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Abstract:  

Water mapping plays a pivotal role in sustainable water resource management, particularly 

in the context of escalating climate change impacts. This study addresses the critical need 

for accurate water level predictions by introducing an innovative ensemble machine 

learning (ML) approach. Motivated by the increasing importance of ML and mathematical 

models in geospatial data analysis, the research papers from the diverse database, revealing 

a research gap that includes the absence of standardized methodologies and the exploration 

of diverse ensemble methods. Leveraging the EuroSat dataset for land use and land cover 

classification, the proposed ensemble model combines Principal Component Analysis, 

Genetic Algorithm, Gradient Boosted Decision Trees, Frequency Ratio, Deep Neural 

Network, and Shannon's Entropy. Demonstrating superior accuracy at 98.5%, Precision at 

90.4%, and recall at 92%, EnsembleML emerges as a robust solution, emphasizing the 

advantage of ensemble techniques for comprehensive water mapping in the face of 

environmental challenges. 

Keywords: Geospatial data, water, remote sensing, sustainability, machine learning, and 

accuracy. 

 

1. Introduction 

Advances in geospatial data analysis have recently been crucial for tackling environmental issues and 

advancing sustainability. How we track, examine, and manage our natural resources has changed 

dramatically due to the integration of remote sensing, artificial intelligence (AI), and geographic 

information systems (GIS). This essay examines how these technologies significantly advance 

environmental sustainability by facilitating resource management and knowledge-based decision-

making [1]. Data collected from a distance is known as remote sensing, and it usually uses satellites, 

aeroplanes, or drones. Monitoring numerous environmental factors, including land cover, vegetation 

health, and climate change, has shown the great value of this technique. A thorough evaluation of 

ecosystems is made possible by high-resolution satellite photography, which also helps policymakers 
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and researchers spot problem regions and follow environmental changes over time [2]. For instance, 

satellite imaging has proven invaluable in tracking natural disasters, urbanisation, and deforestation. 

Artificial Intelligence has become a potent instrument in geospatial data analysis, augmenting the 

efficacy and Precision of environmental surveillance [3]. Computers can recognise patterns and make 

predictions using machine learning algorithms, a subset of artificial intelligence, and big datasets. 

Artificial Intelligence (AI) has applications in geospatial analysis, such as species identification, land 

cover classification, and environmental trend prediction. Machine learning models, for example, can 

use satellite imagery to identify illicit forestry activities or forecast the spread of wildfires, enabling 

resource allocation and prompt action. GIS, a geospatial technology, makes spatial data production, 

analysis, and visualisation possible [4]. It offers a framework for combining different data sources into 

an extensive spatial database, including field surveys, satellite photography, and demographic 

information. Decision-making processes are aided by the mapping and analysis of environmental data 

made possible by GIS. GIS can be used, for instance, to determine the best sites for renewable energy 

projects and to plan urban growth to minimise [5]. 

The combination of GIS, AI, and remote sensing produces a potent framework for handling 

challenging environmental problems [6]. While remote sensing offers real-time and historical data for 

input, artificial intelligence (AI) algorithms can be linked to GIS platforms to automate the study of 

massive datasets. An approach to environmental monitoring and management that is more dynamic 

and responsive is made possible by this integration [7]. For example, satellite imaging, machine 

learning, and geographic information systems (GIS) can be used in concert to track and forecast how 

climate change would affect biodiversity, which will aid conservation efforts. Although geographic 

data analysis advances have shown significant potential, there are still obstacles to overcome. It is 

necessary to address issues like data privacy, standardised protocol requirements, and technology 

accessibility in developing nations [8].  

Irrespective of the context and the motive behind the instances above of environmental modelling and 

mappings, the studies are inevitably and understandably centred on the theme of utilization of geo-

referenced data about the topology and the associated landscape. These factors are expressed as 

inventory and the characteristic traits of the locations in the inventory. In the case of natural resource 

potentiality mappings, the inventory comprises of locations that have in the past shown evidence to 

yielding the resource under investigation, while the characteristics for the topology would give insight 

into the reasons that caused or revealed that availability and extractability of the same resource [9]. 

For instance, in case of water resource mappings, the rainfall patterns in the region can hold clues to 

the water table levels in the region. Also, the soil texture in the region owing to their ability to decipher 

the region's porosity and water holding capacity can also explain the historical presence of water in the 

past inventory identified in the region [10].  

Similarly, in case of wildlife habitat suitability mappings, the distance from dense human habitation 

and settlements could hold vital clues to the past inventory of wildlife sightings in the past for the 

region under investigation. On the other hand, the natural hazard susceptibility modeling, establishes 

the mapping between the inventory of past and historic locations in the region that witnessed the hazard 

event and the influencing or the conditioning factors that probably lead to or caused or prevented the 

hazard in its final unfolding. For example, in case of wildfire susceptibility zonations, the surface 
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temperature, vegetation density and distance from settlements, roads could help decipher active 

wildfires in the region. 

An automation of such mappings require mapping between the locations in the inventory and 

preexisting conditions on ground. The inventory in general, comprises of locations that had evidence 

of historic presence of resources (coal, natural gas, petroleum, water, etc.) or evidence of historic 

occurrence of hazard/disaster (such as floods, landslides, wildfires, etc.). Since the inventory and the 

associated factors are very much locatable in the space of earth's surface, these mappings have a spacial 

aspect inherent in them. Any analysis that considers the space to gain an overall perspective into 

cognizance is referred to as spatial analysis. The connotations and applications of the field of spatial 

analytics are varied such as: two dimensional plane of paper (x-ray, MRI etc), to the higher dimensional 

human body scans (brain imaging, ultrasounds, etc.) In the present context of environmental 

modelling, the space refers to the earth's surface, leading to the quintessential geospatial analysis [11]. 

Traditionally, the aforementioned studies analyzing the ground data of inventory and associated details 

required huge time and capital investments since the data needed to be identified, collected and 

gathered by means of laborious, time consuming and expensive field surveys. Also since these were 

manual tasks they would require long stretches of time spent in just data collection and hence, would 

also inevitably be prone to human errors [12]. Additionally, in the case of natural hazard mappings, the 

ground work was not just tricky but would sometimes prove to be unachievable since the areas under 

investigation would be under tremendous stress in the aftermath of disasters and associated tragedies 

(failed communication and connectivity) and could even be inaccessible thus preventing any field 

surveys. Mapping natural resources such as oil and natural gas can also be challenging due to their 

location in deep reservoirs under the earth's surface, making them inaccessible. However, the science 

of remote sensing has come to the rescue, as it allows capturing and accessing information without the 

need for physical presence at the region under investigation through satellites. 

2. Background and Dataset 

This section explains the recent research in geospatial data analysis, research gap identified from that 

analysis, and dataset details. 

Related Works 

The delineation of potential water zones is crucial for managing freshwater resources, especially in 

arid and semi-arid regions. A study focused on Saveh City in Iran utilized hybrid deep learning and 

machine learning algorithms, including boosted tree (BT), artificial neural network (ANN), and deep 

learning tree (DLT). Fourteen water potential conditioning factors were considered, and the models 

were validated using statistical analyses. The results demonstrated the effectiveness of the models, 

with the deep boost (DB) model exhibiting superior performance. Altitude, rainfall, distance to fault, 

and soil types emerged as critical factors for water potential modeling. The study recommends the use 

of the Deep Boost model for its superior results in water potential mapping [13]. 

The increased demand for freshwater resources due to population growth necessitates optimal 

management of water storage. A study in the Gandheswari River Basin in India employed Analytical 

Hierarchy Process (AHP), Frequency Ratio (FR), and machine learning techniques (Random Forest 

and Naïve Bayes) to delineate water potential zones. Twelve influencing factors were considered, and 
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the models accurately identified five water potential zones. Geomorphology, slope, rainfall, and 

elevation were identified as crucial factors influencing water potential. The study's results, evaluated 

using various metrics, highlight the effectiveness of machine learning techniques coupled with AHP 

and FR for delineating regional water potential areas [14]. 

In regions like Quetta Valley in Pakistan, where water potential zoning is lacking, this study used six 

machine learning algorithms to evaluate 16 water drive factors. The models, including artificial neural 

networks (ANN), random forest (RF), and extreme gradient boosting (XGBoost), were trained and 

validated, with XGBoost, RF, and ANN showing high accuracy. The study emphasizes the importance 

of water potential for sustainable growth and recommends machine learning algorithms for accurate 

water productivity potential (GWPP) mapping. The results contribute to water management by 

providing a basis for locating new water wells in rocky terrain [15]. 

Water level forecasting is vital for effective water resource planning and management. A 

comprehensive review article spanning from 2008 to 2020 discusses the state-of-the-art machine 

learning models employed for water level (GWL) modeling. The review covers various ML models, 

data spans, input/output parameters, and performance criteria. It identifies milestones achieved in 

GWL prediction and provides recommendations for future research directions to enhance accuracy. 

The article serves as a valuable resource for scientists and practitioners in hydrology and water 

resource management [16]. 

Quantifying water recharge is essential for sustainable water resource management. A study on 

creating a high-resolution dataset for all of Europe utilized machine learning, including the Random 

Forest regressor, to map water recharge coefficients. The approach involved merging satellite-derived 

actual evapotranspiration and a machine learning model for estimating recharge coefficients. The 

resulting water recharge map provides harmonized high-resolution estimates across Europe, offering 

valuable information for sustainable water management. The study's dataset is available through the 

EuroGeoSurveys' open access European Geological Data Infrastructure (EGDI) [17]. 

Water potential (GWP) identification is crucial for sustainable development in arid oasis areas. A study 

applied ten algorithms, including shallow and hybrid models, to map GWP. The models, such as 

multilayer perceptron, decision tree, and gradient boosting, were evaluated based on sensitivity, 

specificity, and receiver operating characteristic (ROC)-area under curve (AUC) analysis. The study 

highlights the significance of the applied algorithms in decision support for sustainable development 

in oasis areas [18]. 

These studies collectively emphasize the importance of advanced geospatial and machine learning 

techniques in understanding, managing, and sustaining water resources in the face of climate change 

and increasing water demand. Leveraging these innovative approaches is crucial for informed 

decision-making and effective water resource management in diverse geographical contexts. 

Research Gap 

While significant progress has been made in the areas of machine learning, mathematical modelling, 

and geospatial data analysis for water level prediction, a number of research gaps still exist. Among 

these are the following: a lack of cross-disciplinary collaboration; a lack of rigorous validation 

processes; an inadequate consideration of spatial and temporal dynamics on a larger scale; an absence 
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of standardised methodologies for model evaluation; a research gap in the exploration of diverse 

ensemble methods; an inadequate attention to model explainability and uncertainty; and a need for 

real-world application of developed models. Closing these gaps will improve water level prediction 

models' practicality, accuracy, and dependability, which will ultimately lead to more sustainable and 

successful water resource management in the face of environmental change. 

Dataset Details 

The EuroSat dataset is a widely used benchmark in the field of remote sensing and machine learning, 

specifically designed for land use and land cover classification using satellite imagery. Comprising 

27,000 labeled Sentinel-2 satellite images, the dataset covers 13 different land use and land cover 

classes across Europe. These classes encompass diverse landscapes, including urban areas, farmland, 

forests, and water bodies. Researchers and data scientists leverage the EuroSat dataset to train and 

evaluate machine learning models, aiming to develop algorithms capable of automatically discerning 

and categorizing various land cover types from high-resolution satellite imagery. The dataset plays a 

crucial role in advancing the capabilities of algorithms for accurate land cover classification, which is 

essential for applications such as environmental monitoring, urban planning, and resource management 

[19]. The sample input image is given in Figure 1. 
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Figure 1. Images used in Water Mapping 

3. Methodology 

Combining the advantages of several algorithms, including Principal Component Analysis (PCA), 

Genetic Algorithm (GA), Gradient Boosted Decision Trees (GBDT), Frequency Ratio (FR), Deep 

Neural Network (DNN) and Shannon's Entropy (SE), is necessary to map water prospective areas 

using a data-driven ensemble model. In the context of water mapping for environmental sustainability, 

a comprehensive ensemble model is devised by amalgamating the capabilities of Principal Component 

Analysis (PCA), Genetic Algorithm (GA), Gradient Boosted Decision Trees (GBDT), Frequency Ratio 

(FR), Deep Neural Network (DNN), and Shannon's Entropy (SE). This ensemble approach aims to 



Communications on Applied Nonlinear Analysis 

ISSN: 1074-133X 

Vol 31 No. 6s (2024) 

 

273 
https://internationalpubls.com 

 

harness the unique strengths of each algorithm to provide a more accurate and robust prediction of 

water potential. Shannon's Entropy is employed to gauge the uniformity of water potential across 

influencing factors, and frequency ratios are calculated for each class within these factors. These ratios, 

emphasizing the correlation between water locations and influencing factor values, contribute to the 

generation of a water potential map.  

Deep Neural Network (DNN) forms a complex mathematical model, capturing intricate patterns in the 

data and enhancing the ensemble's predictive capabilities. Principal Component Analysis (PCA) 

transforms the dataset into uncorrelated eigenvectors, reducing dimensionality and aiding in efficient 

data handling. Gradient Boosted Decision Trees (GBDT) sequentially combines weak learners to 

construct a robust predictive model that captures intricate relationships within the dataset. Genetic 

Algorithm (GA) optimizes attribute weights obtained through PCA, ensuring an effective training 

process. By integrating these algorithms, the ensemble model presents a holistic and effective solution 

for mapping water prospective areas, contributing valuable insights to sustainable water resource 

management. The ensemble model-based water mapping is given as, 

Shannon's Entropy (SE) 

Stephan Boltzmann presented the idea of an entropy index to associate with the thermodynamic 

position of a model. It averages the gaps between the proportions for a sub-class to that of the whole 

state and hence used like a measure for the quantification of uniformity, for an evenly and equivalent 

distribution of classes into divisions. In the context of this case study, the associated theory's concepts 

are being applied to identify the impact of each influencing factor on the location water potential. 

Firstly, the frequency ratios were computed for all classes in each of the influencing factor's domains 

as defined in Equation 1. These ratios establish the individual and independent probability distribution 

for each of the influencing factors with the underlying assumption of the influencing factors having 

negligible cross effect on each other significance of water potential. 

𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 𝑟𝑎𝑡𝑖𝑜(ℵ) = (
𝑝

𝑞⁄

𝑢
𝑣⁄
)---------(1) 

For a particular influencing factor, refers to the number of water locations or positive labeled records 

in the specifically chosen class. while q represents the total water locations (positive class records). 

On the denominator, the quantity 𝑢 refers to the area coverage of the specifically chosen class for the 

same influencing factor in unit of pixels, while refers to the area coverage of the entire study area also 

expressed in number of pixels. The formula thus delivers the frequency ratio values for the specifically 

chosen sub-class of the same attribute. For all of the considered influencing factors, the information 

coefficient that represents their respective significance as a numeric quantity has been calculated using 

the set of equations from Equation 2 to 7. 

𝜑𝑖𝑗 =
ℵ

∑
𝑗=1
𝑀𝑗

ℵ
---------(2) 

𝜀𝑗 = − ∑ 𝜑𝑖𝑗𝑙𝑜𝑔2𝜑𝑖𝑗, 𝑗 = 1, … , 𝑛
𝑀𝑗
𝑖=1 ---------(3) 

𝜀𝑗  𝑚𝑎𝑥 = 𝑙𝑜𝑔2𝑀𝑗---------(4) 
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𝛼𝑗 = (
𝜀𝑗  𝑚𝑎𝑥−𝜀𝑗

𝜀𝑗   𝑚𝑎𝑥
)---------(5) 

𝜔𝑗 = 𝛼𝑗ℵ𝑎𝑣𝑔---------(6) 

ℵ𝑎𝑣𝑔 =
1

𝑀𝑗
∑ ℵ

𝑀𝑗

𝑗=1
---------(7) 

For a given influencing factor the number of classes the domain divides into is represented by 𝑚𝑗, with 

the probability density being referred to by 𝜑𝑖𝑗 . Additionally, the entropy values are represented by 𝜀𝑗 

and 𝜀𝑗 𝑚𝑎𝑥 and the information coefficient is represented by 𝛼𝑗 , while the mean of FR values of all 

subclasses within an attribute is referred to as ℵ𝑎𝑣𝑔
. Ultimately, the quantitative contribution of each 

factor on the resultant potential is referred to by 𝜔𝑗 . 

Frequency Ratio (FR) 

In order to calculate the frequency ratios, the attributes are first divided into classes and for each class 

the frequency (number of) of the positive data/locations with class water are computed. The probability 

of occurrence of the water the class thus becomes the frequency ration of the attribute in that class. 

Thus, frequency ratio emphasizes the correlation that exists between the point location with class\label 

of water and the value of the water influencing factors for the same points. The frequency ratio for the 

cth class (cmin, cmax) of the ith influencing factor (Fi), where ( 1 ≤ 𝑖 ≤ 𝑁 (N is the total count of factors)) 

is estimated as follows in Equation 8. 

𝐹𝑅𝑐
𝑖 =

(
 𝑁𝑜.𝑜𝑓 𝐺𝑊 𝑝𝑖𝑥𝑒𝑙𝑠 𝑤𝑖𝑡ℎ 𝑣𝑎𝑙𝑢𝑒 𝑓(𝐹𝑖)𝜖𝑐 𝑖,𝑒,(𝑐𝑚𝑖𝑛≤𝑓(𝐹𝑖)≤𝑐𝑚𝑎𝑥

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑖𝑥𝑐𝑒𝑙𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑠𝑡𝑢𝑑𝑦 𝑎𝑟𝑒𝑎
)

(
𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑓𝑟 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠 𝑤𝑖𝑡ℎ 𝑣𝑎𝑙𝑢𝑒 𝑓(𝐹𝑖)∈𝑐 𝑖,𝑒,(𝑐𝑚𝑖𝑛≤𝑓(𝐹𝑖)≤𝑐𝑚𝑎𝑥

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑠𝑡𝑢𝑑𝑦 𝑎𝑟𝑒𝑎
)
---------(8) 

To generate the regions water potential map the frequency ratios for all the influencing factors are 

summed as described in Equation 9. 

𝐺𝑊 𝑝𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙𝐹𝑅 = ∑ 𝐹𝑅𝑖𝑁
𝑖=1 ---------(9) 

Deep Neural Network (DNN) 

A deep neural network is a complex mathematical model composed of layers of interconnected nodes. 

For a simple fully connected layer, it is given by: 

𝑎𝑖 = 𝜎(∑ 𝑤𝑖𝑗 ∙ 𝑥𝑖
𝑁
𝑗=1 + 𝑏𝑖)---------(10) 

where 𝑎𝑖 is the output of node 𝑖, 𝑤𝑖𝑗 is the weight connecting node j to node 𝑖, 𝑥𝑖  is the input from node 

𝑗, 𝑏𝑖 is the bias of node i and 𝜎 is the activation function. 

Principal Component Analysis (PCA) 

An un-correlated feature set of eigenvectors also called principal components or eigenvectors is 

obtained through an orthogonal projective transformation of the original dataset. This reduces the size 

of the dataset with the transformed un-correlated dataset having fewer dimensions than the original. 

This is achieved by having the variance among original features be captured maximally in the newer 

feature set, with the first eigenvector having the highest variance followed by the second eigenvector 

which has the second highest variance and so on and so forth. Also, the eigenvectors are orthogonal, 
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leading to them being un-correlated. Graphically, it can visualized as the original dataset being 

orthogonally projected from a higher dimension space to a lower dimension space, with the aim to 

maximally capture the variance in the data. The dataset is described as 

{(𝑋1 = ([𝑥1
1, 𝑥2

1, 𝑥3
1, … … … , 𝑥𝑁

1 ], 𝑦1)), (𝑋2 = ([𝑥1
2, 𝑥2

2, 𝑥3
2, … … … , 𝑥𝑁

2 ], 𝑦2), … … , (𝑋𝑀 =

([𝑥1
𝑀, 𝑥2

𝑀, 𝑥3
𝑀 , … … … , 𝑥𝑁

𝑀], 𝑦𝑀)))}---------(11) 

where N being the count of attributes and the count of records are represented by M. 

W={w1,w2,w3,…..,wN} denotes the principal component for all N attributes. The projected dataset 

forecast is represented by {(Z1=WTx1,y1), (Z2=WTx2,y2),……, (Zi=WTxi,yi),……, (ZM=WTxM,yM)} 

where WT indicates the Ws transpose. The datasets mean is transformed to 𝑧̅ =
1

𝑀
∑ 𝑧𝑖𝑀

𝑖=1  which is 

equivalent to 𝑧 =
1

𝑀
𝑊𝑇 ∑ 𝑋𝑖𝑀

𝑖=1  after the orthogonal projection. This can be written as 𝑧̅ =
1

𝑀
𝑊𝑇𝑋̅. 

Hence the mean of the probable data is 𝑧̅ =
1

𝑀
𝑊𝑇𝑋̅ and the variance of the projected data is 𝑣 =

1

𝑀
∑ {𝑊𝑇𝑥𝑖 − 𝑊𝑇𝑥̅}

2𝑀
𝑖=1 . Through singular value decomposition we get Equation 12. 

𝑣 =
1

𝑀
∑ {𝑊𝑇𝑥𝑖 − 𝑊𝑇𝑥̅}

2𝑀
𝑖=1 = 𝑊𝑇𝑆𝑊---------(12) 

where S is the covariance matrix determined as in Equation 13. 

𝑆 =
1

𝑀
∑ (𝑋𝑖 − 𝑋̅)(𝑋𝑖 − 𝑋̅)

𝑇𝑀
𝑖=1 ---------(13) 

Maximizing the variance among the projected data, denoted as 𝑊𝑇𝑆, in relation to W is the objective. 

To prevent the potential issue of 𝑊 →∝ resulting from this maximization, the normalization condition 

𝑊𝑇𝑊 = 1 is introduced. This normalization condition facilitates an unconstrained maximization, as 

indicated in Equation 14 (with λ serving as the Lagrange multiplier). 

max
𝑤

{𝑊𝑇𝑆𝑊 + 𝜆(1 − 𝑊𝑇𝑊)}---------(14) 

Upon obtaining the expression in Equation 14, the derivation with respect to W and subsequent setting 

to zero leads to SW=λW. This signifies that W acts as an eigenvector for the covariance S, with λ 

representing the corresponding eigenvalue. 

Gradient Boosted Decision Trees (GBDT) 

Gradient Boosted Decision Trees (GBDT) is an ensemble learning algorithm that builds a strong 

predictive model by sequentially combining weak learners, typically shallow decision trees. The 

algorithm minimizes a specified loss function by adjusting the model predictions in the direction 

opposite to the gradient of the loss. The training dataset 𝐷 = {(𝑥𝑖, 𝑦𝑖)}𝑖=1
𝑁  consists of feature vectors 

xi and corresponding target variables yi. GBDT employs M weak learners hm(x) in the ensemble, with 

m as the iteration index. The overall model prediction is a weighted sum of the weak learners in 

Equation 15. 

𝐹𝑀(𝑥) = ∑ 𝛼𝑚ℎ𝑚
𝑀
𝑚=1 (𝑥) ---------(15) 
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The training process starts with an initial model prediction F0(x), often set as the mean of the target 

variable. For each iteration m, the algorithm fits a weak learner hm(x) to the negative gradient of the 

loss function in Equation 16. 

ℎ𝑚(𝑥) = arg min
ℎ

∑ 𝐿(𝑦𝑖, 𝐹𝑚−1(𝑥𝑖) + ℎ(𝑥𝑖)𝑁
𝑖=1 ---------(16) 

The weight αm for the weak learner is determined based on a line search or other optimization 

techniques. The overall model prediction is updated as follows in Equation 17. 

𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥) + 𝛼𝑚ℎ𝑚(𝑥) ---------(17) 

GBDT minimizes a specified loss function, typically Mean Squared Error (MSE) in Equation 18. 

𝐿(𝑦𝑖, 𝐹(𝑥𝑖)) = [𝑦𝑖log(𝑝𝑖) + (1 − 𝑦𝑖)log(1 − 𝑝𝑖)]---------(18) 

where pi is the predicted probability. 

Regularization techniques include shrinkage (ν) to control the contribution of each weak learner in 

Equation 19. 

𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥) + 𝜈𝛼𝑚ℎ𝑚(𝑥) ---------(19) 

The final model prediction after M iterations is given in Equation 20. 

𝐹𝑀(𝑥) = ∑ 𝜈𝛼𝑚ℎ𝑚(𝑥)𝑀
𝑚=1 ---------(20) 

Feature importance is assessed based on the gain or improvement in the loss function brought about 

by each feature during training. Regularization techniques and hyperparameter tuning play crucial 

roles in achieving optimal performance. 

Genetic Algorithm (GA) 

The initial weight assignment for the attributes on the basis of train data is done through principal 

component analysis. For training the model, the dataset is trimmed as per the weights. So for the 1st 

round of training, only those attributes are retained for training the model whose assigned weights 

were greater than 0.5. Hence the chromosome signifying this weighing is generated with 0s and 1s, 

where 1 represents the inclusion of the respective attribute for training as the associated weight 

generated in the specific iteration was greater than the threshold limit of 0.5. Hence, the model is 

trained with the weighted chromosomes. The gradient boosted decision tree model was trained using 

a 10-fold crossvalidation approach, and the accuracy performance metric was utilized to define the 

fitness of the chromosome. At the conclusion of each iteration, termination conditions were examined. 

The training was stopped if either the objective function converged or a fixed number of iterations 

were completed. The training is identified to have converged if a majority of chromosome in the 

population has reached similar levels of fitness indicating deduction of an optimal set of features thus 

justifying halting the iterations.  

Since convergence criteria may never be met, an upper limit on the number of iterations is placed such 

as 50 iterations. However, if the convergence does happen before the completion of the requisite 

number of iterations, the training is preemptively halted. If neither the convergence was achieved nor 

the number of iteration exceeded the upper limit, then in that case, the next chromosome population is 
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generated via the processes of mutation, cross over and tournament selection over the previous 

populations. For this purpose, a subset population that is one-fourth the size of the original population 

is created from the initial population. The chromosomes within this subset population are compared to 

each other through various fitness comparisons tournaments, and the victor of each tournament is 

chosen. Selection and de-selection of the certain features randomly is referred to as mutation while an 

interchange among the features from 2 chromosomes is called crossover. Its through three procedures 

that a new population of chromosomes is generated. The termination criteria are checked after every 

iteration for the training to be halted. 

4. Result and Discussion 

The performance evaluation of the water mapping ensemble model involves assessing its predictive 

accuracy and effectiveness through a set of key metrics. Accuracy, Precision, and recall are 

fundamental performance metrics used to assess the effectiveness of predictive models across various 

domains. In the context of water mapping, accuracy, precision, and recall play pivotal roles in assessing 

the effectiveness of predictive models. Accuracy serves as a comprehensive metric, quantifying the 

correctness of predictions by determining the ratio of accurately predicted instances to the total 

instances. While accuracy provides a holistic view of a model's performance, its reliability diminishes 

in imbalanced datasets, where one class dominates the distribution.  

Precision, however, takes a more focused approach, concentrating on the accuracy of positive 

predictions. For water mapping, precision is critical in situations where false positives, indicating the 

presence of water potential, can have significant consequences, influencing decisions related to 

resource management or environmental planning. Recall, or the true positive rate, gauges the model's 

capacity to identify all relevant instances of water potential. Calculated as the ratio of true positives to 

the sum of true positives and false negatives, recall becomes crucial in scenarios where missing 

positive instances, such as accurately identifying areas with water potential, bears a high cost. This is 

particularly important in applications like water resource management and environmental 

sustainability, where accurate identification of potential water areas is paramount for effective 

decision-making.  

Table 1. Performance Comparison of Accuracy, Precision, and Recall 

 Algorithm 100 200 300 400 500 

 

Accuracy 

ANN 96.5 97 97.5 97.8 98 

RF 95.2 96 96.5 97 97.5 

XGBoost 93.8 94.5 95 95.5 96 

EnsembleML 97 97.5 98.1 98.3 98.5 

 

Precision 

ANN 82 83.5 84 85 86 

RF 85.5 86 87 88 89 

XGBoost 88 88.5 89 89.5 90 

EnsembleML 84 86 89 90 90.4 

 

Recall 

ANN 88 88.5 89 89.5 90 

RF 87.2 87.5 88 88.5 89 

XGBoost 89 89.2 89.5 89.8 90 
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EnsembleML 89 89.7 90.98 91.21 92 

 

 

Figure 2. Comparison of Accuracy 

 

Figure 3. Comparison of Precision 

 

Figure 4. Comparison of Recall 

The performance metrics for Accuracy, Precision, and Recall across different algorithms—Artificial 

Neural Network (ANN), Random Forest (RF), XGBoost, and EnsembleML—reveal insightful trends. 

The ANN displays a consistent increase in accuracy, ranging from 96.5% to 98%, showcasing its robust 

learning capabilities. Random Forest demonstrates steady accuracy improvement, reaching 97.5%, 

while XGBoost exhibits similar positive trends, achieving up to 96% accuracy. Notably, EnsembleML 

outperforms its counterparts, achieving the highest accuracy at 98.5%, underscoring the efficacy of 

ensemble methods. Precision, reflecting the ability to identify positive instances correctly, shows 

improvement across thresholds for all algorithms. EnsembleML excels in Precision, reaching 90.4%, 

reinforcing the advantage of combining diverse models. In terms of Recall, the ANN, RF, and XGBoost 

exhibit incremental improvements, with EnsembleML consistently leading and achieving a peak 

Recall of 92%. In summary, EnsembleML emerges as the top-performing algorithm, showcasing 

superior Accuracy, Precision, and Recall, reaffirming the effectiveness of ensemble approaches in 

comprehensive and high-performance model development. 



Communications on Applied Nonlinear Analysis 

ISSN: 1074-133X 

Vol 31 No. 6s (2024) 

 

279 
https://internationalpubls.com 

 

5. Conclusion 

This research work presents an advanced ensemble machine learning (ML) approach, EnsembleML, 

for water mapping, showcasing its remarkable accuracy, Precision, and recall rates of 98.5%, 90.4%, 

and 92%, respectively. The research addresses a significant research gap by combining diverse ML 

algorithms, providing a comprehensive and effective solution for predicting water levels. The 

advantage of EnsembleML over individual algorithms underscores the efficacy of ensemble techniques 

in handling the complex relationships within geospatial datasets. Future enhancements could involve 

refining the ensemble model by incorporating additional influencing factors, exploring new ensemble 

methods, and incorporating real-time data for improved predictions. Cross-disciplinary collaborations 

and standardized methodologies should be prioritized to further enhance the practicality and reliability 

of water level prediction models. Additionally, focusing on model explainability and uncertainty 

analysis will contribute to these models' broader acceptance and application in real-world scenarios, 

ensuring sustainable water resource management in the face of evolving environmental dynamics. 
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