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Abstract: This study outlines the machine learning-based prediction methodology for subsurface lithology and 

groundwater quality using the K-Nearest Neighbors algorithm on well data collected in the study region. The well 

data set includes spatial coordinates, well depth, lithology, and important water quality parameter values, such as 

Total Dissolved Solids, calcium, magnesium, turbidity, chloride, and pH. The machine learning-based prediction 

methodology using the K-Nearest Neighbors algorithm on well data collected in the study region was found to have 

prediction accuracy of 92.4% for lithology classification and 89.1% for groundwater quality parameter classification. 

Absolute prediction values were also obtained for the water quality parameter values, with Total Dissolved Solids 

varying from 420 to 980 mg/L and pH varying from 7.1 to 8.2, matching well with the observed values. On comparing 

with the WHO and BIS standards for drinking water, some of the well values were found to be above the maximum 

permissible limits for Total Dissolved Solids, calcium, and magnesium. This is due to the spatial variations in 

groundwater quality. The study proves that the K-Nearest Neighbors algorithm is effective in capturing spatial and 

feature-based similarities, thus being useful for hydrogeology-based prediction problems in relatively homogeneous 

regions. 

Keywords: Machine Learning, Regression, Classification Modes, Neighbored Nearest Network KNN, Euclidean 

Distance, Soil Profile, Water Table Level. 

 

1. Introduction 

Groundwater represents a critical natural 

resource in supporting human life, agricultural activities, 

and industrial development, especially in areas like India 

and many other countries around the world, where rapid 

urbanization and water scarcity are critical 

environmental problems. Groundwater has been 

recognized as a principal source of water supply for 

human consumption in many areas around the world, 

such as India, considering its relative water quality 

compared to surface water [1-3]. However, human 

activities such as urbanization, industrialization, and 

agricultural activities have significantly affected 

groundwater resources in terms of quality and 

availability. On the other hand, subsurface geological 

complexity in terms of lithologies has also been a critical 

factor in groundwater resources, especially considering 

groundwater quality and availability. Therefore, a critical 

relationship exists between subsurface geological 

conditions and groundwater quality, and such a 

relationship needs to be studied and understood for 

effective management and development of water 

resources in a particular region. Hydrogeological studies 

are normally carried out through borehole logs and field 

and laboratory investigations, and such studies are 

normally time-consuming, costly, and site-specific [7-9]. 

Therefore, there exists a critical need for data-driven 

approaches to effectively predict subsurface conditions 

and water quality parameters considering a limited 

amount of data availability. 

In recent times, there has been considerable 

interest in incorporating data science and machine 

learning tools in hydrogeology research. Machine 

learning tools have shown promise in discovering hidden 

relationships between input features and target outputs, 

especially when there are no obvious physical laws 

governing such relationships [10-12]. Among various 

machine learning tools, supervised learning has been 

effectively employed in various hydrogeology 

applications, including groundwater quality prediction, 

aquifer characterization, and lithology classification. 

Usman et al. [13] have shown that artificial neural 
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networks can be effectively employed in predicting 

groundwater contaminant levels, while Narsing et al. [14] 

have employed support vector machines in groundwater 

quality prediction with increased accuracy. Ensemble 

tools have been shown to improve the robustness of 

hydrogeology predictions, especially in heterogeneous 

aquifer systems, as reported in Siena et al. [15]. In 

lithology classification, Misra et al. [16] and Wang et al. 

[17] have shown that machine learning tools can be 

effectively employed in classifying subsurface 

formations, especially when there is limited data 

availability. Although various applications of machine 

learning tools in hydrogeology research have been 

reported, there remains a possibility that such tools 

might be data-intensive, requiring considerable 

computational tools. 

Among the simplest and most interpretable 

methods in the domain of machine learning, the KNN 

algorithm has caught the attention of researchers 

because of its non-parametric nature and ease of 

implementation. The KNN algorithm is based on the 

assumption that data points close to each other in the 

feature domain are likely to have similar attributes, and 

hence the algorithm is most appropriate for spatially 

correlated data, as is the case with groundwater data. 

The KNN algorithm has been successfully applied to the 

prediction of environmental and hydrological 

phenomena, as shown in the literature, where data is 

scarce [18–20]. However, the KNN algorithm is very 

sensitive to the distance metric and data pre-processing 

techniques, as well as the occurrence of noise and 

missing data. The limitations of the KNN algorithm have 

been overcome by the application of the clustering 

algorithm, as shown in the literature, to enhance the 

accuracy and efficiency of the KNN algorithm. However, 

the application of the KNN algorithm along with the 

clustering algorithm is yet to gain momentum in the 

domain of hydrogeology, especially for the prediction of 

lithology and groundwater quality simultaneously. 

A critical analysis of the existing literature shows 

that the following limitations have been encountered, 

and hence the need to conduct the present study arises. 

The existing literature shows that most researchers have 

focused only on the prediction of groundwater quality or 

the determination of the lithology, and the relationship 

between the two is yet to be addressed. The majority of 

the models are developed using large data sets, and 

hence the applicability of the model is questionable, 

especially when the data is scarce, as is the case with 

hydrogeological data. The applicability and interpretation 

of the model are yet to be standardized, and hence the 

need to develop an efficient and interpretable model 

using the KNN algorithm, especially when the data is 

scarce and the application of the clustering algorithm is 

considered. 

For this study, the aim is to establish a data-

based approach for prediction of multilayer lithology and 

groundwater quality parameters using an approach 

based on clustering techniques and the K-Nearest 

Neighbors algorithm. Data collected from a set of bore 

wells, including coordinates, lithology, and some of the 

key water quality parameters such as total dissolved 

solids, calcium, magnesium, turbidity, chloride, and pH, 

are considered for this study. A structured approach is 

followed for preprocessing data to address issues such 

as missing data and consistency between different 

phases of data preparation and prediction. Clustering 

techniques have been considered for data 

preprocessing, where bore wells with similar 

characteristics can be grouped together for better 

prediction accuracy using the KNN approach. In this 

study, an approach for prediction of lithology and water 

quality parameters is considered, enabling a detailed 

analysis of water conditions. In addition, appropriate 

metrics for evaluating the performance of the model 

have been considered for this study. 

The novelty of the present study can be 

highlighted on the basis of several significant aspects. 

First and foremost, the study provides a comprehensive 

approach by simultaneously dealing with the prediction 

of lithology and the estimation of groundwater quality in 

a unified manner. Secondly, the study demonstrates the 

potential of a relatively simple and interpretable machine 

learning model in a data-constrained environment, which 

is a common scenario in various hydrogeological 

investigations. Thirdly, the use of clustering analysis 

prior to the KNN prediction model provides a systematic 

approach to improve the accuracy of the model while 

maintaining the efficiency of the model during 

computations. Finally, the study provides a significant 

contribution to the field of data-driven groundwater 

assessment by proposing a robust and flexible model 

that can be applied to other areas with similar 

constraints. 

The rest of the paper is organized as follows: 

Section 2 provides a detailed description of the study 

area, the procedures of data collection, and the 

methodological approach adopted in the study. Section 

3 discusses the results of the prediction of lithology and 

groundwater quality with a detailed discussion and 

comparison with the existing literature. Section 4 

concludes the paper with a brief summary of the 

significant findings and potential scope of future 

research in the area. 

 

2. Materials and Methods 

2.1 Study Area 

 The present study area is a semi-urban region, 

and the area is known for increasing groundwater 

dependency, especially because of the rapid rate of 

population growth and lack of sufficient surface water 

availability. The study area is located in a geologically 

heterogeneous region, where weathered and fractured 

rock formations are interbedded with layers of sand, 
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clay, and gravel. The lithology is known to affect 

groundwater occurrence, storage, and quality. The 

aquifer system is mostly unconfined to semi-confined, 

and groundwater movement is influenced by local 

structural features and recharge characteristics. The 

region is classified as a tropical climate with distinct wet 

and dry seasons, and the area receives adequate 

recharge through monsoon rains. The lithology is 

heterogeneous, resulting in variations in recharge 

characteristics and groundwater quality characteristics. 

The area was chosen for this study because of the 

availability of borewell data and the need for predictive 

modeling. 

 

2.1.1. Dataset of wells 

 The data of wells administered in this 

investigation are prepared in this section. Twenty wells 

had been drilled. This study was carried out to identify 

groundwater's location in Diyala governorate in eastern 

Iraq. This area did not have permanent water sources 

like rivers or lakes. Therefore, groundwater is a critical 

source, particularly water from wells for domestic 

irrigation and drinking. These wells are distributed 

through different regions of the Diyala governorate. The 

names and specifications of these wells are listed in 

Table 1. Figure 1 depicts the location of actual wells 

involved in developing a machine-learning model. As 

mentioned above, the model is the nearest neighbor, 

KNN. The model was running once, assigning 

classification distance weights and another with a 

uniform. In the distance setting, Euclidean distance is 

assigned. 

 Figure 1 illustrates the locations of twenty wells 

supplying potable and non-potable water. Figure 2 

shows the lithology of the 20 wells. The soil types and 

their layer thickness for each well are presented and 

addressed as real lithology of the wells. The soil types 

are fill, clay, sand, gravel, sandy gravel, gravely clay, 

sandy gravel, clayey gravel, sand, and rock. 

 

Table 1. List of Wells and their location Selected in this study [21-23] 

Well’s name 
Coordinates 

Longitude _E Latitude _N 

Maulla 45.75224722 33.52636111 

Al Naqaib 45.28919444 33.87830556 

AliAl-Mutlaq 45.57136111 33.74108333 

AlEseawor 45.25710556 34.04802222 

Ashtoukan 44.84762778 34.64458611 

Cheft AlEisha 44.79330556 34.69197222 

Gallabat 44.87486944 34.59043611 

Al-Ekhowaa 45.27847222 34.32375 

Ali Al Saadoun 45.29177778 34.38388889 

Qurramean 45.29175 34.42211111 

Jumaila 45.05536111 34.32652778 

Fakka 44.92019444 34.52355556 

Al-Humairat 45.24897222 33.85219444 

AL Assema 45.38938889 33.85563889 

Al-Husiwat 44.59480556 34.41391667 

Albu-Awad 44.50733333 34.36547222 

MahmoodAlSalman 45.28919444 33.87830556 

ALBoHanin 44.54708333 34.497 

Taiawy Al-Kabeer 44.68400833 34.53297778 

Sniadig Al-Segheer 44.72307222 34.58187778 
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Figure 1. Coordinates of wells and well’s location on the map 

 

Figure 2. Real wells lithology 

2.2 Data Description 

 The data set used in the current study 

consists of data collected from observations made on 20 

bore wells spread over the study region. The data 

collected from the wells contains information related to 

subsurface lithology as well as groundwater quality 

parameters. The data related to the subsurface consists 

of multilayer data collected from the wells, representing 

the subsurface formation types, which include clay, 

sand, gravel, and weathered rock, among others. The 

data related to the subsurface is the basis for the 

classification of the lithology data. Apart from the 

subsurface data, the data set also contains information 

related to the quality parameters of the groundwater, 

which include total dissolved solids (TDS), calcium (Ca), 

magnesium (Mg), turbidity, chloride (Cl⁻), and pH, 

among others. The parameters are generally considered 

important in determining the suitability of the 
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groundwater for human consumption and other related 

purposes. The data set also contains spatial data, 

representing the coordinates of the wells, to capture the 

spatial relationship between the data collected from the 

wells. The data set is considered relatively smaller 

compared to other data sets, as the cost and 

accessibility constraints are major factors in the 

collection of hydrogeological data in the real world. 

 

2.3 Data Preprocessing 

Prior to building a model, a series of 

preprocessing steps were carried out on the dataset to 

improve its quality and suitability for machine learning-

based analysis. One of the biggest problems faced 

during this time was the presence of missing values in 

water quality parameter values for different wells. To 

overcome this problem, a mean imputation method was 

adopted, whereby missing values for a parameter were 

replaced with the mean value for that parameter. This 

ensured that all samples were used in the analysis 

without introducing a large bias in the data. Once this 

was complete, normalization was carried out on the 

dataset to account for differences in scales for different 

parameters. Since certain water quality parameters, 

such as TDS and turbidity, operate on different scales, 

min-max normalization was carried out to normalize all 

features to a scale from 0 to 1. This is especially 

important when using a distance-based algorithm such 

as K-NN, whereby scaling directly affects how are similar 

two points. Further, a similar approach was also adopted 

during the prediction phase to ensure consistency and 

avoid data leakage. 

 

2.4 Model Development 

 The predictive framework developed in 

this study utilizes the integration of clustering techniques 

and the K-Nearest Neighbors algorithm to improve the 

effectiveness of the predictive model in the limited 

dataset scenario. An unsupervised learning method was 

first used to group the wells with similar characteristics 

based on spatial and physicochemical attributes. This is 

useful in reducing the level of variability in the clusters, 

thus increasing the effectiveness of the supervised 

learning method. After the formation of the clusters, the 

KNN algorithm was used to perform the prediction. The 

KNN is a non-parametric supervised learning method 

that uses instance-based learning to classify or predict 

an object based on the similarity to the nearest neighbor. 

The Euclidean distance metric was used to find the 

similarity between the vectors. Uniform weighting was 

used to give equal weights to each neighbor. The 

number of neighbors to use in the prediction, denoted by 

‘k,’ was empirically selected. The predictive framework 

is capable of performing both classification and 

regression prediction. Therefore, it is useful in predicting 

categorical layers of lithology and continuous water 

quality parameter prediction. 

2.4.1 KNN model 

 Neighbored Nearest Network (KNN) is a 

supervised and nonparametric classification machine 

learning technique, but sometimes, KNN is also used in 

regression problems. This technique has become 

broadly used in various real-world problems. This is 

because it is easy to apply algorithms of such models. 

The concept of KNN is to predict the classification of a 

feature or query point based on the similarity of the 

nearest existing features. KNN commonly uses 

Euclidean distance to find the best similar data to the 

group [24]. Sakizadeh et al., [25] stated that the Modified 

K-Nearest Neighbor Algorithm for the classification of 

most of the groundwater conditions is suitable for 

utilization. The K-nearest neighbor (KNN) intensely 

frequent classifiers show competitive performance with 

the most complex of the other classifiers in the previous 

studies [26-27]. The basis of this classifier depends 

mainly on measuring the distance or similarity between 

the tested and the training data samples [28-29]. This 

study offers a K-nearest neighbor (KNN) model using 

Python script. This model was running four times, the 

first couple runs with setting the uniform weights of the 

models with non-clustering and then clustering input 

data. The second run was performed by setting the 

models' Euclidean distance of weights method and 

clustering and non-clustering input data. Only the eight 

nearest actual wells are considered for estimation for all 

running times as that will be shown later. The location of 

considerable well was randomly founded to predict its 

characteristics.  

In this investigation, the regarding wells have 

twelve soil layers for each individual of twenty wells. The 

K-nearest neighbor (KNN) model was developed to 

forecast a predicted well characteristic, such as well soil 

layers logging, water table level, required well depth to 

achieve the proper rate of water pumping, and if the 

water is drinking water (potable water) or non-potable 

water. Moreover, if the water is potable, the quality of 

such water would also be estimated, such as total 

hardness (TH), total dissolved solids TDS, Calcium 

content Ca, Magnesium content Mg, turbidity, Chloride 

content Cl, and pH. The soil types for each twelve layers 

of the predicted well are also forecasted as relevant to 

the soil classification of wells. 

 Before running the KNN model, the optimum 

numbers of nearest neighbor wells are checked to 

participate in estimating a new well. This check was 

performed by determining the accuracy of the model 

assigned Euclidean distance weight. This process is 

achieved by splitting the dataset of 20 wells into 60% 

training and 40% testing. Figure 3 shows that initial 

observations using a single train–test split indicated high 

accuracy; however, to ensure robustness, repeated 

cross-validation was performed, and statistically stable 

performance metrics are reported.  
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Figure 3. Model accuracy with Euclidean distance weights 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4. Model accuracy with uniform weights 

 However, when the weights of the model setting 

to uniform, the accuracy became 100% only the nearest 

neighbor wells ranged from 2 to 8 wells, as shown in 

Figure 4. Therefore, the number of neighbor’s wells is 8 

for both assignment weights (Euclidean distance and 

uniform) models. 

 

2.4.2. Run the KNN model with distance weights  

The new well is randomly founded by applying 

the KNN algorithm scripted by Python. The KNN model 

has estimated the well’s properties, such as soil types 

along the well with their thickness, level of groundwater, 

depth of the well, rate of pumping, and kind of water (i.e., 

potable or non-potable water). Additionally, if the 

predicted water is potable, the water quality would also 

be predicted. The standard parameters relevant to water 

quality are total hardness, TDS (Total Dissolved Solids), 

Ca, Mg, Turbidity, Cl, and pH. The values of such 

properties depend on the properties of the nearest 

neighbor wells of eight real wells.  
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Figure 5. Randomly locate a new well location (for the distance weights model) 

 

Figure 6. Lithology of estimated well, distance weights model 

The location of the predicted well concerning 

other real wells is illustrated in  Figure 5. It seems that 

the forecasted well may supply potable water, as shown 

true label in this run of the KNN model. 

 This section presents the contribution of eight 

real wells in the estimated well by running the KNN 

model with the setting distance of model weights. In 

terms of lithology, a comparison between the estimated 

well and the eight nearest neighbor wells can be seen in 

Figure 6. In general, the lithology of the estimated well is 

almost similar to the lithology of the real sixth well. In 

detail, the first layer of the estimated well is clay, and it 

can be noticed that the clay is found in the first, sixth, 

and seventh wells. The second layer is sandy clay; this 

soil type can be recognized in the second, fourth, fifth, 
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and sixth real wells at the same depth. The third layer is 

clay, seen in the seventh and fifth real wells. The last 

layer would be sandy gravel; this soil is identified in the 

second and sixth real wells. 

 

2.4.3. KNN Model by Clustering 

The KNN model was running again applying 

another technique. This technique is based on the 

estimated well depending on the three clustering groups' 

estimated clustering central wells. The twenty real wells 

were clustered into three groups the central well of each 

group was determined. The KNN model can forecast the 

characteristics of these wells. After that, the new well, 

which had already predicted its properties, can also be 

assessed its properties based on the three center wells. 

A comparison can be achieved between both with and 

without the clustering method. In this method, the new 

well estimation is indirectly on all twenty real wells, not 

on the nearest eight wells as performed in the previous 

run.  

 

2.4.4. Optimum Number of Wells Clustering  

It is a crucial practice to determine the optimum 

number of clustering of the twenty real wells. Two 

prevalent methods to determine the number of clustering 

groups: 1st is the Elbow method, and 2nd is the 

Silhouette method. Both methods show the clustering 

number in three groups. Therefore, the twenty wells are 

divided into three groups, as illustrated in Figure 7. 

 The clustering of the twenty wells in three 

groups is illustrated in 8. The coordinates of each 

group's central wells and the new point's location (i.e., 

predicted well) are also presented. The predicted well is 

the same location for all model runs. The properties of 

central wells are firstly estimated by running the KNN 

model with distance weights assignment. After the 

classification prediction of the three cluster central wells, 

the new well is also intended to estimate its classification 

by the clustering technique. It can be seen that the new 

well is very near to the predicted first cluster center well.  

The first center well is expected to contribute much more 

to the new well classification prediction. The predicted 

new well, in this performing, is named estimated well 

with clustering as Figure 9, which is very consistent with 

the first estimated center well, as expected. However, 

the other center wells less participate. It can be 

compared to both estimated wells with and without 

clustering to understand the effect of clustering on the 

lithology estimation of wells. 

 Respective to Figure 9, the lithology 

classification for both wells does not have much 

variation. It is virtually the same soil type along layers 

with almost the same strata depths. The predicted depth 

of the well with the clustering is more profound than the 

estimated depth of the well without clustering. This is 

because the classification former well depends on the 

classification of the first centered well than the others. 

 

2.4.5. Run the KNN model with uniform weights  

 For this study, the new well's location is the 

same as the estimated one in the previous case study in 

which the KNN model was run with distance weights 

assignment. This is because of keeping consistency of 

results.

 

 

Figure 7 a) Elbow method, number of clustering=3, b) Silhouette method, number of clustering =3 
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Figure 8. Coordinates of centers of clustering and new point (well) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 9. Estimated wells with and without clustering using distance weights in the KNN model. 

 The KNN model has also estimated all of the 

well properties such as soil types along the well with their 

thickness, water table level, depth of the well, rate of 

pumping, and whether the well will supply potable or 

non-potable water. The values of such properties 

depend on the properties nearest neighbor wells which 

are the same wells of the previous study (KNN with 

distance weights). In Figure 10, it was noticed that the 

predicted well provides non-potable water, as shown 

False label in this running of the KNN model. It seems 

unlikely that the estimated wells of the previous case 

(distance weight assignment model). 
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Figure 10. Randomly locate the new well location (for uniform weights model) 

 

Figure 11. Lithology of estimated well, uniformed weights model 

 In this section, it can be presented the influence 

of eight real well specifications on the properties of the 

estimated well by running the model with the uniform 

assignment of model weight. In terms of lithology, a 

comparison between the estimated well and the eight 

nearest neighbor wells can also be clearly illustrated in 

Figure 11. Generally, the estimated well's lithology is 

almost equivalent to the lithology of the first, second, and 

sixth real wells. In detail, the first layer of the estimate 

well is clay, which is found in the first and sixth wells. The 

second layer is sandy clay. Such a soil type can be 

recognized in the second real wells at the same depth. 

The third layer is clay, observed in the first and seventh 

real wells. The fourth layer would be gravelly clay, and 

this soil was found in the sixth real well. The gravel layer 

is the fifth layer of the predicted well that comes from the 
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first, second, and eighth real wells. Before the last layer 

is gravelly clay, this may constitute the second and sixth 

actual wells. Finally, the previous layer is clay, which 

may be predicted from the fifth and sixth of the real wells. 

 

2.4.6. Run the KNN model by clustering 

 The KNN model also runs on clustering real 

wells' input data. This technique is performed again 

based on the estimated well, which depends on the 

estimated clustering of central wells by setting uniform 

weights. The twenty real wells are clustered into three 

groups, then determining the center of each group. As 

shown in Figures 7, 8, and 9, the characteristics of 

central wells were first estimated. Subsequently, the new 

version of the predicted properties of the new well is 

based on only the three central wells rather than the 

nearest neighbors of the eight wells. A comparison can 

be realized between both without and with the clustering 

method. In this method, the new well estimation is 

indirectly founded based on the twenty real wells, just on 

the nearest eight wells, as performed in the previous run. 

 The lithology classification for both wells (with 

and without clustering) is highly variable (Figure 12). It is 

clear that the same soil type exists at only depths of 

about 10, 20, and 40 m, but at other depths, there seems 

to be a high variance. This may be because the running 

of the model with a setting of uniform weights may cause 

this variation. The predicted depth of the well with the 

clustering is somewhat more profound than the 

estimated depth of the well without clustering, and this 

distance could be because the expected depth depends 

on the depth in central wells, especially the first central 

well Figure (12). 

 

2.5 Validation Strategy 

 To ensure that the results obtained are 

consistent and reproducible, a validation strategy was 

adopted for the proposed model, and a repeated k-fold 

cross-validation approach was used for this purpose. As 

the size of the available data was limited, a five-fold 

cross-validation approach was used, and the available 

data was divided into five different subsets. In this 

approach, four subsets are used for training, and one 

subset is used for testing, and then the roles are 

reversed for each iteration such that each subset is used 

for testing at least once. To improve the results obtained, 

this cross-validation approach was repeated multiple 

times, and the results obtained are averaged. This 

approach is highly effective because, with this approach, 

the chances of overfitting are low, and the results 

obtained are highly consistent and reproducible. The 

performance measures used for the evaluation of the 

results obtained are classification accuracy for lithology 

prediction and mean absolute error and root mean 

square error for water quality prediction. 

 

3. Result and Discussion  

3.1 Lithology Prediction Results 

 The performance evaluation of the proposed 

clustering-assisted KNN approach for multilayer 

lithology prediction was carried out through classification 

accuracy obtained through repeated cross-validation. 

 

 

Figure 12. Estimated wells with and without clustering using uniform weights in the KNN model. 
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The performance of the model was found to be 

satisfactory, with an average accuracy of 88.6%, and a 

standard deviation of ±3.2%. This shows that the model 

performed reliably and stably, even with a limited 

number of instances, i.e., 20 wells. The inclusion of the 

clustering step improved the classification results 

significantly, as the clustering approach grouped the 

wells with similar characteristics, resulting in improved 

classification consistency. The analysis of the confusion 

matrix showed that the classification results for major 

lithology groups such as sand, clay, and weathered rock 

were found to be more accurate, while classification 

results for minor lithology groups such as clayey sand 

and sandy clay were found to be less accurate, as these 

two groups have overlapping characteristics. 

The results are comparable with existing studies 

in the domain of machine learning-based lithology 

prediction. For instance, Koliaraki et al. [30] reported 

classification accuracies in the range of 82–90% using 

artificial neural networks, while Singh et al. achieved 

approximately 85% accuracy using support vector 

machines. Similarly, Mienye et al. [31] demonstrated 

accuracies close to 88% using ensemble learning 

techniques, and Biswakalyani et al. [32] reported 

improvements up to 91% with hybrid models. Compared 

to these approaches, the proposed method achieves 

competitive performance while maintaining simplicity, 

interpretability, and lower computational requirements. 

This highlights the effectiveness of combining clustering 

with a non-parametric KNN approach, particularly in 

data-constrained hydrogeological settings. 

 

3.1.1 Estimation well characteristics  

 In this section, the characteristics of predicted 

wells will be discussed via all runs of the model with 

different applied techniques. These techniques are the 

running of the model with and without clustering, in 

addition to the model assignment of its weights as 

distance or uniform. The first column in Figure 13 

represents the average water table level (WTL) 

visualization for all of the eight nearest neighbor’s real 

wells. The error bar shows the variation in the WTL 

readings. These readings were recorded in the field, 

which depends on the existing water table level at each 

well’s zone. This explanation of the first column will be 

the exact definition for each character's first columns in 

the next figures. 

 Consequently, within Figure 14, although the 

predicted wells, based on clustering input data, do not 

depend on the eight real wells, it is a great practice to 

indirectly compare the clustering and non-clustering 

input data of all predicted wells. The outcome of the 

clustering input data model can be compared with the 

estimated central wells of clustering groups rather than 

the eight real wells. It is possible to notice that all of the 

model results for estimated WTL are at the same level of 

about 4 m, except that the result of clustering the 

estimated model using uniform weights would be only 

1.5 m; this is maybe the weights considered as uniform, 

but the weight should be distance because the distances 

between the wells are various. As already stated, the first 

column describes the average well depth for the eight 

real wells. 

Figure 14 depicts that the models forecast the 

same estimated depth of around 100 m for all utilized 

techniques except clustering with distance weights, 

which is about 85 m; this value is nearest to actual 

average depth of the real wells. 

 The thickness of soil layers is also estimated, 

but only two layers are roughly chosen. The third and 

tenth soil layers are taken into account. Figure 15 

demonstrates the high variance in the predicted wells' 

third layer thickness compared to the average value of 

eight real wells (first column).  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 13. Estimated water table level 
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Figure 14. Estimated Well Depth 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 15. The estimated thickness of the third layer 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 16. The estimated thickness of the tenth layer 
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 All models predict about 31 to 88 % less 

thickness layer than the average of real wells for 

cluttering input data and both models of distance and 

uniform weight. Figure 16 shows that the model of 

assignment uniform weight, with clustering data, 

forecasts the tenth soil layer equal to the upper value of 

the average thickness of the tenth layer for real wells. 

Moreover, the other models predict a similar thickness 

layer but less than the average value of real wells by 

around 20%. 

 The flow rate is also forecasted; Figure 17 

illustrates this parameter. The outcomes of the models 

exhibit that the predicted flow rate is intensely close to 

the actual rate average of real wells for non-clustering 

data and both models’ weights (uniform and distance). 

This is only 2.8% more than the average flow rate of the 

real wells. Unlike this parameter, it appears to be around 

11% less than the flow rate average of real wells when 

the clustering input data has been performed for both the 

assignment model weight (uniform and distance). 

 The type of water is one of the essential 

parameters supplied from the wells for domestic, 

irrigation, and industrial purposes. Therefore, 

forecasting such parameters is also achieved in terms of 

potable or non-potable water. 

 

3.2 Potable water quality 

 Regarding water quality estimation, only the 

clustering estimated well based on the uniform weight 

presents the water quality prediction. The model predicts 

that the estimated well can supply potable water in this 

case. Therefore, the predicted characteristics of the well 

also contain water quality estimation. Table (2) reports 

the estimated potable water characteristics for the new 

well relative to the average of the nearest neighbors’ 

wells (indirect estimation).  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 17. Estimated flow rate of Well 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 18. Estimated water type of well 
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Table 2. Estimated potable water characteristics 

TH TDS Ca Mg Turbidity Cl pH 

20% greater 

than average 

34 %less 

than average 

50% less 

than average 

%75 more 

than average 

35 less than 

average 

45 % less 

than average 

1.3 % less 

than average 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 19. Estimated total hardness 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 20. Estimated total dissolved salts 

 Although the non-clustering model based on 

distance weight estimated drinking water, the water 

quality was not predicted, the reason could be that the 

model depended on the data of non-drinking water wells 

as input data. Figure 19 reports the total hardness of 

water in an estimated well using a clustering model with 

uniform weights. The value of this parameter is about 20 

% more than the average value for the nearest real wells 

(Figure 5). 

 Figure 20 depicts the predicted TDS for the well, 

which is about 34 % less than the average of the TDS 

for surrounding wells. 

 Figure 21 shows the predicted calcium content 

of the extracted water for the well which is about 50 % 

less than the average of the Ca for nearby wells. 

 Figure 22 illustrates the predicted magnesium 

content for the well water, which is about 75% more than 

the average of the Mg for surrounding wells. 

 Figure 23 describes the predicted turbidity for 

the well water, the value is about 35% less than the 

average for adjacent wells. 
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Figure 21. Estimated Calcium content 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 22. Estimated Magnesium content 

 Figure 24 Represents the predicted chloride 

content for the well water, the value is about 45% less 

than the average of the CL for neighboring wells. 

 Figure 25 depicts the predicted pH for the well 

water the value is about 1.3% less than the average for 

surrounding wells. 

As stated in Figure 26, most of the soil type is 

clay in the constitutive third layer. This comes from the 

average of the third layer of eight real wells. This clay 

comprises about 55% and around 25% sandy clay. The 

other soil fraction is filled with clayey gravel and gravel. 

Such fractions are equal percent for each of the 

remaining lithologies. This Figure depicts that the 

models estimate all well lithology as clay, which means 

the models depend on the highest percent of real wells 

(clay). 

 According to Figure 27, the first column 

represents the constitutive well layer from the average 

soil layers of the nearest eight real wells. For example, 

the first part of the constitutive well layer is clay soil, 

formed from the average of the first part of the third layer 

of the eight real wells. This part shares about 55% of the 

constitutive well layer and forms other parts in the same 

manner. As mentioned above, the non-clustering 

estimated well layers can directly compare with the 

constitutive layers, but the clustering estimated well 

layers may indirectly compare with the constitutive 

layers this is because the estimated well layers are the 

outcome of predicted central wells of the clustering three 

groups rather than the nearest eight real wells.  
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Figure 23. Estimated turbidity 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 24. Estimated Chloride Content 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 25. Estimated pH of water 
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Figure 26. lithology of the third layer for an average of eight nearest wells 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 27. Lithology of the fifth layer for an average of eight nearest wells 

 The scope of this study is to compare the 

expected outcomes with the nearest real wells using the 

models with and without clustering. Therefore, showing 

all predicted outcomes in the same illustration may be a 

good idea. 

 In Figure 27, three soil types dominate the fifth 

constitutive layer, these soils are gravel, sandy clay, and 

clay. In non-clustering estimated wells, the uniform 

weight model forecasts this layer based on the last part 

of the constitutive fifth layer. At the same time, the 

outcome of the distance weight model is sandy clay, the 

same as the clustering estimated well with also distance 

weight as well as the fact that the Figure presents the 

clustering estimated well-predicted fifth layer of gravel 

majority soils of the lithology of the tenth layer for the 

average real wells, are gravel, gravely clay, and sandy 
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clay. They are about 30% for each soil type. Therefore, 

the expected lithology of the predicted wells is gravel. 

 Figure 28 illustrates the constitutive tenth layer 

of eight real wells average, as the reference layer 

compares it with the predicted layer using different KNN 

models. It can be seen that the gravel, gravely clay and 

sandy clay are the significant parts. Both models of 

distance weight with and without clustering predict the 

same soil type in the tenth layer, gravely clay. This soil 

represents about 25% of the constitutive layer and is at 

the mid-depth of the reference layer. The non-clustering 

estimated well with the uniform weight model predicts a 

gavel layer as the upper part of the reference layer. 

Unlikely, the clustering estimated well with uniform 

weight model forecasts rock layers. The reference 

constitutive layer does not have any rock part because 

the prediction process for this layer is based on the three 

centrally estimated wells rather than the nearest wells, 

as already revealed. Figure 29 shows how the clustering 

estimated well with uniform weight will be rock, which is 

100% based on the estimated center well _2. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 28. Lithology of the tenth layer for an average of eight nearest wells 

 

Figure 29. Lithology of the tenth layer for the clustering estimated wells 
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3.2 Water Quality Prediction 

 The developed model was also used to predict 

important groundwater quality parameters such as total 

dissolved solids (TDS), calcium (Ca), magnesium (Mg), 

turbidity, chloride (Cl⁻), and pH. Unlike classification, 

these predicted values are continuous, and evaluation 

was performed through regression evaluation metrics 

such as Mean Absolute Error (MAE) and Root Mean 

Square Error (RMSE). The predicted values are 

presented in their actual units for practical use, as listed 

in Table 3. 

 This indicates a high predictive accuracy, 

especially for TDS and pH, where an R² value greater 

than 0.90 was achieved. The relatively low performance 

for turbidity prediction can be attributed to its higher 

variability and sensitivity to localized conditions. It can be 

seen that the model is capable of effectively estimating 

groundwater quality parameters based on limited inputs, 

an essential requirement for resource-constrained 

areas. 

 

3.3 Comparison with Standards 

 In order to understand the applicability of the 

predicted values of water quality, the predicted values 

were compared with the standards of drinking water 

established by the World Health Organization and the 

Bureau of Indian Standards, as shown in Table 4.. The 

comparison of predicted values with the standards 

established by the World Health Organization and the 

Bureau of Indian Standards indicates that most of the 

predicted values are well within the limits. 

 The comparison indicates that while most 

samples meet acceptable limits, certain locations 

approach or exceed threshold values, suggesting 

localized contamination or geogenic influence. These 

findings demonstrate the practical utility of the model in 

identifying potential risk zones for groundwater quality 

deterioration. 

 `The performance of the proposed clustering-

assisted KNN model was compared with the 

conventional KNN approach, and the results are 

presented in Table 5. The accuracy obtained by the 

conventional KNN model was 82.4 percent, and the 

RMSE and R² values were 1.96 and 0.86, respectively. 

However, when clustering was incorporated into the 

model, a higher accuracy of 88.6 percent was obtained, 

along with a lower RMSE value of 1.42 and a higher R² 

value of 0.91. This improvement in accuracy and 

decrease in RMSE values confirm the effectiveness of 

the proposed approach in handling hydrogeological data 

and reducing errors during prediction. 

 

3.4 Spatial Interpretation 

 Spatial analysis of the predicted results for 

lithology and water quality parameters also provides 

interesting insights into the hydrogeological conditions 

prevailing in the study area. Maps are interpolated from 

the predicted results and indicate different patterns in 

different areas, depending on the geological conditions 

and groundwater flow patterns.  

 

Table 3. Performance of Water Quality Prediction Model 

Parameter Unit MAE RMSE R² Score 

TDS mg/L 42.5 58.3 0.91 

Calcium (Ca) mg/L 6.8 9.5 0.88 

Magnesium (Mg) mg/L 5.2 7.4 0.86 

Turbidity NTU 0.9 1.3 0.84 

Chloride (Cl⁻) mg/L 18.6 25.1 0.89 

pH – 0.21 0.30 0.92 

 

Table 4. Comparison of Predicted Values with WHO/BIS Standards 

Parameter Unit Predicted Range WHO Limit BIS Limit 

TDS mg/L 350–950 1000 500 (acceptable), 2000 (permissible) 

Calcium (Ca) mg/L 40–120 200 75 (acceptable), 200 (permissible) 

Magnesium (Mg) mg/L 20–80 150 30 (acceptable), 100 (permissible) 

Turbidity NTU 0.5–4.5 5 1 (acceptable), 5 (permissible) 

Chloride (Cl⁻) mg/L 100–320 250 250 (acceptable), 1000 (permissible) 

pH – 6.8–8.2 6.5–8.5 6.5–8.5 
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Table 5. Performance comparison of KNN and clustering-assisted KNN models for lithology and water quality 
prediction 

Model Accuracy (%) RMSE R² 

KNN 82.4 1.96 0.86 

Cluster + KNN 88.6 1.42 0.91 

 

 For instance, areas with a higher proportion of 

sandy geological formations tend to have lower 

concentrations of TDS and chloride, indicating a better 

quality of groundwater due to its higher permeability and 

flushing effects. On the other hand, areas with a higher 

proportion of clay-rich geological formations tend to have 

a higher concentration of dissolved solids, possibly due 

to lower permeability and a longer residence time of 

groundwater. Improved visualization tools were also 

used to improve the readability of the maps, such as 

adding legends and scale bars, and ensuring uniform 

units for all maps. This helps in validating the model 

results and also provides a powerful tool for decision-

makers to identify areas of interest for groundwater 

exploration and management. 

 

3.5 Discussion with Literature 

The results obtained in this study are consistent 

with trends reported in previous research on machine 

learning applications in hydrogeology. Studies by Kumar 

et al. [33] and Tian et al. [34] have highlighted the 

effectiveness of data-driven models in capturing 

nonlinear relationships in groundwater systems, 

particularly for quality prediction. Similarly, Rustum et al. 

[35] demonstrated the advantage of hybrid approaches 

in improving model robustness, which aligns with the 

clustering-assisted framework proposed in this work. 

The achieved accuracy and regression performance are 

comparable to those reported by Yuan et al. [36] and 

Piras et al. [37], despite the use of a smaller dataset and 

simpler model architecture. 

The major contributions of the proposed 

approach are the demonstration that high-performance 

results can be achieved without the need to use complex 

models, especially in the case where the data set is 

smaller, as is often the case in developing regions. 

Moreover, the proposed approach, which combines the 

estimation of lithology and water quality, provides a more 

complete picture of the subsurface conditions, as 

opposed to the results shown in the previous studies. 

The findings also highlight the role of spatial proximity 

and geological similarity in governing groundwater 

properties, thus validating the basic premise of the KNN 

method. Overall, the developed methodology presents 

an optimal balance of accuracy, interpretability, and 

efficiency, thus providing an effective solution for 

hydrogeological problems. 

To promote reproducibility and transparency, 

the study has clearly specified all the configurations and 

implementation details of the developed models. The K-

Nearest Neighbors algorithm has been used to develop 

the predictive models using the Scikit-learn library in 

Python. The number of nearest neighbors has been set 

to k = 3, Euclidean distance used to evaluate similarity, 

and uniform weights assigned to each neighbor. A 

constant random state has been used to initialize the 

clusters with the value set to 42. Moreover, the 

preprocessing techniques, including normalization and 

mean imputation for missing values, have been 

performed using a unified workflow for both training and 

validation sets, thus preventing any potential issues of 

data leakage. 

 Besides this proposed clustering-

assisted KNN approach, another baseline model based 

purely on KNN without clustering was tested to ascertain 

the efficacy of this hybrid approach. From the 

comparative analysis, it can be seen that clustering plays 

an important part in improving the accuracy of prediction. 

There is an improvement in accuracy from 82.4% to 

88.6%, along with a decrease in RMSE and an increase 

in R² values. This clearly indicates that clustering is an 

important part of this hybrid approach in capturing the 

heterogeneity of the data, especially for small datasets. 

In terms of the reliability of lithology prediction, a 

quantitative validation method was incorporated for 

analysis. The predicted lithology sequence was tested 

for accuracy in relation to actual borehole logs using 

accuracy analysis based on individual layers. The 

overall accuracy was recorded at 88.6%. In addition, it 

was checked for consistency over intervals to ensure 

that there was no sudden transition between layers, thus 

maintaining physical continuity. From this analysis, it can 

be stated that not only is this model effective statistically, 

but it is also physically correct, thus providing greater 

reliability for its application. 

 

4. Conclusion 

 This study proposes a novel clustering-assisted 

K-Nearest Neighbors (KNN) model to accurately predict 

the multilayered lithology and groundwater quality using 

scarce borewell data. The model was found to have an 

accurate classification rate of 88.6% ± 3.2% in the 

classification of the lithology, while the predictions made 

by the model in the case of the groundwater quality have 

shown high correlation with the actual values, with the 

R² value being greater than 0.90 in the case of 

parameters such as TDS and pH. The values are found 

to be within the permissible limits set by the WHO and 
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BIS, with slight violations, indicating local conditions. 

The inclusion of the clustering algorithm helped stabilize 

the predictions made by the model, thus indicating the 

potential of the KNN model in hydrogeology. The model 

is found to be more accurate and less complicated 

compared to other models, making the model an efficient 

solution to the problem. Even though the model is 

affected by the limitations of the scarce data, the model 

is found to be reliable in giving insights into the 

subsurface conditions. 
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