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ABSTRACT 

 

In this project is to predict groundwater level in various areas under circumstances. In order to predict 
and forecast the groundwater levels various techniques has been used in this project. India has registered 

a critical fall in groundwater levels ranging between 75 and 85 per cent, according to a monitoring report 

by the Central Ground Water Board (CGWB). Groundwater levels in various parts of the country are 

declining because of continuous withdrawal due to reasons such as increased demand of fresh water for 

various uses, vagaries of rainfall, increased population, industrialization and urbanization. The southern 

states of Kerala, and Pondicherry recorded a decline of 40 to 46 per cent. Andhra Pradesh and Tamil 

Nadu, which is facing huge water crisis, saw a 60 per cent tumble. 
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1. INTRODUCTION 

Machine Learning algorithms have been used 

extensively in hydrology for applications such as 

predicting reservoir operations, soil mineral 

weathering, stream flow, groundwater potential, 

and groundwater level Data-driven and machine 

learning algorithms in flooding applications. 

Traditionally groundwater levels are modeled 
with process-based models, which rely on the 

profound knowledge of the observed system 

dynamics. They require many additional spatial 

data on geological and hydrological properties of 

the aquifer.. In this project we procured a dataset 

from the trusted resources for analysis the ground 

water levels in various areas. Using machine 

learning the data training can be implemented. 

Using clustering method unwanted and irrelevant 

data will be removed from the dataset. The 

analysis will be done from the preprocessed n 

dataset while implementing random forest 
algorithm. In this project random forest 

algorithm play a major role for predicting the 

ground water level. It analysis major fields like 

annual rainfall, soil type, temperature, humidity, 

industrial areas, number of bore wells, lakes, 

ponds and etc. All consider fields analyzed 

together to plot and predict present and future 

groundwater predict all information can be 

shown in chart and graph for visual 

representation.     

 

2. LITERATURE REVIEW  

         Vizintin proposed urban water 

management techniques is increasingly 
important given the need to maintain water 

resources that comply with global and local  

standards of quality and quantity. A number 

of mathematical model have been developed 

for this task; such model account for all 

components of the Urban Water Cycle (UBC) 

and theirs interactions. The wide range of 

models entails the   need to understand their 

differences in an effort to identify their 

applicability, so academic, state, and private 
sectors can employ them for environmental, 

economic, and social ends. The continuous 

growth of urban areas across the globe is 

directly tied to rapid economic, population, 

infrastructure growth. Currently, urban areas 

account for more than half of the world’s 

population; more than 500 cities already have 

more than a million inhabitants. It is 

estimated that in 1900, only 9% f world’s 

population lived in urban areas; by the 1980s 

, urban population have increased to 40% 
globally [1].  

 

In Breiman’s approach, each tree in the 
collection is formed, by first selecting at 

random, at each node, a small group of 

input coordinates to split on and, secondly, 

by calculating the best split based on based 

on these features in the training set. The tree 

is grown using CART methodology to 

maximum size, without pruning. Random 

forest algorithm are a combination tree 
predictors such that each tree depends on 

the values of a random vector sampled 

independently and with the same 

distribution for all the trees in the forest. 

Using random selection of features to split 

each node yields error rates that compare 

favorably, but are more robust with respect 

to noise. They are fast and easy tom 
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implement, produce highly accurate 

predictions and can handle a very large 

number of input variables without over 

fitting. Using bagging each decision tree in 

ensemble is constructed using a sample 

with replacement from the training data [2]. 

 

Friedman proposed function estimation 
/approximation is viewed from perspective 

of numerical optimization in function space, 

rather than parameter space. A connection 

made between stage wise additive 

expansions and steepest-descent 

minimization. A general gradient descent 

“boosting” paradigm is developed for 

additive expansions based on only fitting 

criterion. Specific algorithm is presented for 
least-squares, least absolute deviation, and 

Huber-M loss function for regression, and 

multiclass logistic likelihood for 

classification. Gradient boosting for 

regression trees produces competitive 

highly, robust interpretable procedure for 

both regression and classification, 

especially appropriate for mining less than 

clean data [3]. 

     Chen proposed a machine learning 
techniques to highly data adaptive, applies to 

large and small problems, and able to account 

for correlation, as well as interaction among 

features. This makes random forest 

particularly appealing for high-dimensional 

genomic data-analysis. In this article, we 
systematically review the applications and 

recent progresses of random forest for 

genomic include prediction, and 

classification, variable selection, pathway 

analysis, genetic association and detection 

and unsupervised learning. Genomic selection 

based on machine learning promise to 

overcome the limitations of the quantitative 

trait. Using this strategy, genomic selection 

models with moderately high prediction 

accuracies of 0.28-0.45 for grain yield and 

0.45-0.62 for stem rust resistance of elite 
wheat breeding lines, were developed [4]. 

 

      Nowozin et al proposed a new 
formulation for discrete image labeling tasks, 

the decision tree field (DTF), that combines 

and generalizes random forest and conditional 

random fields (CRF) which have been widely 

used in computer vision. In typical CRF 

model the unary potentials are derived from 

sophisticated random forest or boosting based 
classifiers, however, the pairwise potentials 

assumed to have a simple parametric form 

with the pre-specified and fixed dependence 

of the image data, and to be defined on the 

basis of a small and fixed neighborhood. In 

contrast, in DTF, local interactions between 

multiple variables are determined by means 

of decision trees evaluated on the image data, 

allowing interactions to be adapted to the 

image content. This is results, in powerful 

graphical models which are able to represent 
complex label structure. Gradient boosting 

decision tree (GBDT) are widely used in 

advertising system, spam filtering, sales 

prediction, medical data analysis, and image  

labeling [5]. 

 

     Segal et al proposed a random forest 

ensemble predictor has proven to be well-

suited for solving a multitude of different 

prediction problems. In this thesis, we 

propose an extension to the random forest 
framework that allows random forest to be 

constructed for multi-output decision 

problems with arbitrary combinations of 

classification and regression responses, with 

the goal of increasing predictive performance 

for such multi-output problems. Random 

forest have emerged as a versatile and highly 

accurate classification and regression 

methodology, required little tuning and 

provide interpretable outputs. The extension 

of the random forest framework to 
multivariate random forests that incorporates 

the relationship between the output 

sensitivities. Ensemble based approaches 

such as random forests have been shown to 

perform well in the both individual sensitivity 

prediction studies and team science based 

prediction challenges [6]. 

 

       Ishwaran et al proposed a newly 

introduced forest ensemble learner for 

analysis of right-censored survival data. Our 
theory has been predicted on the assumption 

that all variable are factors, but in practice 

data with continuous variables are often 

encountered. A conservation –of-events 

principle of survival forest is introduced and 

used to define ensemble, mortality, a simple 

interpretable measure of mortality that can be 

used as a predicted outcome. Survival tree are 

binary tree grown by recursive splitting of 

tree nodes. A good split for a node maximizes 

survival differences between daughter the 
number of nodes increasing the survival trees 

[7]. 

 

          Solomatine et al proposed a Data-
driven modeling is based on the analysis of 

the data characterization the system under 

study. A model can then be defined on the 

basis of the connections between the system 

states variables with only a limited number of 

assumptions about the physical behavior of 
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the system. These methods rely upon the 

methods of computational intelligence and 

machine learning thus assume the presence of 

a considerable amount of data describing the 

modeled systems. It also identify the current 

trends, common pitfalls. Data-driven 
modeling involving mathematical equations 

assessed not from the physical process in the 

river basin but from analysis of concurrent 

input and output time series [8].  

 

3. EXISTING SYSTEM 

      

           In the existing methods, the efficiency 

of the model was evaluated by estimating 

mean square error (MSE) and the regression 
coefficient (R) for the model. The results 

established that seasonal variation has little 

e4ffect on the water fluctuation in a wells. 

Two aquifer types, weathered and fractured 

basement aquifer types, were delineated in a 

area. The results of a model validation 

showed low MSE of 0.0014286 and the high 

regression coefficient (R) of 0.98731. This 

indicates that K mean can be used to predict 

GWL in a basement complex terrain with 

reasonably good accuracy. It can be 
effectively predict GWL (Groundwater level) 

from geo electric parameters.  

 

4. PROPOSED SYSTEM  

  

              In the proposed architecture KNN 

and random forest algorithm has been used. 

The auto correlation analysis of groundwater 

level fluctuation shows the data is time 

dependent. The groundwater level in found to 
be related to the groundwater level of the 

previous month, two months earlier and the 

same month of the previous year. Random 

forest with KNN model also used to analyze 

the data by taking into account not only the 

time dependence of the groundwater level, 

but also main groundwater recharge and 

discharge factors. Both the training results 

and he testing results agree well with the 

observed data, which indicates that the model 

can describe the relationship between the 
groundwater level fluctuations and their main 

influence factors. Therefore, the model can be 

used to predict groundwater level in accurate. 

 

RANDOM FOREST ALGORITHM: 

 

        Precondition 

 

       A training Set =(x1, y1),…,(xn, yn), features F, and 
number of trees in forest B 

 

       1. Function Random Forest (S, F) 

       

       2. H  Sub set creation for tree creation. 

         

       3. For 1,…, B do for each tree repeat same process. 

       

      4. S(i)  A bootstrap sample from S  

 

      5. hi  Randomized Tree Learn( S(i) , F) 

 

     6. H  H U{hi} 

 

     7. End for  

 

     8. Return H 

 

     9. End function  

 

     10. Function Random Tree Learn(S, F) 

 

     11. at each node. 

  

     12. f  very small subset of F from the available 
tress. 

 

     13. Split on best features in f – Trees consolidation 

for result generation. 

 

     14. Return the learned tree for various values 

 

     15. End function. 

 

                  Fig.1 Class Diagram. 

                                               

 
                                                     

  Fig.2 E R Diagram.  
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Fig.3 Use case Diagram                  
                                                                  

 

         

 UPLOAD AND VIEW DATASET  

 
This is the initial module of the project. Here the 

dataset is available in the excel format. The 

available data set is in the unorganized format. It 

may contain some missing and irrelevant values. 

These types of datasets are said as raw data set. In 

this module the raw data set will be uploaded in 

the available format. The raw dataset will be 

merged with SQL server. 

 

 PREPROCESSING  

     

   In this module the raw dataset has been 

converted into usable data. This process will be 

done using clustering and classification methods. 

The clustering process will be used for removing 

unwanted data from dataset. Classification 

process can be used for grouping the data after 

removal of unwanted data. 
 

  

 DATA TRAINING  

      

  Data training process are one of the important 

roles in the machine learning technique. In this 
module the dataset will be analyzed and a internal 

memory will be created for all the fields. One of 

the factors will affect another factor in data 

training process. All the affecting factors will be 

considered as the major factors. Only trained 

dataset will be sent to the prediction process.  

 

 DATA ANALYSIS PREDICTION  

 

     Random forest algorithm takes a group of 

random variables, thought to be predicting and 

tries to find a mathematical relationship between 

them. This relationship is typically in the form of 

a straight line (linear regression) that best 

approximates all the individual data points. In 

random forest algorithm the separate variables are 
differentiated by using numbers with subscripts. 

 

 RESULT AND CHART  

    

 All the generated results will be shown in graph 

and chart. Using MS chart tools the result will be 
displayed. X and Y values should the affected 

factors with the generated result. Changing values 

in the dataset may affect the predict result.  

 

 
 

             Fig.3 District wise available bore. 

 

5. ENHANCED KNN ALGORITHM  

The k-nearest neighbors (KNN) algorithm is 

a simple, easy-to-implement supervised machine 
learning algorithm that can be used to solve both 

classification and regression problems. The KNN 

algorithm assumes that similar things exist in 

close proximity. In other words, similar things 

are near to each other. It is standard practice to 

represent the output (label) of a classification 

algorithm as an integer number such as 1,-1, or 0. 

In this instance, these numbers are purely 

representational Mathematical operations should 

not be performed on them because doing so 

would be meaningless. 
The Enhanced min-max algorithm is 

as follows: 

 Step 1: Load the data  

 

Step 2: Initialize K to your chosen 
number of neighbors. 

 
Step 3: Calculate the distance between the query 

example and the current example from the data. 

 

Step 4: Sort the ordered collection of distances 

and indices from smallest to largest (in ascending 

order by the distances). 

 

Admin

Login

Upload dataset

Pre process data

Predict ground water

Chart generation

Change password
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 Step 5: Pick the first K entries from the scored 

collection. 

 

 Step 6: Get the labels of the selected K entries.            

    

    Step 7: If regression, return the mean of the K 
labels. 

  

Step 8: If classification, return the mode of the K 

labels.    

 

6. RESULT ANALYSIS    

                 The proposed KNN algorithm is used 

to calculate the number of bore, area, soil, district 

to predict groundwater level each gathering and 

the outcome will show on MYSQL. It is 

illustrated in the Table            

TABLE DESIGN  

Table name: Adminlogin. 

Primary key: Username. 

Feilds 
Data 

type 

Siz

e  

 

Constrai

nts 

  

Descripti

on 

Userna

me 

 

Varch

ar 

50 
  Primary 

Key 

Admin 

Username   

Passwor

d 

 

Varch

ar 

50 Not Null 
Admin 

Username 

Table name: dataset  

Primary key: ID 

Fields 

Data  

Siz

e  

 

Constrai

nts 

  

Descriptio

n 
Type  

 District  

 

Varch

ar  

40 
  Not 

Null 

 District 

details 

 Area 

 

Varch

ar 

50 Not Null  
 Area 

details  

 Soil 

type  

 

Varch
ar 

30  Not Null 
 Soil 

details 

 Agri  
 
Varch

ar  

10  Not Null 
 Agri 
details 

 Urban  

 

Varch

ar  

10  Not Null  
 Urban 

details 

 Industry  

 

Varch

ar 

10  Not Null  
Industry 

details 

Resi  

 

Varch

ar  

10  Not Null  
Residentia

l details 

 Avg-

rain-cm 
  Int  10  Not Null 

Average 

rainfall in 

cm 

 Humi-

per 
 Int  10 Not Null  

Humidity 

in 

percentage 

Temp-c  Int  10  Not Null  

 

Temperatu

re  in 

Celsius  

Windflo

w-kmph 
 Int  10 Not Null  

 Wind 

flow 

 Bore   Int  10  Not Null  

 No of 

bore 

available  

 

Availfee
t 

 Int  10  Not Null 

 Water 

Available  
feet 

 Avg 

tree  
 Int  10  Not Null  

 Average 
tree in 

area 

River  Int 10  Not Null 
  No of  

Rivers 

Pond   Int  10  Not Null 
 No  of  

Pond 

Lake   Int  10  Not Null 
 No of 

Lake  

Approve  Int 10 Not  Null  
Approval 

details 

Month   Int  10  Not Null 
 Approval 

month 

 Survey-

id  
 Int  10  Not Null  

 Survey id 

details 

ID   Int  10 
NOT 

Null 

Identificati

on number  

 

Table Name : disborechart  

 

Field

s  

Data 

type  

Size   

Constraint

s 

  

Description

s 

Type   Varchar  40m    Not Null Area Type 

District  Varchar 30 Not Null District name  

Nobores  Int  40 Not Null  Number of 

bores 

Table Name : soilchart 

   

 Field  Data 

type  

Size Constrain

ts 

Description 

Soil type   Varchar  40  Not Null  Soil type 

detail  

No dates   Int  10 Not Null Number of 

data. 
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Fig .5   finally our project prediction the 
result in groundwater level. 

                                                                                                                                    

 
 

       Fig.6 Charts and graph it will represent the 

water level of different area, district wise available 

bore. 

4. SETUP ENVIRONMENT 

1. Server Configuration: 

1) Processor: Intel® Core™ i3 

Processor. 

2) RAM: 4.00 GB 

3) Operating System: Windows 7 
(64 bits) 

2. AJAX : 2.0, MYSQL 2010. 

3. Scripting language : Java Script. 

 

5. CONCLUSION 

The operation of groundwater level water 

prediction finds the accurate value of the 

available groundwater level. All the output 

generated through KNN and random forest 
algorithm. Both algorithm works well from the 

available dataset. All the output has been verified 

according to the given input. The application 

works well under various circumstances like 

various input values. Thus this project has been 

executed successfully and the output has been 

verified. All obtained outputs are according to 

committed in abstract. Initially more problems 

occurred during the algorithm implementation. 

   ACKNOWLEDGMENT 

We express our deepest gratitude to our 

Project Guide and Coordinator of our Computer 

Science and Engineering department who gave 

constant support and encouragement throughout 

this work. 

REFERENCES 

[1]. Vizintin , G; Souvent  , P; Veselic, M; Curk, 

B C; “Determination of urban groundwater 

pollution in urban water cycle” 5year impact 
factor are counted,2018. 

[2]. Breiman, “Random forest”. The thirteenth 

International Sympossium in 2001. 

[3]. Friedman, JH; “Greedy function 
approximation” First scientific journal in data 

science and analytics science,2001. 

[4]. Chen , X; Wang, M; Zhang ,H. “The use of 

classification trees for bioinformatics” , 2011. 

[5]. Nowozin, S; Rother, C; Bagon, S; Sharp T; 
Yao, B; Kohli, P; “Decision tree fields”. In 

Proceeding of the 2011 International Conference 

on Computer Visisons, Barcelona, Span, 6-13 

November 2011.   

 

 [6], Segal, M; “Multivariate random forest”, . 
Segal, M.; Xiao, Y. Multivariate random forests. 

Wiley Interdiscip. Rev. Data Min. Knowl. Discov. 

2011, 1, 80–87. [CrossRef, 2011. 

 

[7]. Ishwaran, H; Kogalur, U.B; Blockstone; E.H; 

“Random Survival forest” IEEE trans. Random 

forest, 2008. 

 

[8]. Solomatine , D.P; “Data-driven modeling”, 

2013. 

 

 

http://jespublication.com/
https://doi.org/10.1002/widm.12
https://doi.org/10.1002/widm.12
https://doi.org/10.1002/widm.12
https://doi.org/10.1002/widm.12
http://dx.doi.org/10.1002/widm.12

