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The groundwater potential map is an important tool for a sustainable watermanagement and land use planning,
particularly for agricultural countries like Vietnam. In this article, we proposed newmachine learning ensemble
techniques namely AdaBoost ensemble (ABLWL), Bagging ensemble (BLWL), Multi Boost ensemble (MBLWL),
Rotation Forest ensemble (RFLWL) with Locally Weighted Learning (LWL) algorithm as a base classifier to
build the groundwater potential map of Gia Lai province in Vietnam. For this study, eleven conditioning factors
(aspect, altitude, curvature, slope, StreamTransport Index (STI), TopographicWetness Index (TWI), soil, geology,
river density, rainfall, land-use) and 134 wells yield data was used to create training (70%) and testing (30%)
datasets for the development and validation of the models. Several statistical indices were used namely Positive
Predictive Value (PPV), Negative Predictive Value (NPV), Sensitivity (SST), Specificity (SPF), Accuracy (ACC),
Kappa, and Receiver Operating Characteristics (ROC) curve to validate and compare performance of models. Re-
sults show that performance of all the models is good to very good (AUC: 0.75 to 0.829) but the ABLWL model
with AUC = 0.89 is the best. All the models applied in this study can support decision-makers to streamline
themanagement of the groundwater and to develop economy not only of specific territories but also in other re-
gions across the world with minor changes of the input parameters.
©2021ChinaUniversity of Geosciences (Beijing) andPekingUniversity. Production andhostingby Elsevier B.V. This

is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Historically, groundwater has been an inseparable part of human
life. This is explained by the fact that a significant portion of water de-
mand, especially in the drinking and agricultural sectors, is met all
over the world by the groundwater resources (Bhuvaneswaran and
Ganesh, 2019). Excessive usage of groundwater resources corroborated
with some factors, such as insufficient rainfall, high population density
and low surface water volume, which have led to an increase in the
groundwater demand around the world (Sajedi-Hosseini et al., 2018).
In general, the groundwater levels are declining in recent decades due
to overuse and improper protection measures. Therefore, accurate
).

g) and Peking University. Production
spatial forecasting of groundwater resources is vital for the sustainable
use, conservation andmanagement strategies (Koh et al., 2020). Quality
of groundwater is of great importance due to its various domains of
usage. Changes in groundwater quality in an area are consequences of
physical and chemical parameters that are highly influenced by geolog-
ical formations and anthropogenic activities (Subramani et al., 2005;
Šimanský et al., 2018; Sato et al., 2019). One of the most important
human activities that lead to physical and chemical pollution of ground-
water is the urban and industrial sewage, whose expansion is widely
correlated with the population growth, urbanization and lifestyle
changes (Rahman, 2008; Van Hoang et al., 2020). Moreover, frequent
environmental changes, due to natural and human factors, are a signif-
icant threat to the groundwater quality. The human activities such as
agriculture and industries lead to an excessive pollution with physical
and chemical elements such as chloride, lead, nitrate, arsenic and
and hosting by Elsevier B.V. This is an open access article under the CC BY-NC-ND license
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Fig. 1. Research area location in Vietnam.
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ammonia (Khattak et al., 2020; Trung et al., 2020). The precision of the
researches related to groundwater potential depends mainly on the se-
lection of appropriate influencing factors and on the use of precise
methods for spatial modeling (Arabameri et al., 2019; Sivasankar
et al., 2019). Therefore, selection of the suitable influencing factors for
the identification of areas with high groundwater storage potential is
vital for an efficient water resource management.

Spatial techniques such as Remote Sensing (RS) and Geographic
Information Systems (GIS) in conjunction with ground observation
data are considered to be the most accurate and efficient methods
for describing and understanding the spatial distribution of ground-
water potential (Mosavi et al., 2020a). These RS and GIS techniques
demonstrated their reliability as well as their ability to accurately pre-
dict the groundwater potential (Andualem and Demeke, 2019;
Malakootian et al., 2020). A few researchers have combined statistical
and probabilistic methods: weight of evidence, frequency ratio and
evidential belief function with the GIS techniques to recognize the
groundwater potential across specific regions (Mogaji and Lim, 2018;
Arabameri et al., 2019). Other researchers have used Random Forest
(RF), Support Vector Machines (SVM), Multivariate Adaptive Regres-
sion Spline (MARS), Locally Weighted Learning, Bagging, Dagging,
AdaBoost, Multi Boost, Rotation Forest and Booting Regression Tree
(BRT) (Bui et al., 2016; Naghibi et al., 2017a; Golkarian et al., 2018;
Sameen et al., 2019) to assess the groundwater potential. In recent
years, many researchers are applying hybrid algorithms in groundwa-
ter studies for better accurate prediction and mapping of groundwater
potential. Pham et al. (2019a) used the Bagging-Decision Stump
model to study the potential of groundwater in Vadodara district,
2

Gujarat, India. Miraki et al. (2019) used a new machine learning hy-
brid model which is a combination of Random Forest and Random
Subspace ensemble in order to estimate the groundwater potential
in Kurdistan province from Iran. Arabameri et al. (2020) used a
novel ensemble of Multi-criteria Decision Making and Artificial Intelli-
gence techniques in groundwater potential mapping in Iran. Chen
et al. (2019) demonstrated effectiveness of hybrid models in ground-
water potential mapping within Shanxi Province of China using Novel
hybrid integration approach of bagging-based Fisher's linear discrimi-
nate function. Some researchers have used logistic regression-based
multi-adaptive boosting ensemble (Rizeei et al., 2019), and
metaheuristic based neural fuzzy (Kordestani et al., 2019) in ground-
water potential mapping.

In this paper, a single machine learning model namely Locally
Weighted Learning (LWL) and four ensemble models: AdaBoost - Lo-
callyWeighted Learning (ABLWL), Bagging - LocallyWeighted Learning
(BLWL), Multi Boost - Locally Weighted Learning (MBLWL) and Rota-
tion Forest - Locally Weighted Learning ensemble (RFLWL) with LWL
as a base classifier were used for ground water potential mapping and
to model the spatial distribution of the groundwater potential in the
Gai Lai province, Vietnam. It is worth to mention that all these five pro-
posed algorithms have been used for the first time tomap, evaluate and
model the groundwater potential of an area. Performance and predic-
tive ability of models were evaluated using several statistical indices
namely Area Under Receiver Operating Characteristic (ROC) curve
(AUC), Kappa, Accuracy (ACC), Specificity (SPF), Sensitivity (SST), Neg-
ative predictive value (NPV), and Positive predictive value (PPV). Weka
packages and GIS softwarewere used for data processing andmodeling.



Fig. 2. Spatial extent and values of groundwater potential predictors. (a) Aspect; (b) altitude; (c) curvature; (d) slope; (e) STI; (f)TWI.
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Fig. 3. Spatial extent and values of groundwater potential predictors. (a) Soil; (b) geological map; (c) river density; (d) land use; (e) rainfall.
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Table 1
Information of soil types used in this study.

No. Code Description No. Code Description

1 B Loamy sand or gravelly loamy sand 14 Ha Red yellow humus on acid magma rock
2 Ba Faded soil on acid magma and sand 15 J Grab soil
3 Cb Coastal Beach 16 Pbc Sour alluvial soil
4 D Land sloping valley by the convergence 17 Pc Alluvial soil
5 E Erosion's soil inert 18 Pf The alluvial soil has red and yellow sloping layers
6 Fa Red yellow soil on acid magma 19 Pg Alluvium glay soil
7 Fk Red-brown soil on basalt 20 Py Stream alluvial soil
8 Fl Red-yellow soil changes due to wet rice cultivation 21 Rk Black soil on basalt accretion products
9 Fp Brown-yellow soil on ancient alluvial gold 22 Ru Permeable brown soil on foam basalt products
10 Fq Pale yellow soil on sand stone 23 X Gray soil on ancient alluvium
11 Fs Yellow-red soil on clay and metamorphic rocks 24 Xa Gray soil on acid magma and sand stone
12 Ft Purple-brown soil on basalt 25 Xk Gray glay soil
13 Fu Brown-yellow soil on basalt
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2. Materials and methods

2.1. Study area and data

2.1.1. Study area
Gia Lai (12°58'20" to 14°36'30" north latitude; 107°27'23" to

108°54'40" east longitude) is a mountainous province located in the
northern part of the Central Highlands (Fig. 1) at an average elevation
of 700–800 m above sea level. Topography of the area is rugged which
includesmountains, highlands and valleys. Elevation of the area reduces
from north to south. Geologically the area is occupied by basalt rocks of
the three main eruptive episodes: Miocene, Pliocene and Pleistocene
(Phuc et al., 2018). Cenozoic basalts have provided natural resources
such as groundwater, forestry and bauxite (Tuan et al., 2019). Soil
types in the area belongs to seven main groups: alluvial soil, gray soil,
black soil, red soil, red yellow loam soil, and inert soil. In this region,
main land use includes crops of rubber, coffee and pepper plants. In ad-
dition, land use pattern also includes forest land in the study area
(Quyen et al., 2014).

This province belongs to the tropical highland monsoon climate re-
gion with heavy rainfall (Minh et al., 2018). Climate in this region is
divided into two distinct seasons: rainy and dry seasons. In particular,
the rainy season usually starts from May and ends in October. The dry
season is from November to April next year (Ly and Thuy, 2019). The
annual average temperature ranges between 22° and 25 °C. The aver-
age rainfall 1200–1750 mm is in the East Truong Son Region, and
2200–2500 mm in the West Truong Son Region. This area has rich
surface water resources of about 23 billion m3, which are distributed
in the large river basins such as Se San River, Ba River, Srep Pook
River.

The province of Gialai is often affected by the drought problem. In
2019, drought caused thousands of hectares of agricultural losses. The
total economical damages are estimated to about 2 millions US dollars.
Surfacewater is unevenly distributed in the province which is not suffi-
cient for the sustainability and development of the area. Therefore, con-
struction of the groundwater potential map for the development of
groundwater resources is considered a mandatory task for the proper
water resource management in this province.
2.1.2. Data used

2.1.2.1. Well yields. Well yields data is important for assessing ground-
water potential of the area. Proper well inventory data is required to
be used in the ground water potential mapping based on the Machine
Learning models (Chen et al., 2020; Nguyen et al., 2020a). Quality of
the results of the groundwater potentialmodeling is directly dependent
on the accuracy of the wells locations (Rahmati et al., 2019). In this
study, we have used the data of 134 georeferenced wells obtained
5

from Vietnam Academy for Water Resources and the field mission car-
ried out in the years 2018 and 2019.

2.1.2.2. Groundwater influencing factors. The selection of groundwater
influencing factors is a crucial step in the workflow developed to
model the groundwater potential. In this study 11 influencing factors
were selected anddivided into different groups: Topography (aspect, al-
titude, slope), geology, soil, hydrology (river density, curvature, STI,
TWI), climatic conditions (rainfall) and anthropogenic activities (land-
use). The topography and hydrology factors were extracted from Aster
Digital Elevation Model (DEM) of 30 m resolution. The climatic factors
were obtained from WorldClim v2 database. The land use map, soil
map and geological map were collected at a scale of 1:50000 from the
Resource and Environment department of Gia Lai province.

Aspect is considered to be an important factor in constructing the
groundwater potential model because it shows the relationship with
the direction of water flow (Solomon and Quiel, 2006; Costache,
2019a; Nguyen et al., 2020b). In this study, the aspect map has been di-
vided into nine classes: Flat, N, NE, E, SE, S, SW,W, NW(Fig. 2a). Altitude
plays an important role in the prediction model of groundwater poten-
tial. Usually the groundwater level follows topography altitude line, and
has also tendency to accumulate under the low altitude surfaces
(Ozdemir, 2011; Chen et al., 2018). In this study area, altitude ranges
from 86 m to 1756 m (Fig. 2b). The curvature shows the ability of the
water to accumulate at the ground surface and thus in the infiltration
(Pham et al., 2019b). In the study area, the curvature ranges from
−24.11 to 23.44 (Fig. 2c). Slope factor was selected due to its relation-
ship with the hydrology processes. The slope reflects the altitudinal
changes over the distance unit and is considered a significant element
in determining runoff direction and seepage (infiltration) capacity
(Ercanoglu and Gokceoglu, 2002). In the study area slope varies from
0 to 68° (Fig. 2d). STI shows the sediment transfer capacity and charac-
terizes the process of erosion and depositions (Conforti et al., 2011). In
this study, the STI value ranges from 0 to 31,262 (Fig. 2e). TWI is an im-
portant factor in quantifying control of topography on hydrologic pro-
cess thus in infiltration and run off (Rahmati et al., 2016; Naghibi
et al., 2017b). In this study, the TWI value ranges from 5.85 to 2.43
(Fig. 2f).

Soil exhibits the ability of the water from the ground surface to infil-
trate and to recharge the groundwater reservoirs (Oanh and Van Lap,
2016; Naghibi et al., 2017a). The soil map in this study has been divided
into 27 types (Fig. 3a and Table 1). The geology factor plays an impor-
tant role in the surface permeability, and therefore, in the groundwater
recharge capacity (Ayazi et al., 2010; Al-Abadi, 2015). The geology map
has been classified into 39 types (Fig. 3b).

River density influences the recharge capacity of groundwater
(Ayazi et al., 2010). River density in the study area varies from 0 to
5.2 km/km2.
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Rainfall is considered to be a very important factor for the modeling
of the groundwater potential due to its direct impact on the recharge ca-
pacity (Fig. 3c). Precipitation directly helps in the recharge of the
groundwater potential zones (Naghibi and Pourghasemi, 2015;
Oikonomidis et al., 2015). Rainfall in the study area varies from
1103 mm to 2344 mm (Fig. 3e).

Land use is considered as an important anthropogenic factor in
groundwater study. The land use map has been classified into 18 differ-
ent categories (Fig. 3d). Constructed (concrete/ bitumen etc.) surfaces
unless properly design lead to an increase of surface runoff and thus de-
crease capacity of ground surface in recharging groundwater reservoirs
by infiltration (Hasegawa et al., 2017; Hoa et al., 2019).

2.2. Methods

2.2.1. Locally weighted learning (LWL)
Locally Weighted Learning methods are a class of function approxi-

mation techniques, where a local model is created for each point of in-
terest based on neighbouring data, instead of building a global model
for the whole function space. LWL methods are non-parametric.

In the LWL, local regression can be used for multi-objective regres-
sion subject as follows: i) implementing a locally weighted regression
procedure for each aim agent, or ii) sketching a weightlifting method
that directly controls multiple goal data. The major advantage of LWL
is the placement of the data in a small neighborhood (Adeli et al.,
2017). The standard form of LWL algorithm is described by the follow-
ing mathematical equation (Schaal et al., 2000):

y ¼ f xð Þ þ ε ð1Þ

where x ∈ℜn is a n-dimensional input vector, the noise term has mean
zero, E{ε} = 0, and the output is one-dimensional.

2.2.2. AdaBoost
Boosting algorithms belong to the family of group learningmethods,

which can improve the grouping accuracy by synthesizingmany “weak/
feeble” basic learners to generate a “strong/powerful” committee (Jiang
et al., 2019). In AdaBoost the decision tree is often used as a weak
learner, while its predictions are merged in order to produce the final
outcomes (Jiang et al., 2019). The major advantage of AdaBoost model
is the dissolving two-category problems, multi-category single-tag
problems, multi- category multi-tag problems, groups of single-tag
problems, and regression problems (Hong et al., 2018), on the other
hand, the main purpose of group classification is to decrease the cate-
gory (error rate) of a weak class by presenting and collecting multiple
classifications (Rajesh and Dhuli, 2018). The output of the AdaBoost
final classifier is defined by the following equation (Zheng and Peng,
2019):

H xð Þ ¼ ∑
J

t¼1
αtht xð Þ ð2Þ

where the AdaBoost creates the hypothesis ht = {−1, +1} and gener-
ates the weight of the hypothesis αt correctly. H signifies the combined
hypothesis while t = 1, 2,…., J represents the cycle of training.

iteration of base classifier.

2.2.3. Bagging ensemble
Bagging (known as the Bootstrap Collection) represents a simple

group of learner which collects basic models that are created using
bootstrap samples (Subasi et al., 2020). According to Breiman (1996),
the bootstrap samples are used to drive the single classifiers. If we con-
sider R = (a, b) a vector included in the initial training sample, where
a = ai, i = 1, 2, …,n represent the groundwater potential predictors
(n is the sum of predictors) and b = bi ∈ (1 – wells locations, 0 – non-
wells locations). According to Bui et al. (2016), the predictor of Bagging
6

ensemble model ϕ(a, T) will predict a y class following the relation
below:

Q bijað Þ ¼ P ϕ a, Tð Þ ¼ bi½ � ð3Þ

Further will be defined the probability P(bi, a) where a generates the
values of bi, while the form of the probability (Pcor) in which the predic-
tor generate a correct classification for x is the following:

Pcor ¼ ∑
bi
Q bijað Þ P bijað Þ ð4Þ

Finally, the probability associated to the final correct classification
can be written as:

p ¼
Z

∑
bi
Q bijað ÞP bijað Þ

" #
Pad að Þ ð5Þ

where Pad(a) represents the distribution probability of a.

2.2.4. Multi Boost ensemble
The Multi Boost method represents a combination of Ada Boost

(boosting) and Wagging (a variant of bagging) models, with the ability
to decrease the variance and bias, and also to avoid over-fitting subject
in the spatial modeling (Bui et al., 2016). This algorithmwas first intro-
duced byWebb (2000). Wagging is a component of Bagging that uses a
variety of training instances which creates several weights intended to
decrease the bias of the AdaBoost method.

The application of Multi Boost ensemble requires three stages
(Wang et al., 2020): (i) in a first stage, from the training sample a subset
is selected in a randomway in order to create the initial base classifier;
(ii) in the second stage, the precision performance is involved in the ad-
justment of the instanceweight; (iii) in thefinal stage, in order to train a
new classifier, from the instance weighted a new subset is selected. Let
consider S(ai, bi) a training dataset, where ai∈ R and bi∈ (wells locations
and non-wells locations) (Bui et al., 2016), the next equation will pro-
vide the value of the final classifier (Webb, 2000):

C0 ¼ argmax
b∈B

∑
t:Ct að Þ¼b

log
1
Dt

ð6Þ

εt ¼
∑aj∈s : C j ajð Þ≠biweight aj

� �
m

ð7Þ

where C′ is equal to C having associated the weights assigned to be 1, Ct
is a base learner (C′), and εt is the weighted error which characterizes
the training dataset.

2.2.5. Rotation Forest ensemble
Rotation Forest is an ensemble machine learning algorithm which

generates classifier based on their feature extraction procedure (Ozcift
and Gulten, 2011). Within the Rotation Forest ensemble, the split of
the feature set in many subsets is followed by a Principal Component
Analysis (PCA) which is applied to each new subset (Hong et al.,
2018). A classification is constructed on features that are frequently
generated by the predicted matrix, while the final result will be
achieved by combining the output of multiple classifications. Detailed
description of mathematical background of Rotation Forest is as below.

Let X=W be a set of training examples, Y = P be the relevant class
tags, and F be its attributes. If we suppose that there are N=M training
instances and n attributes in a microarray data set, X = W is an N × N
matrix. Let Y = P be a set of category tags (ω1…, ωc) where Y = P
takes values. Further, if the attribute set is randomly divided into K
sub-sets of proximate size, then there are L decision trees in a Rotation
Forest defined by D1…, DL, where, L and K are two parameters that
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must be predetermined. The construction of the training set for the clas-
sifier is carried out according to the following steps (Hong et al., 2018):

(1) Divide F randomly into subdivided K sets. Separated sub-
categories are selected to maximize the chance of high diversity.
For easiness, assume that K is an n parameter, so that each subset
of the attribute contains the following property A = M = n / K.

(2) Let Fij be a subset of the attributes for training classes Di, and let
Xij be the X data set for the Fij attributes. For each proper subset, a
subset other than the class is randomly chosen from Xij. In the
next step, a subset of bootstrap of objects is drawn with 75% of
the data set to form a new training set called Xij. Further, a linear
transformation is performed on Xij to be able to produce the con-
stituent components in a Cij matrix, which is determined using
particles: the specific values are zero, therefore, it is possible
that all M vectors are possible.

(3) Create a sparse rotation matrix Ri with the gain coefficients in
matrix Cij, as following:

Ri ¼

a 1ð Þ
i,1 , a

2ð Þ
i,1 , . . . , a

M1ð Þ
i,1 0 ⋯ 0

0 a 1ð Þ
i,1 , a

2ð Þ
i,1 , . . . , a

M2ð Þ
i,1 ⋯ 0

⋮ ⋮ ⋱ ⋮
0 0 ⋯ a 1ð Þ

i,K , a
2ð Þ
i,K , . . . , a

MKð Þ
i,K

2
666664

3
777775
ð8Þ

The matrix is rearranged with the help of the values of coefficients
which are associated to each class, their values being calculated through
the average combination in the given test sample which is mathemati-
cally described by the following equation Van Hoang:

mj gð Þ ¼ 1
L
þ∑L

i¼1dij gR
a
i

� �
, j ¼ 1, . . . , c ð9Þ

where dij(xRia) is the probability given by the classifierDi for the hypoth-
esis that x belongs to the class j.

2.2.6. Validation indices
Models performance evaluation, through statisticalmetrics, is an im-

portant step in the modeling process (Wu et al., 2004; Costache, 2019b;
Miraki et al., 2019). This step is essential and critical for distinguishing
the precision of potential groundwater models. To validate the predict-
ability ofmodels, it is desirable to evaluate themusing both training and
testing datasets (Khosravi et al., 2018; Costache et al., 2020a). In the
current research, statistical metrics used are: Area Under Receiver Op-
erating Characteristic (ROC) curve (AUC), Kappa, Accuracy (ACC),
Specificity (SPF), Sensitivity (SST), Negative predictive value (NPV),
and Positive predictive value (PPV) (Golkarian et al., 2018; Avand
et al., 2020; Costache et al., 2020b; Qi et al., 2020). In groundwater
potential modeling, PPV refers to the ratio of properly categorized
high potential groundwater pixels to all categorized pixels as high
potential groundwater pixels, while NPV mention to the ratio of
properly grouped pixels (Nguyen et al., 2020b). They are classified as
low potential groundwater pixels. The SST is the ratio of high potential
groundwater pixels correctly classified from all properly classified
pixels as high potential groundwater pixels plus those that are
erroneously classified as low potential groundwater pixels. SPF rep-
resents the ratio of properly classified low potential groundwater
pixels among all properly classified pixels as low potential ground-
water pixels plus those that are incorrectly classified as high poten-
tial groundwater pixels. The ACC shows the overall performance of a
forecast model and is computed as the ratio of high potential
groundwater and low potential groundwater pixels that are properly
classified (Pham et al., 2019c; Mosavi et al., 2020b; Nguyen et al.,
2020c). The evaluation index formulas are given below (Jaafari
et al., 2018; Costache and Bui, 2020; Qi et al., 2020):
7

PPV ¼ TP
TPþ FP

ð10Þ

NPV ¼ TN
TNþ FN

ð11Þ

SST ¼ TP
TPþ FN

ð12Þ

SPF ¼ TN
TNþ FP

ð13Þ

ACC ¼ TPþ TN
TPþ FPþ TNþ FN

ð14Þ

Kappa ¼ Pobs−Pexp
1−Pexp

ð15Þ

AUC ¼ ∑TPþ∑TNð Þ=PþN ð16Þ

where TP is True Positive (+), TN is True Megative (−), FP is False Pos-
itive (+), FN is False Negative (−), P is the all number of groundwater
pixels, N is the total value of non-groundwater pixels, N is the value of
instances in the dataset, Pobs and Pexp are the measured and envisaged
constants, respectively.

The Receiver Operating Characteristic (ROC) curve, is themost com-
mon statistical method that is used to estimate proficiency and reliabil-
ity of a binary predictionmodel (Bui et al., 2016; Jaafari et al., 2018). The
Area Under the ROC curve (AUC) is used to assess the predictive ability
of models (Phong et al., 2019; Yariyan et al., 2020).

2.2.7. Correlation based feature selection (CFS)
Disjointed and unneeded/superfluous variables should be elimi-

nated from the modeling process to reduce the redundant information
and to avoid the model bias (Dempster, 2008). This process helps to in-
crease the accuracy of the applied models. In terms of groundwater po-
tential modeling, a predictor is of a major importance if it is spatially
correlated with the groundwater presence and uncorrelated with the
other predictors (Hall, 2000). According to Costache (2019c), CFS
model has the ability to eliminate the information that is noisy, irrele-
vant and redundant. In the case of CFS algorithm, the higher value will
be assigned to thepredictors that are highly correlatedwith the ground-
water potential. These values will be calculated with the following rela-
tion (Costache, 2019c):

CFS ¼ k� rcfffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
kþ k k−1ð Þrff

q ð17Þ

where CFS is the correlation between each groundwater predictor with
the presence of wells points, k is the number of groundwater predictors,
rcf the average correlation between groundwater predictors and wells
points, and rff the average inter-correlation between groundwater
predictors.

3. Main steps of the methodological workflow

Methodology of this study is presented in Fig. 4with following steps:

(i) Preparation of inventory of high potential groundwater locations
and low potential groundwater locations: In this step, the well
datawas divided into two parts (50:50), including high potential
groundwater locations (well yield ≥ 2.5 l/s) defined as “1” class in
the dataset and low potential groundwater locations (well
yield < 2.5 l/s) defined as “0” class in the dataset. Out of this,
70% of high and low potential groundwater locations were used
to generate the training dataset used to construct the models
and maps while 30% remaining high and low potential



Fig. 4. Flowchart of the methodological steps applied in the present research.
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groundwater locations were used to generate testing dataset
used to validate the models and maps. This process was carried
out by using the tools and functions available in GIS applications.

(ii) Validation and selection of the groundwater predictors
using CFS model (their values were normalized between 0
and 1): in this step, a total of 11 groundwater potential fac-
tors was initially selected to sample with well data for gen-
erations of the initial training and testing datasets.
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Thereafter, the initial training datasets was used to validate
the importance of the groundwater potential factors using
CFS feature selection method on which the important fac-
tors were selected to generate the final datasets for the
groundwater potential modeling.

(iii) Development of groundwater potential models: Four ensem-
blemodels namelyABLWL, BLWL,MBLWL, RFLWLweredevel-
oped and one single model LWL was used for groundwater



Table 2
Hyper- parameters used to construct the models in this study.

No. Hyper-parameter Models

LWL ABLWL BLWL MBLWL RFLWL

1 KNN –1 – – – –
2 Batch size 100 100 100 100 100
3 Nearest neighbour search

algorithm
Linear NN
search

– – – –

4 Number of decimal places 2 2 2 2 2
5 Weighting kernel 0 – – – –
6 Number of interations – 9 1 10 4
7 Seed – 1 1 1 1
8 Weight of threshold – 100 – 100
9 Number of execution slots – – 1 – 1
10 Number of subcommittees – – – 3 –
11 Maximum size of a group – – – – 3
12 Minimum size of a group – – – – 3
13 Percentage of instances to

be removed
– – – – 50

Table 3
Select attribute feature using correlation-based feature selection method.

Rank Average merit Error (AM) Average rank Error (AR) Factor

1 0.496 0.02 1 0 Slope
2 0.444 0.021 2 0 Elevation
3 0.352 0.013 3.1 0.3 Geology
4 0.286 0.026 4.4 0.66 STI
5 0.287 0.018 4.5 0.5 River density
6 0.222 0.021 6 0 Soil
7 0.103 0.021 7.4 0.66 Rainfall
8 0.075 0.027 8.3 1.19 TWI
9 0.05 0.022 9.5 1.12 Landuse
10 0.05 0.022 9.5 1.02 Curvature
11 0.024 0.02 10.3 0.78 Aspect
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potential assessment and mapping. In the hybrid/ensemble
models, AdaBoost, Bagging, MultiBosst, and Rotation Forest
ensembles were used to optimize the training dataset in the
ABLWL, BLWL, MBLWL, RFLWL models, respectively while
LWL was used as a base classifier. In this step, training dataset
was used to build the models. Hyper-parameters used to con-
struct the models are presented in Table 2.

(iv) Validation of groundwater potential models: In this step, var-
ious quantitative validation indices such as AUC, Kappa, ACC,
SPF, SST, NPV, and PPV have been applied on both training
and testing datasets for validating and comparing the good-
ness of fit and the predictive capability of the models, respec-
tively.

(v) Construction of groundwater potential maps: In this step, the
results of training the models were used to construct the
maps of which the Natural Break classification method was
used to classify the potential classes of the groundwater on
the maps. Validation of the maps was also done by using sta-
tistical frequency ratio analysis.
Table 4
Statistical metrics used for the evaluation of model's performance.

Training

ABLWL BLWL MBLWL RFLWL LW

PPV (%) 70 45 83.33 63.33 85
NPV (%) 98.44 100 93.75 100 76.5
SST (%) 97.67 100 92.59 100 77.2
SPF (%) 77.78 65.98 85.71 74.42 84.4
ACC (%) 84.68 73.39 88.71 82.26 80.6
K index 0.691 0.458 0.773 0.641 0.61
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4. Results

4.1. Factor importance

One of the important steps in the groundwater potential model is
the selection of the relevant groundwater predictors. The goal of this
step is to remove unnecessary factors and focus on the most important
factorswhich have ability to reduce noise and to increase themodels ac-
curacy (Hoa et al., 2019; Nguyen et al., 2019; Bui et al., 2020). The
Table 3 presents Average Merit (AM) value of 11 influence factor
based on Correlation Attribute Evaluation method. The results show
that all the factors have an Average Merit score which allows them to
significantly contribute modeling process of the groundwater potential
in Gia Lai province. However, the slope (0.496), elevation (0.444), Geol-
ogy (0.352) and STI (0.286) factors are the most important predictors.
This finding is in agreement with previous studies (Chen et al., 2020;
Nguyen et al., 2020c).

4.2. Model validation and comparison

In this study, various statistical indices were used to validate the
model's performance (Table 4 and Fig. 5). In terms of training data,
the highest accuracywas achieved byMBLWLmodel (88.71%), followed
by ABLWL (84.68%), RFLWL (82.26%), LWL (80.65%) and BLWL
(73.39%). In terms of Kappa index, performance of the MBLWL model
is the best (0.773), followed by ABLWL (0.691), RFLWL (0.641), LWL
(0.614), and BLWL (0.458). For validation data, the ABLWL model
achieved the highest accuracy (77.36%), followed by BLWL (69.81%),
MBLWL (69.81%), RFLWL (69.81%) and LWL (67.92%). The scores of
Kappa Index revealed that ABLWL model is the best (K = 0.544),
being followed by MBLWL (0.392), BLWL (0.389), FRLWL (0.389) and
the LWL (0.358). Additionally, the ROC Curve (Fig. 5) shows that in
terms of training sample, the ABLWL model has the highest perfor-
mance among the five applied models with an AUC-ROC of 0.968. The
second in the hierarchy of performances was the model MBLWL
(0.967), followed by RFLWL (0.919), LWL (0.917) and BLWL (0.87).
For the validation data, the ABLWL model is the most efficient, with an
AUC-ROC of 0.829, followed by the MBLWL (0.786), BLWL (0.776),
RFLWL (0.759) and LWL (0.746) (Fig. 5).

4.3. Groundwater potential maps

The maps of the groundwater potential were constructed after the
training procedure and validation of the five models. These processes
were carried out in two main steps: i) all the pixels of the entire study
areawere included in themodels to generate the indices of the ground-
water potential; ii) reclassification of these indices using the natural
break method in ArcGIS software (Bui et al., 2020; Nguyen et al.,
2020a). The groundwater potential maps in this study were divided
into five categories: very low, low, moderate, high, and very high.

By analyzing the groundwater potential resulted fromABLWLmodel
(Fig. 6a), it can be seen that 21.2% of the study area is in the very low po-
tential area, 9.882% in the low area, 3.87 in themoderate area, 1 7.83% in
the high zone, and 47.22% in the very high zone. It can be observed that
Validating

L ABLWL BLWL MBLWL RFLWL LWL

61.54 38.46 50 38.46 65.38
6 92.59 100 88.89 100 70.37
7 88.89 100 81.25 100 68
8 71.43 62.79 64.86 62.79 67.86
5 77.36 69.81 69.81 69.81 67.92
4 0.691 0.389 0.392 0.389 0.358



Fig. 5. ROC curve of models. (a) Training dataset; (b) validation dataset.
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thehigh and very high groundwater potential is located especially in the
southern-western and southern part of the study area, while the low
and very low groundwater potential can be found in the northern side
of research zone. In the case of the BLWL model (Fig. 6b), 18.02% of
Gia Lai province is located in very low, 2.198% in low, 13.64 in high,
2.4 in very high groundwater potential. It is worth to note that the cen-
tral part of the study region is characterized by a medium groundwater
potential, while the very low potential is spread especially in the ex-
treme northern region. In terms of LWL model (Fig. 6c), 12.08% of the
study area is characterized by a very low groundwater potential, 33.6%
in low groundwater potential, 13.64% in moderate groundwater poten-
tial, 12.54% in high groundwater potential, while 28.15% of the study
area has a very high potential for groundwater presence. The applica-
tion of thismodel revealed a high concentration of lowgroundwater po-
tential in the western half of the study area, while the eastern half is
mainly characterized by the presence of medium, high and very high
potential. If we analyze the results of MBLWL model (Fig. 6d), it can
be observed that 35.05% of the study area is in the very low potential
area, 2.255% has a low groundwater potential, 12.24% is characterized
by a moderate potential, 2.754% has high potential for groundwater
presence, while around 47.7% area is included in the very high potential
areas. The very high potential zone covers very large areas in the south-
ern and central parts of the study area. It should be noted that the tran-
sition between the areas with very high potential to the areas with very
low potential is within very short distances. In terms of the RFLWL
model (Fig. 6e), 16.51% of the study area is located in the area with a
very low groundwater potential, 14.92% in low potential area, 24.18%
in the high potential area, while around of 16.6% of the study area has
a very high groundwater potential (Fig. 7). All maps show that the
groundwater potential is concentrated in the southern and southwest-
ern part of the study area. The large spread of themedium groundwater
potential is across the entire study area.

5. Discussion

The groundwater is one of themost important resources for the eco-
nomic development of a country (Khosravi et al., 2019; Tien Bui et al.,
2019). Therefore, precise identification of high groundwater potential
area/zone is very important for the best management of this valuable
resource. It should be mentioned here that the majority of the previous
studies focused on groundwater potential mapping using different ap-
proaches (Shahid et al., 2000; Oh et al., 2011; Arabameri et al., 2020).
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However, more effort is needed to improve the predictive ability of
the models to generate better groundwater potential maps. Currently,
with the development of Machine Learning (ML) approaches several
models have been developed and applied in the groundwater studies.
TheseMLmethods have been able to explain the complex relationships
between the groundwater predictors and location of the wells and or
groundwater springs (Chen et al., 2019; Jaafari et al., 2019; Nguyen
et al., 2020c). It is worth to mention that these techniques can also be
adapted to be applied even in large areas, with the availability of limited
data (Rahmati et al., 2018).

On the analysis of the previous studies related to the estimation of
different natural phenomena using ML models, we can see that these
techniques provide different results if they are applied in different re-
gions. For example, in terms of landslide susceptibility, Adaboost is
more efficient in combination with ADtree than the Bagging technique
(Wu et al., 2020). Similarly, Adaboost model is better in combination
with HyperPipes than Bagging for the construction of the landslide po-
tential map (Tran et al., 2020). From these studies, we can conclude
that the predictive ability of machine learning depends on the local
geo-environment conditions and the input variables. According to Bui
et al. (2020) the higher amount of the input data could lead to more ac-
curate results.

In this study, the different ML techniques including single LWL and
four novel hybrid models namely ABLWL, BLWL, MBLWL and RFLWL
were used to determine the regional distribution of groundwater poten-
tial. Statistical indices like PPV, NPV, SST, SPF, ACC, Kappa, and ROCwere
used to validate and compare performance of the models. All models
achieved good (AUC: 0.7–0.8) and very good (AUC: 0.8–0.9) results
(Choubin et al., 2019) and were successfully used to construct the
groundwater potential map of the study area., In terms of AUC value,
performance of the hybrid model ABLWL (0.829) is the best followed
by MBLWL (0.786), BLWL (0.776), RFLWL (0.759) and single LWL
(0.746). The results highlight that hybrid ML models performed better
than the stand-alone one, as hybrid models produces low error values
and also reduces bias and overfitting issues (Abdollahi and Ebrahimi,
2020).

LocallyWeighted Learning is built by combining several localmodels
which are also characterized by the advantage of the improvements of
different individual algorithms (Flentge, 2006). Therefore, LWL as a
base classifier in case of the hybrid/ ensemble models has a high contri-
bution in increasing prediction capability of individual models like
Adaboost, Bagging, Multiboost, Rotation forest. The AdaBoost model is



Fig. 6. Spatial extent and values of groundwater potential indices. (a) ABLWL; (b) BLWL; (c) LWL; (d) MBLWL; (e) RFLWL.
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Fig. 7. Groundwater potential maps validation using the percentage of wells and their frequency ratio within the groundwater potential classes.
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considered to be one of the algorithms able to improve the prediction
ability of the individual model and to maintain stability of the model.
In addition, along with the advantage of its simplicity, this algorithm
can combine weak classifications (Shin et al., 2009; Cui et al., 2019;
Tien Bui et al., 2019). According to the literature review, the training
12
data in the MultiBoost algorithm is divided into multiple subsets in
order to reducemodel bias (Pham et al., 2017, 2019c). In the Bagging al-
gorithm, the noise of input data is reduced by decreasing the sensitivi-
ties of individual classifications using the Bootstrap sampling method.
It should be noted that, in terms of groundwater potential prediction,
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RF can efficiently resolve unbalanced and overfitting data (Pham et al.,
2019d).

6. Concluding remarks

• It is important to delineate high groundwater potential zone for the
proper land use planning and water resource management of an
area. In this study, four new advanced hybrid ML models (ABLWL,
BLWL, MBLWL, RFLWL) and one single model LWL were applied for
groundwater potentialmodeling andmapping at the Gia Lai province,
Vietnam.

• All the proposed models performed well but ABLWL achieved the
highest accuracy (AUC = 0.829) in terms of groundwater potential
evaluation. Thus, ABLWL model can be used for the development of
accurate groundwater potential map of the study area.

• The map developed by novel hybrid model (ABLWL) can be used by
the decision-makers for the sustainable development and manage-
ment of groundwater resources in conjunction with surface water
for the systematic land use planning and economic development not
only of the study area but also other parts of the world considering
local geo-environmental conditions.

• Limitation of the study is thatwe have not considereddetailed subsur-
face conditions in the models besides dynamic climate change effect
affecting local and global hydrology. Model development is a continu-
ous process and thus these factors need to be considered in future.
Moving forward, other hybrid models with different algorithms
need to be developed to improve further performance of the new
models for the development of groundwater potential maps.
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