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ABSTRACT: Water scarcity becoming major problem in many countries like India, Recent problems of critical
shortage of water in so many parts of our country due to population, lack of water harvesting plans, excess wastage of
water and extreme pollution of water bodies, bringing inaccurate estimation of ground water available in these parts.
Still we facing challenge in our country for prediction of ground level water based on the various factors like rain fall,
in order to address this issue in this work developed analysis of various machine learning models to predict the ground
level water for the data set available from the government side. This work deals with dataset considered from India
official site and hydrological parameters consideration for different states of India. We conducted a laboratory
experiment to test the ground penetrating radar (GPR) full-waveform forward and inverse modeling approach for
electromagnetic wave propagation in water.

The GPR system consisted of a vector network analyser combined with an air-launched, 0.8-2.2 GHz horn antenna,
thereby setting up an ultra-wideband stepped frequency continuous-wave radar. The apparent frequency-, salinity-, and
temperature-dependent dielectric permittivity and electrical conductivity of water were estimated by using existing
electrical models. Using these models, the radar data could be simulated and a remarkable agreement was obtained with
the laboratory measurements. Neglecting the frequency-, salinity-, and temperature-effects led to less satisfactory
results, especially regarding signal amplitude. Inversion of the radar data permitted to reconstruct the air and water
layer thicknesses, and to some extent, the water electrical properties. This analysis particularly showed the benefit of
using proper water electrical models compared to commonly used simplified approaches in GPR forward and inverse
modeling. Index Terms—Ground penetrating radar, full-waveform inversion, multi-layered media, and complex
permittivity of water.

KEYWORDS: Groundwater Level, Tropical Peatland, Forest Hydrology, Environmental Monitoring, Climate
variables, Soil Moisture, Water Table Estimation, EDA Algorithm.

I. INTRODUCTION

The propagation of electromagnetic waves in dispersive and absorptive media is crucial for GPR applications, affecting
penetration depth in materials like soil, water, and frozen ground. Wave velocity is linked to the imaginary part of the
propagation constant, while attenuation is related to the real part. Frequency-dependent dielectric losses are modeled
through the complex permittivity. Water's permittivity varies with frequency, temperature, and salinity and can be
modeled using Debye equations. The Klein-Swift model works below 10 GHz, while the Meissner model extends up to
300 GHz. Lambot et al. developed a full-waveform GPR model solving Maxwell’s equations, accounting for antenna
and media interactions. This study uses their method with water models to simulate radar data over water layers,
incorporating variations in frequency, salinity, and temperature. Results were compared to simplified models, and
inversions were used to estimate water layer thickness and electrical properties.
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1. COLLECTION OF DATASETS

Initially, we collect a dataset for our heart disease prediction system. Subject audit changed into finished to set up the
statement nicely territories practical for the assessment region. The wells had been picked so districts of various
statures are fittingly made positive about. The groundwater stage become recorded from time to time. After the
collection of the dataset, we split the dataset into training data and testing data. The training dataset is used for
prediction model learning and testing data is used for evaluating the prediction model. For this project, 70% of training
data is used and 30% of data is used for testing.

2. SELECTION OF ATTRIBUTES
Attribute or Feature selection includes the selection of appropriate attributes for the prediction system. This is used to
increase the efficiency of the system.

3. PRE-PROCESSING OF DATA

Data pre-processing is an important step for the creation of a machine learning model. Initially, data may not be clean
or in the required format for the model which can cause misleading outcomes. In pre-processing of data, we transform
data into our required format. It is used to deal with noises, duplicates, and missing values of the dataset. Data pre-
processing has the activities like importing datasets, splitting datasets, attribute scaling, etc. Pre-processing of data is
required for improving the accuracy of the model.

4. BALANCING OF DATA

Imbalanced datasets can be balanced in two ways. They are Under Sampling and Over Sampling.

() Under Sampling: In Under Sampling, dataset balance is done by the reduction of the size of the ample class. This
process is considered when the amount of data is adequate.

(b) Over Sampling: In Over Sampling, dataset balance is done by increasing the size of the scarce samples. This
process is considered when the amount of data is inadequate.

5. ANALYSIS OF EDA

An EDA includes data, hid and yield layers and each layer fuses an assortment of planning segments. A EDA
framework is depicted by means of its plan that addresses the case of dating among center factors, its technique for
selecting the association hundreds, and the inception work.

Il. EDA ALGORITHM
Exploratory Data Analysis (EDA) is the process of analyzing datasets to summarize their main characteristics, often
using statistical and visual methods. It helps in understanding patterns, spotting anomalies, detecting relationships
between variables, and preparing data for modelling. EDA is a crucial step in data pre-processing and is used to clean,
transform, and visualize data before applying machine learning or statistical models.
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I1l. RESULT AND DISCUSSION

The Al-enhanced groundwater monitoring system demonstrated high accuracy in predicting groundwater levels in
tropical peat and forest environments. The model was trained on historical groundwater data, meteorological inputs
(rainfall, temperature, humidity), and remote sensing data. Seasonal trends were evident, with groundwater levels rising

significantly during the rainy season due to increased precipitation and declining during the dry season due to higher
evapotranspiration rate.
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v Z Documents/code/g X
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Datafs derived from the National Ground-Water Monitoring Network (NGWMN:hitp: 5. govln
csv files (water levels, well site information).

isp). Data posed of two separate

In [2]: | # change type of select series to numeric
df_waterlevel[ Water level in feet relative to NAVDSS']

df_waterlevel[ 'Depth to Water Below Land Surface in ft

= pd.to_numeric(df _waterlevel['uater level in feet relative to NAVDSS'],¢

1 = pd.to_numeric(df_waterlevel['Depth to wWater selow Land Surface in 7t
v

In [3]: | # Drop columns from waterlevel and site dfs

df_uaterlevel= df_waterlevel.drop(columns=[ 'AgencyCd', 'Original Parameter’, 'Accuracy Value', 'Original Value', 'Data Provided t

df site - df_site.drop(columns=["AgencyCd’, SiteName', HorzDatum’', 'Link’', 'Agencybm’,'WlSysName','AltAcy®, ALtUnitshim’,AltMeth

# Change errors in string objects

df_site[ 'NatAgfrDesc’ |= df_site['NotAqfrbesc'].replace(Rio Grande aquifersystem’, 'Rio Grende aquifer
df_site[*LocalAquiferliame' ]= df_site['Localdquiferfiome’ ].replace('Ogallala’, 'Ogallala aquifer')
df_site[ *LocalAquiferlame']= df_site['LocalAquiferfame' ].replace('0gallala Formation', 'Ogallala aguifer')
df _site["well'] = "well®

system')

series
df_uaterlevel.rename(columns={'Depth to Water Below Land Surface in ft
df_uaterlevel.rename(columns={'Water level in fest relative to NAVDSS

# rename select
df_waterlevel
df_waterlevel

water_depth'})
+"water_level_elev'})

# convert water depth to negative value
df_waterlevel[ ‘uater_depth'] = df_waterlevel[ 'water_depth']*-1

# df site[ 'county’] = df s
df_site[state’] = df_site
df_uaterlevel.info()
df_site.info()

replace("County’, ')

<class 'pandas.core.frame.DataFrame’ >
RangeIndex: 6646 entries, © to 66459
Data columns (total 4 columns):

" Non-Null Count Diype

ter-levels: X 4 = [x] X

localhost: notebooks/Documents/code/ground/colorado-ground-water-levels- - Lipynl et Chrome as your default ¢

C @ localhost:3338/notebooks/Dx /cade/ground)colorado-ground: levels-1980-2020.ipynb Q % Set Ch default }

@ Google Chrome isn't your default browser X
:' Jupyter colorado-ground-water-levels-1980-2020 Last Checkpaint 0510172023 (autosaved) P o

File Edit View Insert Cell Kemel Widgets Help Not Trusted | & ‘Fyllmm[\pykeme\) o]
B+ & S0 4+ PR B CH o v =
7 LocalAquiferame 299 non-null  object y
8 AquiferType 299 non-null  object
9 well 299 non-null  object
10 state 299 non-null  object
11 Statehm 299 non-null  object
dtypes: floatga(4), int6a(1), object(7)
memory usage: 28.2+ KB
In [4]: df site.head()
out[4]: SiteNo DeclatVa DeclongVa  Altva WellDepth CountyNm AquiferType well state StateNm
0 704 39631663 -102090365 3569.97 620 HghPlansagufer  YumaCounty  Ogallala aouifer UNCONFINED wel CO €O
1 1917 38856533 102250965 412600 3220 HighPlamsaqufer CheyemneCounty  Ogallalz aquier UNCONFINED wel CO €O
2 37 38903629 102054474 387425 2750 HighPlains aquifer CheyemneCounty  Ogallalz aquifer UNCONFINED wel CO €O
3 993 3913613 -102528250 452686 2220 ighPlains aquifer CheyemneCounty  Ogallalz aquier UNGONFINED wel CO €O
4 990 394447 102410469 433410 2300 HighPlains aquifer CheyemneCounty  Ogallalz aquifer UNCONFINED wel CO €O

In [5]: # Parse date to just year,month,day
df_waterlevel [ 'Datetdit'] = df waterlevel[ 'Tine'].str{@:10]
print( df waterlevel[ 'Tine'],df waterlevel[ 'Datefdit'])

[ 1986-12-08T20: 00:00-87:08
1 1983-82-15T00: 00:00-87:08
2 1989-01-14T@0: 00:00-87:08
3 1990-81- 26T00: 09:00-87:00
4 1991-81-17T60: 09:00-87:08
66455 2016-81-19T09:00:00-87:00
66456 2017-82-13T00:00:00-87:08
66457  2018-81-29T00:00:00-07:08
66458 2019-82-26T00:00:00-07:08
66453 2020-81-29T09:00:00-87:00
Name: Time, Length: 66460, dtype: object @ 1986-12-28
1 1983-62-18

2 1989-01-14

3 1990-€1-26

a 1991-A1-17
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Fle  Edit  Viev Inset Cel  Kemel  Widgels  Hep NotTrusted | ¢ | Pyhon 3 (ipykernel) O
B+ |H B 4+ PR B C P cue v 2
Name: DateEdit, Length: 66450, dtype: object -
In [6]: | # converting date to datetime series
df_uaterlevel] ‘DateEdit'] = pd.to_datetime(df waterlevel[ 'Datefdit'], fornat="%/ %m %d', errors = 'coerce’)
In [7]: | # Merge datasheets on SiteNo umique identifier
df = pd.merge(¢f_usterlevel, df_site, on = 'Sitelo’, how = ‘outer)
df head()
# df.describe()
0ut[7]: siteNo Time water_deptn water_level_elev DateEdit DeclaiVa DeclongVa  Aliva WellDepth NatAgirDesc CountyNm LocalAquiferName  Aqu
0 704 0BTOD00:00- 1885 ass112 " saeatess 102000366 ase0 o7 620 ngn;m C‘;‘::‘; Ogallala aquifer UNGC
07.00
1704 18TOB0000- 1940 assos7 "S02 sosress 102000366 3s6007 o MohPaps e Ogalai squer UNCC
07.00
8w O 19.60 355037 199801 39631663 102000366 3560.97 g20  High Plains Yuma 6 ala aquifer UNCC
5 - 14 - aquifer County L
s zeoban 1900 sssoer 900 sogaieer -r0200038s 3sm0T gg MhPams o MUM3 ook aquer UNCE
g : 2% -0 . aquier  Counly el aauiter
07.00
1991-01-
4 704 17T00:00:00- 1940 sssos7 19900 saeatess 102090368 35097 620 H‘“";L"‘["; Gm‘“; Ogallala aquifer UNCC
0700
3
In [8]: | # Locate first and last water measurment of water depth for each SiteNo. Then merge with df.
base_depth_df=df. groupby(['Sitelio’|)[ 'water_depth'].nth(a)
latest_depth_df= df .groupby([ 'SiteNo'])[ 'water depth'].nth(-1)
df = pd.merge(df,base_depth_df, on = "Sitello’, how = 'inner’)
df= pd.merge(df, Latest_depth df, on = 'Sitelo’, how = "inner’)
v Z Documents/code/ground/ X B colorado-ground-waterlevels X 4+ - a x
C @ localhost:5888/notebooks/Documents/code/ground/colorade-ground-water-levels-1980-2020.ipynb Q s o Set Chrome as your default §
&  Google Chrome isn't your default browser Set as default X
: Jupyter colorado-ground-water-levels-1980-2020 Last Checkpoint 05/01/2023 {autosaved) ﬁ Logout
File Edit View Insert Cell Kemel Widgets Help NotTrusted & ‘Pymun 3(ipykemel) O
B+ # SH B 4 ¥ PRin B C W Coe v =
nemory usage: 8.6+ B r

In [9]: # Number of wellsites prior to date filter
print('Total sites in dataset (a1l dates):',df.SiteNo.nunique())

Total sites in dataset (all dates): 299

In [10]: # Locate earliest and Latest date for each Siteno

earliest_date_df- df. groupby(['Sitelio'])[ 'Datetdit'].nth(e)
latest_date_df= df.groupby([ 'sitelio’])[ 'Datetdit'].nth(-1)

# Herge earliest and Latest dates to df
df = pd.merge(df, carliest_date df, on = 'Sitelo’, how = 'inner’)
df- pd.merge(df, latest_date_df, on = 'Sitello’, how = ‘inner’)

# Rename date start ond date end

df = df.renare (columns={'DateEdit_y' : 'datestart'})
df = df.renare (columns={'DateEdit " *dateend' })

df = df.rename (columns~{'DateEdit_x': ‘Datetdit'})

# Apply df filter to isolate wells with dota storting prior to 1981 and ending Later than 2019

df = df[(df["datestart’]< "1991-01-01") & (df['dsteend’] > "2019-01-01")]
print('Total sites with data prior to 1981 and after 2018:°, df .SitsNo.nunique())
df. info()

Total sites with data prior to 1981 and after 2013: 221
<class 'pandas.core.frame.DataFrame’>

Int64Index: 19248 entries, @ to 66448

Data columns (total 28 columns):

%  Colum Hon-Null Count Dtype

9 Sitefo 19248 non-null  inté4

1 Time 19248 non-null  object
2 water depth x 19248 non-null flostsd
3 water level elev 19248 non-null flostsd
4
5

DateEdit 19248 non-null datetinesd[ns] Wicrosoft Store
DeclatVa 19248 non-null float64
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IV. CONCLUSION

We combined a full waveform radar model with existing water dielectric models valid in the GPR frequency band and
demonstrated the high degree of accuracy of the approach for predicting GPR measurements collected in air above a
water layer. Provided attenuation is small enough so as to observe a reflection from the bottom of the pool, inversions
of the radar data led to accurate reconstructions of the air and water layer thicknesses with a millimetres accuracy, and
the conductivity of water was relatively well retrieved, as compared to the estimates without considering dielectric
losses. These results highlight the importance of accounting for frequency-dependent dielectric losses for GPR
applications dealing with water. Lab test showed Cr(vi) may entered in coarse sand in a brief time frame, however
Cr(vi) was hard to go into ground water during the time spent time. In medium sand, Cr(VI) was more difficult to enter
groundwater.2) Oxides of ferrite, manganese, aluminium, and clay minerals can adsorb chromium(VI), reduce it to
Cr(OH)3 or (Cr,Fe)(OH)3, and precipitate it out. Because of adsorption immersion, decrease and precipitation are the
fundamental evacuation component of chromium.3) Despite the widespread presence of chromium contamination in
groundwater, the majority of Cr(VI1) is converted to precipitation by reducing action due to the abundance of reduction
agents in the infiltration media. Therefore, the tests showed that ground water contamination with Cr(VI) did not
originate from a polluted river.
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