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Abstract: Due to the necessity of effective water management, the issue of water scarcity has de-
veloped into a significant global issue. One way to collect water is through the water management
method. The most common source of fresh water anywhere in the world is groundwater, which has
developed into a significant global issue. Our previous research used machine learning (ML) for
training models to classify groundwater quality. However, in this study, we used the time series and
ensemble methods to propose a hybrid technique to enhance the multiclassification of groundwater
quality. The proposed technique distinguishes between excellent drinking water, good drinking water,
poor irrigation water, and very poor irrigation water. In this research, we used the GEOTHERM
dataset, and we pre-processed it by replacing the missing and null values, solving the sparsity
problem with our recommender system, which was previously proposed, and applying the synthetic
minority oversampling technique (SMOTE). Moreover, we used the Pearson correlation coefficient
(PCC) feature selection technique to select the relevant attributes. The dataset was divided into a
training set (75%) and a testing set (25%). The time-series algorithm was used in the training phase to
learn the four ensemble techniques (random forest (RF), gradient boosting, AdaBoost, and bagging.
The four ensemble methods were used in the testing phase to validate the proposed hybrid technique.
The experimental results showed that the RF algorithm outperformed the common ensemble methods
in terms of multiclassification average precision, recall, disc similarity coefficient (DSC), and accuracy
for the groundwater dataset by approximately 98%, 89.25%, 93%, and 95%, respectively. As a result,
the evaluation of the proposed model revealed that, compared to other recent models, it produces
unmatched tuning-based perception results.

Keywords: groundwater; ensemble; time series; machine learning

1. Introduction

Water is a common resource that benefits everyone—people, animals, plants, and grass.
It is also a major aspect of government assistance and individual well-being. Every part of
the body receives oxygen from the water the lungs supply. Water preserves a significant
portion of the human body and maintains a constant internal temperature. Water covers
more than 70% of the planet, including seawater, with 1.7% being groundwater. Ground-
water accounts for approximately 33% of global freshwater withdrawals and handles the
greatest amount of open freshwater [1].

Groundwater and other sources provide fresh water for drinking, irrigation, and
industrial processes. Subsurface water, or groundwater, is the freshwater found in the pore
space of stones and soil. Approximately 790 billion cubic meters of water seep into the soil,
and it is anticipated that approximately 430 billion cubic meters will remain in the top layers
of the soil, producing the soil moisture required for vegetation growth. The remaining
360 billion cubic meters percolate in the porous strata and show the actual enrichment of
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groundwater. Only 255 cubic billion meters of water can be extracted economically from
this [1].

As a result, sustainable groundwater management significantly impacts a nation’s
overall growth. In many nations worldwide, it has become abundantly clear in recent
decades that groundwater is one of the most valuable natural resources. Compared to
surface water, groundwater has many significant advantages: it is typically of higher
quality, is better protected from infectious agents and other potential contaminants, is less
susceptible to seasonal and perennial variation, and is much more evenly distributed across
vast areas than surface water. Groundwater is frequently available where surface water is
scarce [2].

Groundwater well fields can be added gradually to meet the water demand, whereas
hydro-technical facilities for the use of surface water also require significant one-time
investments. Groundwater is the only source of water supply for some nations, including
Saudi Arabia, Malta, and Denmark. It is the most significant component of other nations’
total water supply. Tunisia uses 83% groundwater, Belgium uses 75%, and the Netherlands,
Germany, and Morocco use 70% groundwater. Most European nations, including Austria,
Belgium, Denmark, Hungary, Romania, and Switzerland, use more than 70% of their total
water supply. In countries with arid or semiarid climates, groundwater is frequently used
for irrigation. Groundwater is used to irrigate about a third of the landmass. Groundwater
irrigates 45% of the irrigated land in the United States, 58% in Iran, and 67% in Algeria,
and irrigated agriculture in Libya is entirely dependent on high-quality groundwater [3].

Anthropogenic activities such as farming creation, mechanical development, urban-
ization with increasing misuse of water assets, and common procedures such as geography,
groundwater development, energized water quality, soil/rock collaborations with water,
and air input can all have an impact on the nature of water [4]. Groundwater quality is still
a fundamental issue, and the groundwater quality assessment is typically expected to ade-
quately comprehend and address the springs [5]. The numerous alluvial aquifers are more
susceptible to pollution-related activities due to increased groundwater extraction [6,7].
The contamination makes it difficult to obtain water from the land. Using groundwater
from aquifers deep in the earth depletes water sources that take hundreds of years to
collect [8].

Nations can experience water scarcity if they have low groundwater levels, irregular
rainfall, and high evaporation rates caused by extremely high temperatures. According to
the 2012 World Water Assessment Program (Wwap) report by the United Nations Educa-
tional, Scientific, and Cultural Organization (UNESCO), water scarcity and overabundance
are among the world’s most pressing issues. A lack of groundwater, funnel spills, and
standards for providing water or circulation are the primary causes of this. Moving to a
town or city also alters the carbon cycle, raises expectations for everyday conveniences,
and creates unusual climate or atmospheric changes.

All nations are affected by the water shortage problem, with 1.2 billion people living
in a physical and 1.6 billion in a financial shortage. According to the United Nations (2019),
the financial shortfall is primarily due to districts requiring more essential steps in water
foundation management.

In this research, we used ensemble techniques and a time-series algorithm to propose
a hybrid technique to enhance the multiclassification of the groundwater. We used the
GEOTHERM dataset and pre-processed it by replacing the missing and null values, solving
the sparsity problem with our recommender system proposed in Ref. [9], and applying
the SMOTE sampling technique. We used the PCC feature selection method to reduce the
dataset’s dimensionality. We divided the GEOTHERM dataset into a training set (75%) and
a testing set (25%). The time-series algorithm was used in the training phase to learn the
ensembles (RF, gradient boosting, AdaBoost, and bagging). The four ensemble methods
were used in the testing phase to validate the proposed hybrid technique. The experimental
results showed that the RF time-series algorithm outperformed the common ensemble
methods in terms of multiclassification average precision, recall, DSC, and accuracy by
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approximately 98%, 89.25%, 93%, and 95%, respectively. As a result, the evaluation of the
proposed model revealed that, compared to other recent models, it produces unmatched
tuning-based perception results. The following is a summary of the contributions made in
this research:

• A robust model using the time-series algorithm and four ensemble techniques was
proposed to distinguish between excellent drinking water, good drinking water, poor
irrigation water, and very poor irrigation water.

• We used the GEOTHERM dataset and pre-processed it by replacing the missing and
null values, solving the sparsity problem with our recommender system proposed
in [9], and applying the oversampling technique SMOTE.

• The dataset’s dimensionality was reduced by the PCC feature selection method.
• With average precision, recall, DSC, and accuracy of approximately 98%, 89.25%, 93%,

and 95%, respectively, the RF model differentiated between excellent drinking water,
good drinking water, poor irrigation water, and very poor irrigation water.

The remainder of this paper is formulated as follows: Section 2 presents a literature
review of groundwater classifier systems. A background on feature selection, time-series
algorithms, and ensemble techniques is given in Section 3. Section 4 displays the proposed
model’s methodology, the dataset’s pre-processing, and the learning of the four ensembles.
The findings are presented and discussed in Section 5. The research’s conclusion and future
works are outlined in Section 6.

2. Literature Review

Ref. [10], the Drinking Water Quality Early Warning and Control Framework (DEWS),
was created to meet China’s urgent need for safe drinking water in urban areas. The
DEWS has a web administration structure and offers clients water quality monitoring,
early warning, and dynamic disaster monitoring capabilities. Based on the criticism of
the control of urban water frameworks, the standards of control hypothesis and hazard
evaluation served as the basis for the DEWS’s usefulness. Regarding water quality early
warning and crisis dynamics, the DEWS was implemented in a few large Chinese urban
communities and performed well. The proposed framework links together water health
theories and technologies.

Ref. [11] outlined a novel framework for observing and anticipating the quality of
water using the following unique systems. Andromeda refers to ocean waters, and inter-
risk refers to surface air and fresh waters. A fuzzy expert framework was utilized to
provide early warnings when a particular ecological boundary exceeded certain contam-
ination limits. In addition, to avoid unfortunate natural occurrences, ML and adaptive
filtering techniques were utilized one day ahead of expectations for specific water quality
boundaries.

Ref. [12] proposed a fitness value and a neural-network-based intelligent system com-
posed of genetic tasks for model preparation. For water collection and distribution, the
fitness method was used to create new intelligent individuals from the existing population
of water resources. The framework is important for water use and decision-making tech-
niques to increase development efficiency by determining the target capacities of different
types of people. The proposed model also selected the attributes that affect the decision
label using the feature selection method.

Four factors were considered in Ref. [13]: pH, TDS, latitude, and longitude. Two
methods for multivariate group analysis used latitude and longitude to spatially partition
the groundwater quality in Madinah, Western Saudi Arabia. The results showed that
the two unsupervised ML methods (k mean and k medoids) produced generally similar
results when the study area was divided into three primary locations with different designs:
southwest, southeast, and north. Because it is an effective fact-gathering tool for water
quality boundaries, the study demonstrated that multivariate bunch investigation could
provide useful data for water quality management.
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Unsupervised ML was used in Ref. [14] to identify oddities in cyber–physical systems
(CPSs). The approach was examined and compared to a one-class SVM. The authors
proposed a deep neural network (DNN) that could be applied to time-series data and
implemented a probabilistic anomaly indicator. These methods were considered and
contrasted with the information from Secure Water Treatment (SWaT), a smaller but still
fully operational crude water sanitization plant.

Ref. [15] proposed a healthcare recommendation system by utilizing ML algorithms
to recognize water-influenced habitations. The authors used recommender systems to
characterize the water-influenced residences and give important suggestions.

Ref. [16] proposed a simple tool for groundwater quality classification based on many
different constituents. Hierarchical clustering analysis (HCA) and a classification and
regression tree (CART) were utilized to implement the tool and create groundwater quality
classes. There are 10 factors used as inputs to the tool. This tool could be used as a ground-
water quality identifier before building new water supplies; adding extra groundwater
quality parameters will enhance the outcomes. The tool could likewise be utilized for prior-
itizing the groundwater quality areas, and its legitimacy can be evaluated by arranging a
detailed spatial and temporal analysis of the groundwater quality in the equivalent area or
another area. The outputs of the tool were the groundwater quality classes.

Using the four traditional water facies diagrams, in Ref. [17], researchers assessed
groundwater quality in the northern and western regions of Saudi Arabia. The authors
used stochastic geostatistics to determine the spatial distribution of various significant
components in the groundwater of the Tabuk-Madina zone and principal component
analysis (PCA) to identify the elements that control the chemistry of the groundwater.

Ref. [18] presented a study on groundwater quality, pollution sources, various ground-
water quality, and spatial circulation. Groundwater bodies and an agent-observing network
that makes it possible to determine the chemical status of groundwater bodies are the
reasons for evaluating groundwater quality. In the research facility, the water samples
were tested for four physicochemical factors using standard methods and compared to
the principles.

Ref. [19] divided Riyadh’s Saudi Arabian governorate into five areas to assess drinking
water quality: the Riyadh primary zone, Ulia, Nassim, Shifa, and Badiah. The primary
water network and the underground and upper household tanks comprise the water
collected in each location. A mathematical approach known as the “water quality index”
(WQI) was utilized to simplify the explanation of water quality. Four physicochemical and
microbial factors were used to calculate the WQI. According to the findings of this study,
all of the examined water samples’ densities of heavy components were found to be within
safe cutoff points. The results also revealed that the main area of Riyadh had the highest
absolute number of microbes, followed by the Ulia, Albadyah, Shifa, and Alnassim zones.

Ref. [20] compared the quality levels of water from various brands of bottled drinking
water (BDW) used in KSA to the BDW standards. The authors used seven factors to
evaluate BDW’s quality.

From the previous review of recent studies, we can conclude that many researchers
are attempting to solve the classification problem of potable groundwater. With the GEO-
THERM dataset, our proposed RF model achieved an average precision, recall, DSC, and
accuracy of 98%, 89.25%, 93%, and 95%, respectively.

3. Background
3.1. Ensemble

An ML ensemble consists of only a concrete, finite set of alternative models but
typically allows for a much more flexible structure among those alternatives. In contrast to a
statistical ensemble in statistical mechanics, which is typically infinite, ensemble methods in
statistics and ML use multiple learning algorithms to obtain better predictive performance
than could be obtained from any of the constituent learning algorithms alone [21–23].
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A general meta-method of ML, ensemble learning aims to improve predictive perfor-
mance by combining predictions from multiple models. There are three main approaches
to ensemble learning, even though the number of ensembles that can be created for a
predictive modeling problem appears to be infinite. Each field of study has produced
numerous methods that are more specialized than the algorithms. Bagging, stacking, and
boosting are the three main types of ensemble learning methods.

3.1.1. Bagging

The bagging method, also referred to as bootstrapping aggregation, is an algorithm that
is entirely dependent on the data. From the actual dataset, multiple small subsets of data
are created. By adjusting the stochastic distribution of the training datasets, bagging aims
to produce more diverse predictive models in which minor changes in the training data set
will significantly alter model predictions and boost their accuracy, as shown in Figure 1. It
does this by fitting either a classifier (for classification) or a regressor (for regression). It has
been used with decision stumps, artificial neural networks (ANNs) (including multilayer
perceptrons), support vector machines, and maximum entropy classifiers, among other
ML algorithms. Combining bootstrapping (sampling technique) and aggregation is called
“bagging”. Bootstrapping-trained ensemble models replicate the training dataset. The
majority vote of the model’s predictions, or regression averaging, is used in aggregation to
arrive at the final prediction. The predictions made by each classifier or regression model
are combined with the final predictor, also known as a bagging classifier. The advantage
of bagging is that it reduces variance, which prevents overfitting. It also works well with
data with many dimensions. Bagging has the disadvantages of being computationally
expensive, having a high bias, and reducing a model’s interpretability. A good example of
bagging is the RF algorithm. Implementing the bagging method can be difficult due to the
following issues: determining the maximum number of bootstrap samples per subset and
the best number of base learners and subsets [24].

Processes 2023, 11, x FOR PEER REVIEW 5 of 14 
 

 

3. Background 

3.1. Ensemble 

An ML ensemble consists of only a concrete, finite set of alternative models but typ-

ically allows for a much more flexible structure among those alternatives. In contrast to a 

statistical ensemble in statistical mechanics, which is typically infinite, ensemble methods 

in statistics and ML use multiple learning algorithms to obtain better predictive perfor-

mance than could be obtained from any of the constituent learning algorithms alone [21–

23]. 

A general meta-method of ML, ensemble learning aims to improve predictive perfor-

mance by combining predictions from multiple models. There are three main approaches 

to ensemble learning, even though the number of ensembles that can be created for a pre-

dictive modeling problem appears to be infinite. Each field of study has produced numer-

ous methods that are more specialized than the algorithms. Bagging, stacking, and boost-

ing are the three main types of ensemble learning methods. 

3.1.1. Bagging 

The bagging method, also referred to as bootstrapping aggregation, is an algorithm 

that is entirely dependent on the data. From the actual dataset, multiple small subsets of 

data are created. By adjusting the stochastic distribution of the training datasets, bagging 

aims to produce more diverse predictive models in which minor changes in the training 

data set will significantly alter model predictions and boost their accuracy, as shown in 

Figure 1. It does this by fitting either a classifier (for classification) or a regressor (for re-

gression). It has been used with decision stumps, artificial neural networks (ANNs) (in-

cluding multilayer perceptrons), support vector machines, and maximum entropy classi-

fiers, among other ML algorithms. Combining bootstrapping (sampling technique) and 

aggregation is called “bagging”. Bootstrapping-trained ensemble models replicate the 

training dataset. The majority vote of the model’s predictions, or regression averaging, is 

used in aggregation to arrive at the final prediction. The predictions made by each classi-

fier or regression model are combined with the final predictor, also known as a bagging 

classifier. The advantage of bagging is that it reduces variance, which prevents overfitting. 

It also works well with data with many dimensions. Bagging has the disadvantages of 

being computationally expensive, having a high bias, and reducing a model’s interpreta-

bility. A good example of bagging is the RF algorithm. Implementing the bagging method 

can be difficult due to the following issues: determining the maximum number of boot-

strap samples per subset and the best number of base learners and subsets [24]. 

 

Figure 1. The bagging classifier in detail [25]. Figure 1. The bagging classifier in detail [25].

3.1.2. Boosting

Each subsequent model tries to fix the previous model’s mistakes during boosting.
Boosting is a highly adaptive method of sequentially multiple weak learners in which
each model is fitted. It gives more weight to the dataset’s observations than the models
in the previous sequences, as shown in Figure 2. Similar to bagging, boosting can be
utilized for classification and regression problems. Adaptive boosting (AdaBoost) [26],
stochastic gradient boosting (SGB) [27], and extreme gradient boosting (XGB), also known
as XGBoost [28], are the three types of boost algorithms. In an ML ensemble, boosting
helps reduce variance and bias and makes the model easier to understand. The fact that
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each classifier must correct errors in its predecessors is a drawback of boosting. Scaling
sequential training in boosting is one of several obstacles that must be overcome before
boosting can be implemented. As the number of iterations increases, it becomes more
susceptible to overfitting and incurs additional computational costs. Last but not least,
considering that the model’s behavior can be affected by many parameters, boosting
algorithms can take longer to train than bagging algorithms [24].
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3.1.3. Stacking

The model ensembling technique is known as the “stacking method” or “stacked
generalization” and combines data from multiple predictive models to create a new model
(meta-model). A stacking model’s architecture consists of two or more base models, or
level 0 models, and a meta-model, or level 1 model, that combines the predictions of the
base models, as shown in Figure 3. Models compatible with the training data and whose
predictions are compiled make up level 0 models (base models). However, the model
learns the best way to combine the predictions of the base models in the level 1 model
(meta-model). Probability values or class labels may be the outputs from the base models
used as inputs for the meta-model in the case of classification.
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In most cases, the stacking approach outperforms all trained models. The benefit of
stacking is a deeper comprehension of the data, which makes it more precise and efficient.
With model stacking, so many predictors predict the same merged target that overfitting is
a significant problem. Additionally, multilevel stacking is time-consuming and costly for
the data due to the large amount of data required for training [24,29]. When designing a
stacking ensemble from scratch, determining the appropriate number of baseline models
and the baseline models that can be relied upon to generate better predictions from datasets
are two challenges associated with implementing stacking. When the amount of data that
is accessible increases exponentially, it also increases the difficulty of interpreting the final
model and the complexity of the computation time [24].
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3.1.4. Time Series

Time-series classification uses supervised machine learning to analyze multiple labeled
classes of time-series data to predict or classify the class that new data belong to. This
is crucial in many situations where financial or sensor data analysis may be required to
support a business decision. Since classification accuracy is crucial in these circumstances,
data scientists put considerable effort into making their time-series classifiers as accurate as
possible. Time-series classification can be carried out with various algorithms, and one type
may produce higher classification accuracy than others, depending on the data. Time-series
classification algorithms can be divided into five categories: distance-based, interval-based,
dictionary-based, frequency-based, and shapelet-based [30].

When working on a time-series classification problem, it is essential to take into
account a variety of algorithms because of this. By indicating the algorithmic pipeline that
produces the optimal accuracy for the input data set, using an automated platform that
would rigorously explore the space of available algorithms and hyperparameters could
save a significant amount of time, at least in the initial stages of exploration. It is anticipated
that such platforms will soon be available with time-series classification capabilities [30].

4. Materials and Methods
4.1. Dataset Description

GEOTHERM is a computerized information system developed by the U.S. Geological
Survey (USGS) to keep track of data on the geology, geochemistry, and hydrology of
geothermal sites, primarily in the United States. The system was first proposed in 1974
and was used until 1983. The system used a mainframe computer, and key-punch cards
were used to enter most of the data. A fairly extensive data entry form served as the
basis for keypunching. Several products were published or made available to preserve
the data when the GEOTHERM database was removed from the internet. These include
a state-by-state listing of each record on microfiche and basic data for thermal springs
and wells. As digital data, the GEOTHERM database was also submitted to the National
Technical Information Service (NTIS) [31]. Table 1 shows the statistics of the GEOTHERM
dataset. Groundwater is divided into the four categories using the water quality index
(WQI) formula; see Equation (1).

WQI = dissolved calcium + dissolved magnesium + dissolved potassium
+ pH + total dissolved solids.

(1)

Table 1. The statistics of the GEOTHERM dataset.

Type Class No. of Rows

Drinking
Excellent 34,516

Good 9915

Irrigation
Poor 1892

Very Poor 77

Total 46,400

4.2. Model Architecture and Training

We proposed a hybrid technique composed of a time-series algorithm and four ensem-
ble techniques. The hybrid technique used the GEOTHERM dataset to identify groundwater
quality. The proposed model will be discussed in the following sections. Figure 4 describes
the steps of the proposed model: (1) dataset pre-processing by replacing the missing values
and replacing the null values, solving the sparsity problem, and applying the oversampling
algorithm SMOTE; (2) selecting the relevant attributes of the dataset by applying the PCC
technique; (3) learning the ensembles (RF, gradient boosting, AdaBoost, and bagging) using
the time-series algorithm, and (4) testing and evaluating the ensemble techniques.
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After downloading the GEOTHERM dataset, the proposed model proceeded with
dataset pre-processing. Pre-processing the GEOTHERM datasets is one of the most crucial
steps because it effectively produces accurate results. The missing values and the null values
of the features of the GEOTHERM dataset were replaced by our recommender system
described in Ref. [9]. Moreover, we solved the sparsity problem by using our recommender
system proposed in Ref. [9] and applying the oversampling algorithm SMOTE. In addition,
we used the PCC technique to reduce the dimensionality of the Geotherm dataset to the
most important features. After the pre-processing phase, we divided the GEOTHERM
dataset into a training set (75%) and a test set (25%). Using the time-series algorithm, we
trained the four ensembles in the third step. We tested the four ensemble techniques in the
four steps and calculated the measured metrics to evaluate them.

4.2.1. Data Pre-Processing

Due to data noise or missing values, the raw data may be less accurate than the
final prediction. Pre-processing included replacing missing values, replacing null values,
and solving the sparsity problem, which was necessary to make the data more suitable
for analysis.

Missing and Null Values Handling

Missing values mean a large amount of uncertainty. We proposed a recommender
system in Ref. [9]. We used it to handle the missing and null values of six features in the
GEOTHERM dataset: sample date, dissolved calcium, dissolved magnesium, dissolved
potassium, pH, and total dissolved solids.

Sparsity Problem

Sparse data is a common issue in ML because it affects how well algorithms work and
how well they can make accurate predictions. When certain expected values in a dataset
are missing, a common occurrence in large-scale data analysis, the data are considered
sparse. In this research, we used the recommender systems proposed in Ref. [9] to solve
the sparsity problem of the GEOTHERM dataset.

Sampling

Data sampling is a set of techniques for artificially increasing the amount of data
by creating new data points or synthetic data from existing data. It can help ML models
perform better and produce better results by creating new and distinct examples to train
small datasets. When the dataset is extensive and sufficient, ML performs better and is
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more accurate. For ML models, data collection and labeling can be time-consuming and
expensive processes. However, data sampling techniques can reduce these operational
costs by transforming datasets.

In this research, we used the sampling technique SMOTE. Minority-class observations
were classified first in this algorithm. Any minority observation was considered a noise
point and was ignored when producing synthetic data if all neighbors belonged to the
majority class. In addition, it only resampled from a select few border areas, which served
as neighborhoods for both the majority and minority classes.

As a result of applying the SMOTE technique, the size of the GEOTHERM dataset was
increased from 46,400 to 185,600. Hence, the size of the training dataset (75%) was 139,200,
and the size of the test dataset (25%) was 46,400. Table 2 shows the statistics of the test data
set after applying the pre-processing process.

Table 2. The statistics of the GEOTHERM test dataset.

Type Class No. of Rows

Drinking
Excellent 34,683

Good 10,311

Irrigation
Poor 937

Very Poor 469

Total 46,400

4.2.2. Feature Selection

In machine learning and statistics, selecting the most significant attributes from a
large set is known as feature selection. In ML techniques, feature selection is used before
processing begins. The high-dimensional attribute space will be reduced. Feature selection
has received increasing attention in recent years, and it can make the model easier to use
by reducing training time [32,33].

In contrast to feature reduction techniques such as PCA, feature selection algorithms
only select a limited number of attributes that are typically useful for classification and
regression. As a result, feature selection is useful for understanding the relationship
between attributes and locating specific internal techniques. This study used the PCC
technique to select the relevant attribute from the GEOTHERM dataset. Station ID, station
type, sample date, dissolved calcium, dissolved chloride, dissolved magnesium, dissolved
potassium, dissolved sodium, pH, total dissolved solids, and class are the 11 features in the
GEOTHERM dataset. Sample date, dissolved calcium, magnesium, potassium, pH, and
total dissolved solids were the six features selected by the application of the PCC technique.

5. Model Implementation and Evaluation
5.1. Model Evaluation Metrics

The accuracy, precision, recall, and DSC described in Equations (2)–(5) were used to
evaluate the proposed model.

Accuracy = (TP + TN)/(TP + TN + FP + FN) (2)

Precision = TP/(TP + FP) (3)

Recall = TP/(TP + FN) (4)

DSC = (2 × TP)/(2 × TP + FP + FN) (5)

FP, false negatives by FN, and true positives by TP represent false positives. Accuracy
is the degree to which the result matches the value we aim for. Precision is calculated by
dividing the total number of positive predictions by the number of true positives. The ratio
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of the number of actual positives to the number of true positives is the recall. The DSC is a
harmonic average of precision and recall.

5.2. Model Implementation

The GEOTHERM dataset was divided into 75% for training and 25% for testing for
validation in the experiment. The experiment computer has a 64-bit operating system, an
x64-based processor, an Intel(R) Core (TM) i7-3612QM CPU @ 2.10 GHz and 2.1 GHz, and
10 GB RAM.

Table 3 shows the experiments’ results for the four ensembles (RF, gradient boosting,
bagging, and AdaBoost), which were learned by a time-series algorithm. All four ensem-
bles were applied to the GEOTHERM dataset for multiclassification. We distinguished
between excellent drinking water, good drinking water, poor irrigation water, and very
poor irrigation water. Table 3 shows that RF, gradient boosting, bagging, and AdaBoost
had accuracy averages of 95%, 92%, 86%, and 79%, respectively. The RF model had the
highest accuracy, precision, and DSC average at 95%, 98%, and 93%, respectively. The
gradient-boosting model had the highest average recall at 91.5%. AdaBoost had the lowest
accuracy, at 79%. Bagging had the lowest precision, recall, and DSC at 40.5%, 42.25%, and
41.25%, respectively.

Table 3. The performance of the four ensemble models using a time-series algorithm.

Model Class Precision Recall DSC

RF

Excellent 95 100 97

Good 97 82 89

Poor 100 75 86

V. poor 100 100 100

Average 98 89.25 93

Accuracy 95

Gradient
Boosting

Excellent 91 100 95

Good 100 66 79

Poor 100 100 100

V. poor 100 100 100

Average 97.7 91.5 53.4

Accuracy 92

Bagging

Excellent 91 92 91

Good 71 77 74

Poor 0 0 0

V. poor 0 0 0

Average 40.5 42.25 41.25

Accuracy 86

AdaBoost

Excellent 88 83 86

Good 53 64 58

Poor 100 100 100

V. poor 100 100 100

Average 79 85.25 86.75 86

For the excellent class, precision, recall, and DSC were 95%, 100%, and 97% for RF,
respectively. RF had the highest precision and DCS, at 95% and 97%, respectively. RF and
gradient boosting had the highest recall, at 100%.
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For the good class, precision, recall, and DSC were 97%, 82%, and 89% for RF, respec-
tively. Gradient boosting had the highest precision (100%), RF had the highest recall, and
DSC was 82% and 89%, respectively.

For the poor class, precision, recall, and DSC were 100%, 75%, and 86% for RF, re-
spectively. RF, gradient boosting, and AdaBoost had the highest precision (100%), while
gradient boosting and AdaBoost had the highest recall and DSC at 100%.

Precision, recall, and DSC were 100% in the very poor class for RF. RF, gradient
boosting, and AdaBoost had the highest precision, recall, and DSC at 100%.

Tables 4–7 show the confusion matrices for the four ensembles. The test dataset had
four classes: excellent, good, poor, and very poor. Table 4 shows that the RF model correctly
predicted 34,683 samples out of 34,683 samples for the class excellent, with an accuracy of
100%. It predicted 8436 out of 10,311 samples for the class good, with an accuracy of 81%.
It predicted 469 samples out of 937 samples for the class poor, with an accuracy of 50%. It
predicted zero out of 469 samples for class very poor, with an accuracy of 0%.

Table 4. The confusion matrix for RF.

1 2 3 4

1 34,683 0 0 0

2 1875 8436 0 0

3 0 468 469 0

4 0 0 0 469

Table 5. The confusion matrix for gradient boosting.

1 2 3 4

1 34,683 0 0 0

2 3515 6796 0 0

3 0 0 937 0

4 0 0 0 469

Table 6. The confusion matrix for bagging.

1 2 3 4

1 31,168 3515 0 0

2 3046 7265 0 0

3 0 468 469 0

4 0 0 469 0

Table 7. The confusion matrix for AdaBoost.

1 2 3 4

1 28,824 5859 0 0

2 3749 6562 0 0

3 0 0 937 0

4 0 0 0 469

Table 5 demonstrates that the gradient boosting model correctly predicted 34,683 of
34,683 samples for the class excellent with 100% accuracy. With an accuracy of 65.9%, it
predicted 6796 out of 10,311 samples for the class good. With 100% accuracy, it correctly
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predicted the class poor in 937 of 937 samples. With 100% accuracy, it correctly predicted
469 of 469 samples for the class very poor.

Table 6 demonstrates that the bagging model correctly predicted 31,168 out of 34,683 sam-
ples for the excellent class with an 89.8% accuracy rate. It predicted 7265 out of 10311 samples
for the class good, with an accuracy of 70%. In 469 of 937 samples, it correctly predicted the
class poor with a 50% accuracy. It correctly predicted 469 out of 469 samples for the class very
poor with 100% accuracy.

According to Table 7, the AdaBoost model correctly predicted 28,824 of 34,683 excel-
lent class samples with an 83% accuracy rate. With a 63.6% accuracy, it predicted 6562 of
10,311 samples for the class good. It correctly predicted the poor class in 937 out of 937 sam-
ples with 100% accuracy. It made 100% accurate predictions for 469 of the 469 individuals
in the very poor class.

6. Conclusions

This paper proposes a robust classifier to differentiate between excellent drinking
water, good drinking water, poor irrigation water, and very poor irrigation water. The
ensemble models serve as the basis for the classification model. In the proposed model, we
used ensemble techniques and a time-series algorithm to propose a hybrid technique to
enhance the multiclassification of the groundwater. The GEOTHERM dataset was used
to build and evaluate the hybrid technique and pre-process it by replacing the missing
and null values and solving the sparsity problem by applying the oversampling technique
SMOTE. Moreover, we applied the PCC feature selection technique to select the important
features. The proposed model was evaluated and compared to recent classifiers. The RF
model achieved the highest precision, recall, DSC, and accuracy of 98%, 89.25%, 93%, and
95%, respectively. Consequently, the proposed RF model was evaluated and found to
produce unparalleled tuning-based perception results compared to other models currently
in use.
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