. Fig. 8 depicts the ar-
chitecture of a stacked model; however, Fig. 9 shows the meta learner-
confusion matrix. Also, Table 13 demonstrates the results of the
stacked model for various classifiers.

4. Discussion and future outlook

The quality of the data utilized in the learning phase impacts the
outcome. Hence in this section, we will discuss the positive and negative
aspects of each classifier and stacking model.

Random forests can be used for classification as well as regression.
Both categorical and numerical data perform well with RF. In most
cases, no scaling or change of variables is required. Random forests
produce uncorrelated decision trees by performing feature selection
implicitly [45]. They accomplish this by constructing each decision tree
using a random collection of characteristics. This makes it an excellent
model for dealing with data with many features. However, random
forests are challenging to realize. They give a sense of how vital a
characteristic is. However, it does not provide visibility as much into the
coefficients as linear regression. In addition, for big datasets, RF can be
computationally demanding [46].

On the other hand, SVM can work well when there is a distinct
separating margin, in high dimensional areas, when the number of di-
mensions exceeds the number of samples. It is also memory efficient as it
employs a subset of training points (called support vectors) in the de-
cision function [47]. However, it does not perform well when a huge
data collection is found since the necessary training time is longer.
Furthermore, it does not perform well when the data set contains
additional noise, such as overlapping target classes [48].

A decision tree can work with numerical and categorical features and
requires minimal data preprocessing. It is fast for inference and has a
non-parametric model. Its feature selection happens automatically.
Nevertheless, a minute variation in data can lead to huge structure
change, affecting stability. In most cases, DT takes time to process and
train the model, making it expensive. Moreover, DT is insufficient for
employing regression and predicting continuous values [49]. LRM is
more straightforward to apply, understand, and train. It makes no as-
sumptions about how classes are distributed in feature space. Besides, it
is simple to expand to many classes (multinomial regression); and a
probabilistic view of class predictions quickly [50]. Although, LRM
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Table 15
Comparative study of some existing models.
Citation Waterbody Location Models used Number of Result
parameters (accuracy)
[18] Mixed waterbodies Pakistan SVM, KNN, NN, and Deep NN 9 93 %
[19] River Malaysia ANN 36 95.4 %
[20] groundwater Khuzestan Province ANNs 16 94.0 % testing
77.0 %
training
[21] Wastewater Iran (wastewater multivariate linear regression (MLR) and artificial neural network 6 74 % for MLR
treatment) (ANN) 79 % for ANN
[22] Mixed waterbodies China RNN (Recurrent Neural Network) or LSTM (Long Short-Term 4 ~94.42 %
Memory)
[23] River India Decision tree 6< 95.45 %
[24] River Ganges Artificial Neural Network algorithms, Lavenberg Marquardt (LM), 2 -
and Gradient Descent Adaptive (GDA)
[60] River Malaysia FINN 25 97.7
[19] River Malaysia ANNs 23 77.0
[20] Groundwater Iran ANNs 16 77.0
[61] River Serbia FINN 10 87.4
[62] River Pakistan Polynomial Regression 4 -
[63] Coastal waters China ANN, RF, CB, and SVR 12 90
[64] River China EM and HC 4 -
[65] Groundwater India Machine learning (Decision Makers) - -
[66] Optical Water Type Brazil Support Vector Machines - 94
[67] Lake Greece LSTM and CNN 7 -
[68] Rivers and lakes India ANFIS and FFNN 7 96.17
[69] River Pakistan ANFIS (EC and TDS) 2 91 and 92
[17] River India Deep Learning, ANN 3 -
[70] River Malaysia WDT-ANFIS, RBF-ANN, and MLP-ANN 3 >90
[71] Lakes Different locations SVM, Fuzzy 3 -
[72] Maridalen Lake Maridalen Lake ANN 6 -
[73] River Neural network algorithm - 98.9
[74] River Thailand Data Mining - >90
[75] Lakes, reservoirs, estuaries, and Nicaragua CDM - -
coastal waters
[17] Reservoirs India ANN, SVM, WQI, MLP, SdA, and DBN - -
[76] Wastewater Korea ANN and SVM 5 55,100
[77] River Hilo Bay learning machine and support vector regression 6 -
[78] River water Northern Iran ANN - 94.1
[44] Rivers and lakes China DT, RF, and DCF 4 -
[79] River water Nigeria ANN 4 99.81
[80] Lake water Spain ANN - 89
[81] River Iran ANN - 96.6
This Mixed water biomes India SVM, RF, LR, DT, CATBoost, XGBoost, and MLP. 7 100
study

FFNN: Feed-Forward Neural Network, ANN: Artificial Neural Network, RF: Random Forest, CB: Cubist Regression, DT: Decision Tree, SVR: Support Vector Regression,
EM: Expectation-Maximization, DBN: Deep Belief Networks, DCF: Deep Cascade Forest, COMIM: Cross-mission Data Merging and Image reconstruction with Machine
learning, SVM: Support Vector Machine, SDA: Spatial Discriminant Analysis, LSTM: Long Short-Term Memory, CNN: Convolutional Neural Network, ANFIS: Adaptive-
Network-Based Fuzzy Inference system, RBF: Radial Basis Function, MLP: Multi-Layer Perceptron, HC: Hierarchical Agglomerative Cluster.

should not be used if the number of observations is fewer than the
number of features; otherwise, it may result in overfitting. It establishes
linear boundaries. As a result, the discrete number set is linked to the
dependent variable of Logistic Regression [51].

The boost methods are simple to read and understand, making pre-
diction interpretations simple to manage. The prediction capability is
effective by employing clone methods like bagging, random forest, and
decision trees. Boost is a stable way to reduce over-fitting. However,
because every classifier is required to repair the faults in the pre-
decessors, boost is sensitive to outliers. As a result, the approach is
overly reliant on outliers. Another problem is that scaling up the
approach is tricky [52]. Each estimate is based on the accuracy of pre-
ceding predictors, making the method difficult to simplify. Boost does
not require dataset conversion to any specific format like XGBoost.

Moreover, CATBoost is much faster than XGBoost. MLP can be used
for complex non-linear problems and handle substantial efficient data;
after training provides quick predictions. On the contrary, its compu-
tation is complex as all independent variables are affected by dependent
variables. Therefore, the training phase is crucial for its fast performance
[53]. Table 14 summarizes the pros and cons of each classifier used to
handle the data while processing it.
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Stacked generalization, also known as stacking, is an ensemble ML
algorithm. It learns how to combine the predictions from two or more
base ML algorithms using a meta-learning algorithm. The advantage of
stacking is that it can combine the capabilities of several high-
performing models to make predictions that outperform any single
model in the ensemble on a classification or regression task. Using
stacking models, can easily extract every bit of performance from
models. Stacking models can be a quick and convenient way to achieve
this in some data science problems where all kinds of performance
matter. However, stacking models typically take longer to train and have
much slower latencies than other models. This work can help all the
researchers worldwide decide the type of classifier to be used in deter-
mining the most fitting algorithm in their study and prove the use of the
stacking ensemble model. The future scope for this research cannot be
limited to hardware implementation. Besides, more classifiers, neural
networks, and other Al techniques can be used on the same or different
datasets to enhance water monitoring [59]. Table 15 summarizes and
compares the various studies related to artificial intelligence. It is seen
that the proposed work performed better than other studies due to the
use of the stacking ensemble model.
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5. Conclusions

This research focused on classifying water quality using machine
learning techniques and proposed an intelligent real-time water quality
monitoring approach. Various standards and stacked ensemble models
were used to provide detailed analysis to serve this purpose. The dataset
included >1600 samples collected between 2005 and 2014 from various
sites in India. The dataset's metadata consisted of dissolved oxygen, pH,
conductivity, biochemical oxygen demand, nitrate, fecal coliform, and
total coliform. The ML classifiers used in the study were support vector
machine, random forest, logistic regression, CATBoost, XGBoost, deci-
sion tree, and multi-layer perceptron. Performance metrics, such as
precision, sensitivity, F1 score, and accuracy, were estimated using the
confusion matrix of each classifier. Moreover, precision-recall, ROC, and
average precision curves were studied. In terms of precision, the order of
the classifiers was as follows: CATBoost (94.51 %), random forest (94
%), followed by MLP (88.6 %), XGBoost (88.1 %), decision tree (81.6
%), SVM (80.7 %), and logistic regression (72.9 %). However, for
stacking ensemble models, 100 % accuracy was delivered by multiple
meta-classifiers, including decision tree, CATBoost, etc. Hence CAT-
Boost was assessed as the best performing classifier and stacking model
to enhance accuracy. With high-performance metrics, CATBoost classi-
fier can be used in a wide range of datasets. Researchers with a good
understanding of ML implementation can collaborate with experts in
other fields interdisciplinary manner. The analysis can also be expanded
into multiple directions, such as hardware implementation, Internet of
Things (IoT), biomedical studies, and other fields.
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