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Abstract: In order to ensure effective management and the prevention of groundwater contamination within the watershed, it is
required to conduct an accurate susceptibility study. Because it is a resource that is necessary for human existence, the creation of
goods from agriculture, and the operation of machinery in industrial settings, groundwater needs to be adequately monitored and
preserved for future use. Therefore, it is of the utmost importance that an accurate evaluation of the groundwater contamination
vulnerability index be performed using ResNet-18. The groundwater vulnerability index is a helpful tool for analyzing the state of
the environment in various parts of the world, and the ResNet-18 model is able to lend a hand in the effort to accomplish this goal.
The research indicated that ResNet-18 was a powerful tool for improving the evaluation of groundwater contamination
vulnerability, and that it may help in ensuring the safety of the environment by reducing the likelihood of contamination. These
findings were presented in the form of conclusions that were drawn from the research. This was demonstrated by the fact that it
assisted in improving the assessment of the potential for contaminating groundwater supplies.
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INTRODUCTION

It is very necessary, in order to preserve its cultural and
ecological richness, to have a grasp of the mechanisms that
regulate and maintain its natural surrounds. This is because this
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understanding is what allows for the preservation of that
diversity. In spite of the immense renown it has received, there
has not yet been a complete hydrogeological collection or
assessment that has been produced across a wide variety of
geographical areas. Because of this, it is becoming increasingly
essential that we make use of scientific study in order to gain a
deeper understanding of the processes that are at play in the
natural world [1].

Groundwater is an attractive solution for the distribution of
residential water in big cities, towns, and villages as, in
comparison to surface water sources, it has a cheaper starting
cost, greater water quality, and availability all year round.
Groundwater that is contaminated with nitrate chemicals is
becoming more prevalent not only in local communities but
also on a worldwide scale [1]. A study conducted on the state
of the water supply in the countries of Sub-Saharan Africa came
to the conclusion that shallow wells, particularly those located
in densely populated metropolitan areas, were more likely to be
contaminated by waste from homes. A key cause for concern
regarding the quality of Ethiopia groundwater is the presence of
high concentrations of microorganisms and nitrate chemicals in
shallow, unconfined aquifers located in close proximity to large
communities [3].

According to the conclusions of a number of studies,
groundwater will continue to function as the primary source of
fresh water in spite of changes and variations in the climate. The
aquifer and the surface water sources that it feeds are tapped for
groundwater extraction in order to provide water for drinking
and other household uses [4]. Despite this, the contamination of
groundwater has greatly worsened as a result of population
pressure and the irresponsible use of water, neither of which has
taken into mind the continued existence of ecosystem services
in the long run. This is a challenge that can't be disregarded in
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any way. A number of different variables, including shifts in
hydrogeology and actions carried out by humans, are
responsible for the poisoning of groundwater [5].

This high level of contamination has been caused by a variety
of factors, including those listed above. A first assessment on
the quality of the drinking water in Ethiopia and discovered that
32 percent of the wells had measurable amounts of nitrate
chemical contamination. In addition, multiple studies have
demonstrated that safeguarding groundwater resources is not
only a prudent strategy, but also one that is one that is
substantially cheaper than cleaning up and rebuilding a polluted
aquifer. This is something that has been shown to be the case
[6].

The majority of the water that is extracted from the ground and
from springs is what is utilized for residential purposes. The
concentration of nitrate chemical in the shallow groundwater
wells of Bahir Dar City was high, but it showed a decreasing
tendency as one proceeded from the city centre to the border.
Either the high population density in the city, which is caused
by humans, or the differences in the local geology could be the
source of this phenomenon [7]. Both of these factors are viable
explanations. Two procedures that are vital to groundwater and
environmental management are the establishment of a
vulnerability map and an assessment of the risk of groundwater
pollution. Both of these steps should be completed as soon as
possible. Because of these processes, administrators will be
able to make decisions that are based on reliable information,
which is an important reason why these steps are necessary [8].
There is a wide range of ways that can be utilized in the process
of estimating the threat that is posed to groundwater. Some of
these methods include process-based simulation models,
statistical approaches, and overlay-index methods. In order to
successfully complete groundwater risk assessments, it is
common practice to make use of overlay index methodologies
like DRASTIC [9].

These aspects are listed in the order from most likely to least
likely. In order to measure the quantities of bacteria and other
physicochemical pollutants in consumer water samples. An
examination into the effect that human waste has on the natural
environment was carried out. The quality of the ground water
and surface water resources and the surrounding peri-urban
areas was evaluated, who carried out the assessment. On the
other hand, the regional disparities in groundwater pollution
induced by hydrogeological and anthropogenic variables are
not well documented [10]-[15].

The primary objective of this research was to make use of a
modified version of the model in order to determine the degree
to which the groundwater is susceptible to being contaminated
by nitrate chemicals. This was done in order to determine the
degree to which the groundwater is susceptible to being
contaminated by nitrate chemicals. To be more specific, our
goals were to make maps of intrinsic and particular
vulnerability, learn more about where nitrate chemical
contamination was happening, and change the Vulnerability
Index to take into account the number of nitrate chemicals that
we found. All three of these goals were to be accomplished.

PROPOSED METHOD

To create the model for recognizing photographs of nitrate
chemical that we are presenting to you here, we made use of a
deep residual network that was given the name ResNet-50.
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2.1. ResNet-50

Over the course of the previous few years, numerous proposals
for backbone networks of exceptionally high quality have been
made. ResNet residual structure makes it possible for it to
prevent gradient growth and disappearance as more network
layers are added. These are two problems that could arise as a
result of adding more network levels. It is one of the feature-
extraction foundations that is utilized the most and is suited for
application in convolutional neural networks (CNNSs).

Table 1 outlines the many internal components that make up
ResNet-50, along with their respective compositions. In order
to make room for a convolution layer (convl) and a max
pooling approach with a stride size of 2, the input image is first
scaled to 224 x 224 pixels. After this step, the convolution layer
and the max pooling technique are applied. After that, there are
a total of four residual layers that are utilized for the feature
extraction process (Layer 1, Layer 2, Layer 3, and Layer 4).
Following that, we will use a method called global average
pooling (GAP) to get a feature that is 1 x 1 x 2048, then we will
flatten it and input it into a complete convolutional (FC) layer.
The probability of the various types of nitrate chemicals are
what are produced as a result of this procedure.

Table 1. ResNet-50 Network structure

112x112x64
56x56x64
56x56%256
28x28x512
14x14x1024
7x7%x2048
1x1x2048
Num_classes

Feature Fusion

The hierarchical structure of the features retrieved by a
convolution neural network can be attributed, in part, to the
nature of the convolution operation as well as the structure of
the network itself. Therefore, the information used by the lower
layers, such as colour and border, is quite simple. The features
that are collected will be more advanced and more class-
specific if there are more layers than there are currently in the
model. When organizing items into categories, such as those
that may be found in the ImageNet collection, it is frequently
important to make use of abstract, high-level attributes.

Nitrate chemicals, on the other hand, come in a wide range of
colours, crystal forms, hardness and chemical properties of
nitrate chemicals; all of these aspects are intuitively represented
in the photographs of nitrate chemicals by their varied hues,
outlines, transparency levels, and surface textures. Nitrate
chemicals come in a wide range of colours, crystal forms,
hardness, and lustre due to the diverse chemical Nitrate
chemicals can be discovered in a number of different habitats,
such as the soil, the water, and the air. Since this is the case, the
approaches that are currently being used to identify nitrate
chemicals still have room for development because they do not
take into account low-level characteristics such as colours,
forms, and textures.

In this study, we present a strategy for the recognition of nitrate
chemicals that combines characteristics in order to improve the
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performance of features, which, in turn, leads to an
improvement in the accuracy of recognition. This strategy
combines low-level and high-level characteristics in order to
increase the performance of features, which in turn, leads to an
improvement in the accuracy of recognition.

In particular, ResNet-50 is used to extract four layers of features
from the ImageNet dataset from nitrate chemical images. These
features come from the ImageNet dataset. Layers 3 and 4 are
the ones that provide the high-level features, with the features
produced by Layer 4 being the ones that are commonly used for
classification purposes due to the fact that they have the largest
receptive area and the semantic information.

The high-level features are provided by the layers that provide
Layers 3 and 4. It is standard procedure to assign a quality rating
that is lower than average to the features that are present at the

Section A-Research paper

Layerl and Layer2 levels. GAP needs to be performed
beforehand in order to scale the features to a constant height and
breadth in order for feature fusion to be possible. After that, the
high-level (FH) and the low-level features (FL) are
concatenated together using the method that is used to create
the fused features.

Ffused=[FH,FL].

Therefore, the merged features consist of a wide variety of high-
level and low-level details, as well as semantic information at a
higher level. In the very last, but certainly not least, the model
output that was produced by the fusion features is retrieved with
the assistance of the Full Connection (FC) layer. This is the
appearance of the model that is formed when the features of
Layer2 and Layer4 are combined, as seen in the image in Figure
1.

Input Image

Layer 1

Layer 2

Layer 3

Layer 4

FH and FL

I:fused

Weighted Top
Loss

Figure 1. Feature Fusion Recognition

Loss Function

The loss function elucidates the objectives that the process of
network learning is attempting to realize in order to be
successful. It is common for there to be a significant difference
between the proportion of simple samples, which exhibit the
unmistakable properties of the nitrate chemicals, and the
proportion of difficult samples, in which the features are
displayed in a manner that is unclear either as a result of
insufficient imaging or as a result of the nitrate chemical own
inherently concealed properties. This is because it is typical for
there to be a significant disparity between the proportion of
simple samples, which exhibit the unmistakable.

In most cases, a significantly higher percentage of the samples
are simple. When the network is being trained, it picks up on
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the obvious characteristics rapidly from the uncomplicated
samples. However, the mining of features from the challenging
data is neglected since their weights in the total loss are so low.
This is because the weights are based on the total loss. Once a
network reaches a certain level of learning, the increase in its
performance is capped because the existing loss functions are
unable to require the network to learn the implicit information
that is included in the hard samples. This means that once a
network reaches this level of learning, the increase in its
performance is capped. As a consequence of this, an increase in
a network performance can no longer be improved upon once it
has reached the level of learning.

Some nitrate chemicals display significant intra-class variances
but only little inter-class differences, which can lead to
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confusion as a result of the subtle differences that exist between
the two groups of nitrate chemicals. As a consequence of this,
giving more weight to these challenging data sets has the
potential to bring about improvements in the accuracy of the
model. Zhang proposes using top-k loss as a solution to the
issue of OHSM that manifests itself throughout the process of
online face identification. The selection of challenging samples
with high loss values as training samples is a crucial part of the
OHEM technique. This is done in order to identify the
parameters of the network.

In this work, we make an effort to incorporate top-k loss, which
shall henceforth be referred to as Losstop-k, into our
investigation of nitrate chemical image recognition. This will
be done in order to better understand the results of our
investigation. The softmax loss for the ith sample in a batch is
denoted by Li and may be written as,

Li :_Iog class
2. ¢
j=1
1 N
Loss=—>"L,
N i
Sort(L;)={L/,....Ly}

where ai is the number of calves in the first vector indicating
the model output for the ith sample. Li indicates the softmax
loss for the ith sample in a batch. Li is the notation used to
indicate the soft maximum loss for the thirty-first sample in a
batch.

According to equation (2), the softmax loss is the total number
of losses that take place inside the batch, where N - total number
of items in the batch. correspondingly, when the integers are put
in ascending order, we write Li’. In Equation 4, where k is a
percentage, the value of Losstop-k is the kN loss average values
that are largest.

kxN

topk Z L

The only loss values that are employed in the top-k loss strategy
to determine the values of the training batch learning
parameters are the ones that come from the top-kN examples,
which are also referred to as the hard samples. These loss values
are the only ones that are used. Utilizing backward propagation
in order to derive gradients from this challenging data is one
way to make the network more efficient, which paves the way
for improving its overall performance. Because of this, the
network will be able to assign more weight to hard data and
unearth additional implicit information in a manner that is both
more effective and efficient.

The performance of the network has been significantly
enhanced, and it is now able to make more effective use of all

Loss
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of the data that is already at its disposal. The first kxN loss
values in this function indicate tough samples, whereas the
latter NkxN loss values indicate straightforward data. Within
the context of the equation, the interval [0,1] is used to represent
the weight coefficient. When =1, the top-k loss is equal to the
softmax loss, and when =0, it is equal to the top-k loss.
However, when :2 itis equal to the weighted top-k Ioss

kxN
>

L0SS,y, = ZL’+a = k N

i=1

Performance Evaluation

It is possible for the findings of the evaluation to be influenced
due to the subjective nature of the modified model. This holds
true for whatever kind of grading or weighting system you can
think of. In order to validate the influence that the parameter has
assessment, the purpose of the sensitivity analysis is to analyze
the data. It is common practice in the field of groundwater
vulnerability assessment to do a sensitivity analysis on a single
parameter.

This is done so that a better knowledge of the effect of
subjectivity and weights assigned to each parameter in the
assessment may be gained. In order to investigate the effect that
each variable has on the vulnerability index, we opted for and
made use of the parameter analysis for the purpose of this
inquiry. On the basis of Equation 7, the following is an
explanation of how to carry out a single parameter sensitivity
analysis (SPSA):

W=(PrPw)/Vx100

where

W — overall parameter weight,

Pr - rating value

Pw — individual parameter weight

V - overall vulnerability index.

Map removal sensitivity analysis

A sensitivity analysis of map removal is what is used to exhibit
the level of sensitivity that is associated with leaving out one or
more maps, and it is what is used to illustrate this level of
sensitivity. It was necessary to conduct a map-removal-
sensitive analysis in order to determine whether or not the
model included all of the essential components. The equation
for the map removal sensitivity measure is shown below in (Eq.
6), and it is given in terms of the variation index S.
S=(VN-1-V‘n-1)/ Vx100

where

S - sensitivity index,

V" - perturbed index, and

V - unperturbed index,

N - data layers to compute V

n - data layers to compute V".
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Figure 3: Map Removal Sensitivity
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Every one of the parameters had a consistency ratio that was
less than 0.1 within the framework of the weighted pairwise
comparison. This served as evidence that the accumulated
expert opinions were credible and appropriate for use in the
ResNet-18 approach that was utilized for the process of
producing risk maps.

The Analytical Hierarchy Process Index and the nitrate
chemical levels in the environment were shown to have a
correlation, and the value of the Pearson coefficient for this
association was equal to 0.53. In comparison to the index as
well as the other approaches, this specific strategy has
demonstrated a far greater link.

It is possible to incorporate human reasoning into the control
algorithm as a means of coping with the unpredictability of the
parameters. This can be performed without jeopardizing the
algorithm security in any way. According to the updated model,
31% of those who were evaluated were classified as having a
high vulnerability, 39% were classified as having a moderate
vulnerability level, and 30% were classified as having either a
low susceptibility range. When compared to the traditional
method, this approach significantly broadens the scope of
vulnerable regions within the high and moderate-to-high
classes.

CONCLUSIONS

It is a resource that is necessary for human existence, the
creation of goods from agriculture, and the operation of
machinery in industrial settings, groundwater needs to be
adequately monitored and preserved for future use. Therefore,
it is of the utmost importance to conduct an accurate evaluation
of the groundwater contamination vulnerability index using
ResNet-18. This evaluation must be completed as soon as
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possible. The groundwater vulnerability index is a helpful tool
for analyzing the state of the environment in various parts of the
world, and the ResNet-18 model is able to lend a hand in the
effort to accomplish this goal.

The goal of this study is to characterize the hydrogeochemical
mechanisms that influence nitrate chemical and fluoride
enrichment, as well as the geographical distribution, temporal
distribution, and incidence of those mechanisms. This
information will be gathered through the course of this study.
The total hazard index provided a numerical portrayal of the
potential harmful effects on one health that could arise from
consuming groundwater that was severely contaminated. These
potential adverse effects could be the result of drinking
contaminated groundwater. The findings of this study help
determine the severity of unique sensitive zones at a given area.
This is essential for planning and executing effective
approaches to ameliorate groundwater quality and human

health, which are both affected by poor groundwater quality.
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