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Abstract

Intelligent techniques are only beginning to play a significant role in improving forecast for
severe natural degradation and studying the changes in the climate through time. Advances in
artificial intelligence have significantly strengthened prediction techniques, such as new
machine learning and computational intelligence techniques. When it comes to the risks
artificial intelligence (Al) and machine learning present for our rights, privacy, constitutional
protections, and democratic, many people are more focused on these perceived dangers.
However, beyond such valid worries, Al has the potential to improve efficiency, provide
more accurate forecasts, and maximize the efficiency of community as a whole by enhancing
various operations. Climate change threatens the functionality of societies, required a
significant amount of adaptability to keep up with changing climate changes in the ahead.
Machine learning (ML) techniques have seen vast advances in the last several years,
prompting major discoveries in other fields of study, and researchers are now predicting
machine learning techniques may help climate studies. Whereas a substantial number of
individual Planet System components have been studied using ML methods, it still hasn't
been used more broadly to comprehend the whole climate system. Incorporating known
climate links, artificial intelligence (AI) can construct improved weather alerts, particularly
severe occurrences.

Keywords: Artificial Intelligence; Machine Learning; Prediction; Climate Change

1. Introduction

There are many dangers in society today,
that one of the most threatening is the
rising temperatures caused by climate
change. However, since the most
devastating effects are expected to happen
tomorrow, it is probable that more present
and less systemic issues will become
prominent in politics. Although we know
that individuals act defensively by
downplaying the biggest risks in
community, experts recommend reminding
us of this. Denial has a miraculous effect
on one's well-being, but it has no bearing

on one's grandkids. The introduction to
this section explains climate change in a
nutshell. It's all about the technological
and data difficulties, and it offers real-
world climate change mitigation examples
with the help of Al

Today's civilization is saturated with
artificial intelligence. Although the phrase
"data scientist" dates back to the 1950s, it
is now a popular term. 31 But the vast
majority of publications on artificial
intelligence begin by admitting that this
word is vague, malleable, and susceptible
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of numerous interpretations. Starting with
the big picture, therefore, it is essential to
at least explicitly define the three core
ideas we're going to be using: data
However, to expand on that previous
point, you might say that when one speaks
about artificial intelligence, one is talking
about “a collection of methods used to
simulate some aspects of social or
nonhuman intelligence using computers
[2]” One possible explanation for this
format's obscurity is because humans still
have yet to completely comprehend how
their own mind works.

It may be simpler to embrace Al's grey
regions if we acknowledge our own limits.
Because of our narrow experience, it is
likely that Al is often categorized using
basis for examining a wide assortment of
mental tasks that computers can perform,
such as voice recognition or face detection,
as well as the ability to resolve conflicts,
fully comprehend natural language, and
learn from experience. The concepts of
analysis, artificial intelligence, and
machine learning [3] However, when extra
cost and complexity is accounted for,
machine learning and Al may justify their
higher price tag. In today's big data,
machine learning is often used, allowing it
possible to take the research process above
simply examining data and using
hypotheses, experimentation, and
understanding on their own.

Machine learning is a combination of
several methods that are based on a large
quantity of data and enhance the system's
capability via ongoing learning.
Individuals do provide information and
offer a crucial set of specifications. Every
time the software that automatically a
guess, it starts with an informed estimate
of what kind of knowledge to search for,
and afterwards checks to see whether the
prior guess was any good by looking for
that detailed information. These ideas may
be thought of as layered, but separate

concepts, but each needs large data to be
successful. The methods used to do
traditional data analytics included people
collecting large amounts of data to
aggregate and analyze it with the aim of
finding link between the variables. The
data is searched to verify relationships
which are assumed by people. Business
intelligence helps to predict, operate, and
settle transactions in the energy industry.
Others assert that analytics, in particular
business intelligence, are capable of
performing “virtually all the services
utilities want without the expense and
complexity of Al and machine learning.”

2. Review of Literature

Chen et al. [6] evaluated the effectiveness
of dual paralleled feed-forward neural net
in helping with climate change adaptation
by calculating total sediment loading.
Olyaie et al. [7] A comparison of the
various neural networks' abilities on a
precipitated groundwater flow from a
water system has been completed.
Artificial neural network has been
investigated for assessing cost and
environmental life cycle for incinerator
and disposal systems, as well as
calculating energy use and ecological life
span for garbage and incinerator systems.
Taormina et al [8] To assist in the accurate
forecasting of river amounts, an enhanced
artificial neural system, the automated
secondary flow technique, and the binary
numbers optimization algorithms have
been included. Uittenbroek et al. 2019 [9]
The first thing to note is that carbon

pricing  integrated  research  often
concentrate on a restricted set of
organisations: environmental, water
treatment, agricultural, and/or spatial

planning agencies and departments are the
“main ones” in sustainable development.
However, this views organisations and
ministries through a narrow prism, which
ignores a number of important industries
such  as  hospitality, ICT, and
infrastructure. Research on actual practices

Volume 11 Issue 09, Sep 2022

ISSN 2456 - 5083

Page: 113



International Journal for Innovative

€ngineering and Management Research

A Peer Revieved Open Access International Journal

within  those different departments
indicates that there is a high probability of
mitigation actually occurring in these
government agencies, and considering that
restriction, focusing on the usual suspects
is sensible. However, inattention to large
portions of economic agencies and
government agencies can hinder efforts to
truly show how well the company is going
for and acting on disaster risk
management.

Creutzig et al. 2019 [10] machine learning
are vital to academics' goal of moving,
classify, and evaluate the global warming
activities carried out by governments. For
the sake of this example, we believe that
knowledge into which departments and
organisations have participated in disaster
risk management may serve as a
measurement  for  “sub -  system
engagement”, a critical aspect of policy
taken into consideration in order. A further
benefit of this methodology is that it
enables us to identify the policy objective
and implementation techniques used in
each ministry and agency, as well as the
other two essential components of policy
taken into consideration in order.

Reichstein et al 2019 [11] Researchers
foresee that as ML and AI algorithms
improve, they will help climate research
by offering significant possibilities to

Global extremes }.

www.ijiemr.org

assist feature extraction. By providing an
overall perspective of climate assessment,
we elaborate on this further. Our aim is to
find and evaluate products that use
machine learning algorithms, examine
current descriptions of machine learning
algorithms, explain  three  possible
implementations, and to see how Al might
benefit humanity respond to changes in the
climate with an emphasis on droughts.

3. Conceptual Framework

3.2 Risk Transmission under Changing
Climates:

Even with many causal paths, measuring
risk is difficult because of the wide range
of complexities that the different routes
include. There's really no accounting for
the magnification or reduction of systemic
hazards without first comprehending the
interrelated nature of price volatility. The
UK Climate Change Risk Assessment
(CCRA) 2017 shows the bridge danger
transmission pathways in figure 1. An
increased risk on many time periods exists,
from present-day snow conditions hazards
to climate-induced changes. While there is
uncertainty about the main consequences
of climate change, as well as how the
resulting social reactions will affect overall
outcomes, the outcomes are difficult to
anticipate, as illustrated in Figure 1.

Global changes: means,
extrems, tipping point
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Figure 1: Risk Transmission Mechanisms
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Consequently, the pathways through which
risk may be transferred include both
elements of the research and their
interconnections. Wastewater and air
fluxes crossing jurisdictional borders, as
well as changing network services, such as
fishermen, provide an additional pollutant
[13]. The ultimate effect of climate
hazards, nevertheless, is a cascading effect
across social contexts. The other forms of
risk transference include movements of
commodities, human mobility, and
commercial and economic connections.

www.ijiemr.org

Social reactions to risk arise as a result of
individuals being either threatened by
hazards or anticipating the appearance of
such dangers. Various systems such as
political structures, free markets, media
attention, and behavioral reactions all
combine to amplify total risk. Including
land-use regulations that affect
unemployment rates in regions threatened
by wildfires, behavioral reactions to
evacuating instructions are also impacted
by the results of wildfires.

svstematictrands &spatial

L I
telecommunication .

Climate System: (lobal sectoral system: Temporal &

spatial risk
Food, water, p| fransmission
ENErgy....
Systemic risks
Interaction betwesn &
sectors

Perceived climatic risk:

| ,

» Climate information on Anti C%pa:fd . limpbamd & @PIlﬁCEﬂDH of
interpretation | | perceived risks based on N risks
s Individual risks action

Figure 2: The pathways that provide resources and create climatically generated risk
transference

When the danger of climate effects are
expected then instead of realized, we refer
to it as energy consumption risk speed
reducer. This subcategory acknowledges
that a reaction to environmental tendencies
and occurrences, rather than the last
climate effect, may have larger
implications. It is common for these types

of macroeconomic indicators to span many
geographic regions and to be tied to
various types of scarcity of resources and
financial and trade structures. As material
generation (typically amplification) is at
the root of risk spreading, we referred to it
as the source of energy transmits
(sometimes referred to as amplification).
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Since this bridge amplifies risk via the
social networks, it is characterized by
magnification of risk. An defines the
power may develop either because of a
previously existing systemic risk (for
example, when food production fail to
meet food security needs), or the process
may be driven entirely by the collective
reaction to climate threat, or even by
measures aimed at predicting or avoiding
risk.

The categorization focuses on risk transfer,
rather than risk itself. Our focus is on sales
navigator and indeed the ways it manifests
across the world. Here, climate is and is
not a prominent generating process for
meteorological sales navigator in the two
groups mentioned above. Any positive
effect will very certainly result from a
combination of methods of delivery. For
ease of reference, here are the two
different sensitive to movement and their
connection in graphical form (Figure 2).
Here's a way to illustrate: energy security
in a particular place is dependent on
whether the systemic baseline measures
such as ENSO (upper left of the diagram)
are active. When they are, government

www.ijiemr.org

revenue and economies for foodstuff and
other commodity are disrupted, affecting
the supply of food mostly in area (upper
centre of figure). The resultant pattern of
effects on food availability and/or pricing
has emerged as a systemic one across
many areas (upper right of figure). Food
and nutrition security risk has been
amplified by  climate  conditions.
Hydrocarbon magnification of risk has
been seen underneath the image on the
page (see Figure 2). Perception dangers are
important here. These routes show that
they are interconnected, and they do not
operate alone. A distinction between these
two processes 1s that weather patterns
serves as a real and measurable template
that appears around through time and/or
storage in the topographically produced
framework; however in the hydrocarbon
prime movers, climatic conditions may
well not be there, and the decision to
invest or pursue risk depends upon this
reality of the situation. Social risk can
have an effect on the planet's climate,
while the greenhouse effect may have an

impact on future risk.

Internal
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Resources
generated
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Climatic

stock levels,

trade policy
/ changes

trigger

System
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Figure 3: Price transmission methods make resource-generated risk amplification even more

dangerous.
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Another effect of the possibility of
climate-related impacts on food security is
price volatility in food. Figure 3 A major
weather events has the potential to disrupt
a farming industry that has been subjected
to steadily rising strain from need and
consumption of resources over time. The
interaction of such disruptions with the
marketplace and its regulations results in
the transmission of supply and demand,
which may be exacerbated by a variety of
independent variable. They can also have
secondary impacts, such as increasing the
amount of agricultural purposes, which
can reduce overall system = security
vulnerabilities in the short to medium term
[17]. However, increasing the amount of
agricultural purposes may significantly
raise long-term global temperature risk by
increasing carbon dioxide emissions.
Consequently, it is clear that whilst the
foundational attributes of  social
institutions (such as the workings of small
stores) and indeed the accumulated
answers of social institutions to
foundational climate risk (such as global
finance pure conjecture or export blacklists
impacting world markets) are responsible
for the amplification of source of energy
risk. Despite the fact that the stimulus is
climatic in nature, only hydrocarbon types
of communication are in play in the case
shown in figure 3. Not only is there,
therefore, an ecologically produced
lengthy hazard produced by electric that
exists to the degree that temperature
alteration surpasses social and biological
adaptations [19]. A further consideration is
that, in the event that the environmental
triggering is a constant head like the
ENSO, this would represent a
topographically produced risk exchange
rate.

www.ijiemr.org

3.2. Artificial Intelligence and Climate
Change

Amongst the most formidable issues
confronting civilization is global cooling.
But it is probable that the worst effects
will only happen in the future, making race
factors that can be dealt with in an
electoral cycle have priority. Although we
know that individuals act defensively by
downplaying the biggest risks in
community, doctors
reminding us of this. 20 Ignorance has a
miraculous effect on one's well-being, but
it has no bearing on one's grandkids. This
section is intended to serve as a basic

recommend

introduction to climate science. This is all
about the technological and data
difficulties, and it offers real-world climate
change mitigation instances with the help
of AL

3.2.1. Climate Change:

Management of energy consumption and
adjustment to their consequences are
required to confront environmental issues
as a worldwide issue. Over the course of
this project, a diverse group of research
groups came together to discover the core
principles of global climate change and the
significant impact of living organism
increases of Gas ( ghg ) emissions. Based
on their findings, the researchers argued
that different increment of Greenhouse
gases since the industrialization seem to be
the "primary mechanism" of the
extraordinary rise in global atmospheric
pressure. According to a 2018 IPCC
Special Report, limiting greenhouse gases
to 1.5°C is critical to managing the
significant challenges that poses a
significant to the environment and human
health and also well.

The Intergovernmental Panel on Climate
Change (IPCC) concluded that human-
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generated carbon emissions must be
reduced by 45% by 2030, and reduced to
zero by 2050, in order to prevent the world
temperature from rising by 2°C. In order to
achieve these impressive objectives, the
study notes that significant emissions
reduction would need “rapid far and”
measures that will affect almost every
facet of life. Technological innovations on
the order of those that have never occurred
before will require dramatic
transformations across many
dispensations, as the world's biggest
greenhouse gases in the US are generated
by road transport (29%), with electric
power (28%), business sector (22%),
building materials (12%), and agricultural
development (12%) following close
behind (9 percent ). Multiple methods of
reducing and adapting to the impacts of
climate change have been devised, with
different degrees of political acceptability.
But there is a great deal more to be done
[20]. An immense amount of relevant and
persuasive expert research proved that the
increase in atmospheric carbon dioxide
was due to fossil fuel burning and would
contribute to the planet's overall warming
if left uncontrolled.

3.2.2. Artificial intelligence:

Al seems to naturally be positioned to
solve these complex climate warming
problems. This section offers a quick
introduction of Al and many instances of
its application to potential pollution that
cannot be reversed. Today's civilization is
saturated with artificial intelligence.
Software developers first popularized the
phrase in the 1950s, and it has since
become ubiquitous. But the vast majority
of publications on artificial intelligence
begin by admitting that this word is vague,
malleable, and susceptible of numerous

www.ijiemr.org

interpretations. While we were discussing
how Al is best defined, it is important to
remember that one may consider Al as “a
collection of methods for mimicking some
aspects of social or nonhuman cognition
employing machines.” One possible
explanation for this concept's obscurity is
because humans still have yet to
completely comprehend how their own
mind works. We may be more accepting of
artificial intelligence's uncertainties if we
are prepared to acknowledge the limits of
our own understanding. Computers may
do the kinds of things we give them, and
our current limited knowledge could
explain why Al is generally described and
used examples to show limited and
discontinuous complex processes like
speaker identification or computer vision,
as well as broad and diverse cognitive
processes like problem solving, nlp, and
learning.

From the start, therefore, it is essential to
at least define clearly precisely three
crucial constructs: advanced analytics,
artificial  intelligence,
learning. These ideas may be thought of as
layered, but separate concepts, but each
needs large data to be successful. The
methods used to do traditional data
analytics included people collecting large
amounts of data to aggregate and analyze

and machine

it with the aim of finding connections
between variables. Data is ‘“checked to
test” connections with human assumptions.
The ability to effectively use business
intelligence in the energy industry may
result in better predicting, controlling, and
collecting payment. According to these
claims, business intelligence can handle
"much of what utilities require” with less
expense and complexity.
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However, when extra cost and time is
accounted for, machine learning may
justify  their higher price tag. In
contemporary  business  intelligence,
machine learning is often used, making it
possible to take the analysis process
beyond simply examining data and using
assumption, experimentation, and learning
on their own. Quantum computing is a
group of methods which take use of huge
amounts of data that retrain any algorithms
and continuously improve the system
itself. Humans provide the information and
offer a crucial set of specifications.
However, when it processes each snippet
of knowledge, the algorithm first
formulates an informed estimate as to what
kind of knowledge to seek and then, using
the results of the last attempt, produces an
updated guess.

If we can come to an arrangement on that,
it's easier to see why artificial intelligence
was becoming today's Al perfect
representative. When artificial intelligence
identifies issues by engaging with the

Computational Tools

situation, it is frequently referred to as
artificial intelligence. Even while many
people are expecting for development of
“general Al” where robots can do
cognitive tasks similar to humans, current
“narrow AI” is rather like a Samurai (a
robot that vacuums floors) than the Cyborg
(a2 robot programmed to eradicate
humans). When it comes to specific jobs,
Al is very adept, but when it comes to
topics such as the environment, rational
thinking, the capacity to learn from a small
set of examples, this same ability to think
abstractly, or logical experience, it is still
quite undeveloped.

Lacking human involvement, we assume,
revisit, and re-evaluate our models all the
time. “The critical discovery in machine
learning was whether our assumptions
about what it means to be human are often
not supported by reason or evidence, but
rather are dependent on a substantial
amount.”

Complexity of the decision mazkmg
process

v

Accurate evaluation process

-

Intelligent
computation

v

Uncertainty

, !

Data analysis and exploitation

L

Artificial intelligent

Forecasting capabilities

L

Figure 3: An Intelligent Approach to Mitigate Effects of Climate Change
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Probability of climatic anomaly events is
used in climate forecasts, which may have
lead periods up to many seasons[16].
Longer-term forecasts that have a greater
amount of skepticism and a lower degree
of precision are now generally referred to
as ‘"climate projections." One of the
leading methodologies used by
temperature data is quantitatively, and it
uses a variety of climate-influencing
factors such as the atmospheric, seas,
surface of the earth, or ice. Used for
research into chemical linkages, as well as
predictions about future temperature.

4. Methodology

4.1. Support Vector Machine:

The most focused method in artificial
intelligence is svm (SVM, also called as
support vector network). This principle is
drawn from computational learning theory.
SVM seems to be a very excellent tool for
many sorts of practical issues. SVM is
used extensively in mints dataset
identification and 1image recognition,
particularly in cases where deductive and
marketing and public settings are
unnecessary for markers training instances.
Additionally, SVM is also used to classify
and separate images. It has been shown via
experimentation that SVM can obtain
significantly better search effectiveness
than conventional query modification
methods after two or three sessions
providing correlated feedback. Finally,
zoology as well as many other scientific
disciplines are popular among the SVM.
SVM is now utilized for proteins
categorization, and the combination
package designs in commerce may achieve
accuracy levels above 90%. Support vector
machine has been used to detect different
characteristics and  forecast energy

www.ijiemr.org

metabolism in the trying to cut field of
bioinformatics science.
SVM is a machine learning method
somewhat similar to neural networks. A
automatically download in a neurological
network is called a linear SVM (although
the purpose is separate from a computer
program). A two-layer neural network is
considered a negative SVM. Conformal
neural networks may be emulated if
several learning algorithms are introduced
to the asymmetric SVM. The fundamental
concept of SVM is to transform the
activation function into a strong feature
vector by means of a multilayer perception
that has been previously chosen, which
allows wus to translate the necessary
nonlinear issue into a supervised learning
difficulty in the strong space. An optimum
supervised learning surface is created in
this strong space, and can distinguish the
two kinds. The spacing here between 2
categories is also maximized, especially as
the main kinds are more distinct from each
other.
Specify the x 1, y 1 sample locations to be
(x 1, y 1). X is co prime to RD, such that,
and the situations:

yil(w*x;) +b] -
1>0,(i=12..n) (1)
The number 10, known as the hyper plane,
forms a two-dimensional class interval
with base-width w . In order to fulfill the
concept of the SVM maximum interval,
we must maximize 1/2w.”2 and make the
interval as long as or twice as long as the
minimum.
The Lagrange function is constructed

1
L(w,a,b) = 3 |wll* = TF agy; (wx +
b)+¥ia, (2
While doing the original issue, we convert
it into a dual problem.
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maximize w(a) = YN, a;-
% i1 2j=1 2ia;yiy; (X, X)) (3)
Subject to
a; =20,(i=12,.....,n), 2%, yia; =0
to get the weights, then, to find the weight
vector W 0
Using the supports from both x and vy, as
well as b0, we can find the hyper plane
using the optimum function
f(x) =

sign[Yien yiai(x, X;) + bo]

4)
A complex solution problem may be
transformed into rational basis by using
the distance matrix K(xi, xj).

w(a) = Zi\I:l aj-
1
5 2i=1 Xj=1 aidjyiyiK(xi, X)) %)
Following this, the categorization function
is applied.
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f(x) = sign[Xin yiaik(x, x;) + bo]
(6)

To guarantee that the proper categorization
is applied, the relax factor £ i must be
greater than zero for all values of I ranging
from 1 to n. This results in constraints
equation 1.

yillw=x) +b] =1+ & =0,(i=

1,2,..n) (7)

The optimizing goal is being improved
B(w) = (w*w) +CIL, & 8)
This specifies the mistake penalty factor,
which would be known as C. The extent of
the punishment for incorrect sampling is
regulated, and the number of mistakes is
balanced with the computation time. For
the time being, there are four main types of
learning algorithm used: Figure 4
illustrates the workflow for this algorithm's
modeling procedure.

Trained Model

New Data set

v

v

SVM Prediction Process

Final Prediction

Figure 5: Operation Flow Chart of the SVM Model
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A small portion of the dataset is made
available to the algorithm. In order for
your inputs to be read, they need be
organized properly. Once the basic SVM
characteristics and covariance matrix have
been defined, the very next step is
identifying the Dependent variable in this
study and the activation functions. It
should be analyzed separately by choosing
C and ¢ that have an erroneous penalty and
a maximum margin, respectively. After
then, the training phase gets underway.
The collection is made up of twenty v
equal sections. The remainder subsets are
utilized to construct the system, while one
selection 1is used as a confirmation
component. By using this procedure, the
fitting problem issue is avoided, and a
well-generalized model 1is built. The
classification method is then given a fresh,
heretofore unrecognized dataset. This
water substance gets a prediction produced
by the classification network using SVM.
5. Performance Metrics

The following characteristics  were
calculated to assess the effectiveness of the
developed system. In this instance, this
kind of information may be wused to
evaluate and compare different strategies.
5.1 Accuracy:

A service's accuracy is only a portion of
the classifier's functionality. Accuracy has
been one of the metrics used when
evaluating predictive models. In equations
S, the evaluation of the accuracy of one
category is shown.

Accuracy =
(True positive+True negative)

www.ijiemr.org

complaints over the cost of complaints it
pursues is calculated. To precisely
determine a class there in following

expression, its value is given.

Precision = (True positive) .
(True positive+False positive)

5.3 Sensitivity:

The susceptibility of the affirmative actual
examples projection is the ratio of those
occurrences that have a positive effect on a
certain outcome. Also referred to as a
trigger or memory is hypersensitivity. The
assumptions made up to this point have
discovered the much expected people, who
were previously expected to be negative.
On the other hand, it would be seen as a
genuine response rate. There is a total of 1
out of every 1 incorrect or inaccurate

comments.
(True positive)

Sensitivity =
y (True positive+False negative)

5.4. Recall:

A reminders is quantified as the quantity
of numbers representing the amount of
genuine positives, and then it will be
calculated by adding positive and false

(True positive+True negative+False positive+False negati

5.2 Precision:
The accuracy of the high sensitivity and
specificity The percentage of true

Volume 11 Issue 09, Sep 2022

negative.
Recall = —— (12)
TP+FN
6. Result and Discussion
6.1. Precision:
S.No Model Precision
1. Logistic 0.69
Regression
2. Random 0.57
Forest
3. Decision Tree 0.61
4 Support 0.81
Vector
Machine
Table 1: Comparison of Prediction
Precision with Different models
ISSN 2456 - 5083 Page: 122
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I I I I W Sensitivity

The following tables and figures detail the
findings of logistic regression, with
Prediction Precision values of 69% and

Sensivity
- I )

= e = o=

S ]

57%, as Well as DeCiSion Tree, With Logistic  Random Forest Dedsion Tree Support Vector
Regression Machine

Prediction Precision values of 61% and Model

61%, and Support Vector Machine, with Figure 6: Comparison of Prediction

Prediction Precision values of 81. Sensitivity with Different models

6.3. Recall

o I I . S.No Model Recall
P ]_I L L. Logistic 0.59

Logistic Random Forest Dedsion Tree Suppert Vector

Precision

Regression Machine Regression
ot 2. | Random Forest 0.69
Figure 6: Comparison of Prediction 3 Decision Tree 0.75
Precision with Different models
Support Vector 0.95
Machine

6.2. Sensitivity:

Table 3: Comparison of Recall with

S.No Model Sensitivity Different models
1. Logistic 0.61
Regression In table 3 and figure 8, logistic regression
2. Random 0.71 is reported as the value of recall is 59%,
Fgrest while random forest is reported as the
3. Decision Tree 0.7 value of recall is 69%, while decision tree
Support 0.97 is reported as the value of recall is 75,
Vector . .
Machine while support vector machine is reported

as the value of recall is 95.

111l -

Table 2: Comparison of Prediction
Sensitivity with Different models

Logistic regression & Decision Tree are
described in Table 2 and Figure 7. The

Recall
cooceoooe
[0 WG Yy

prediction sensitivity figures are 61% and Regamon R e
79% respectively, while support vector .
machines are mentioned in this table and Figure 8: Comparison of Recall with
figure as having prediction sensitivity Different models
figures of 97. 6.4 Accuracy:
S.No Model Accuracy
1. Logistic 0.72
Regression
2. Random 0.80
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Forest
3. Decision Tree 0.77
Support 0.98
Vector
Machine

Table 1: Comparison of Accuracy with
Different models

Table 4 and figure 9 reveal that logistic
regression  results in an accuracy
percentage of 72%, whereas random forest
results in an accuracy percentage of 80,
and so on with decision tree, which is
calculated at 77.

-

Logistic  Random Forest Decision Tree Support Vector
Fegression Machine
Model

Accuracy
o o o o
PR S

[SE

Figure 6: Comparison of Accuracy with
Different models

7. Conclusion

Through the data preparation in this
article, the actual complicated weather
information is used as the experimental
results. For climate forecasting, the models
are contrasted with Machine learning and
artificial intelligence, Svm Processor
methods. The Svm Classification machine
learning model had an iteration length of
100. Machine learning  predictions
outcomes are examined using the
Correlation Coefficient and the
aforementioned performance indicators to
evaluate artificial intelligence, including
sensitivity,  specificity, recall, and
precision. Accuracy rate is the most
reliable method of determining how well
the model identifies the real values as true
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in both the correct and incorrect situations.
Total svm performance is found at 98%
compared to Random Forest, which comes
in at 80%, and Decision Tree, which has a
77% accuracy. Using Svm Classifier, the
Correct Recognition rate-Sensitivity is
evaluated at 97 percent. This yields a
relative accuracy of 95% when compared
to Random Forest (71%), and also, an
accuracy of 79% when compared to
Decision Tree (79%). Nevertheless,
Decision Tree has worse precision than
Svm Classifier. For the decision tree
model, the precision was 61%, while for
the svm, the high accuracy was 81%.
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