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ABSTRACT

PREDICTION OF WEATHER USING DATA MINING TECHNIQUES

AL-ANI, Abdulgader Mohammed
M.Sc., Information Technologies, Altinbas University,
Supervisor: Asst. Prof. Dr. Sefer KURNAZ

Date: April / 2023

Pages: 65

Weather forecasting has become increasingly essential as a result of its uses in a variety of
industries, including agriculture, energy companies, and everyday life. Weather prediction
has become a real-time challenge for the world in the previous decade. Because of the ever-
changing meteorological conditions, forecasting is becoming more difficult. Weather
forecasting is the prediction of how the current state of the atmosphere will change in the
future. Understanding the numerous contributing elements that produce weather variations
is crucial for efficient weather analysis. The process of recording meteorological data such
as wind direction, wind speed, humidity, rainfall, temperature, and so on is known as weather
forecasting. Since machine learning techniques are more robust to perturbations, in this
project we applied linear regression and LSTM to predict the weather such as temperature,
rainfall etc. and compare both approaches and analyzed it. We used two different datasets
for the same. Coming to result that we got from each approaches was quite amazing. In the
linear regression approach, we got mean absolute error about 96.32 mm and 2.69 celsius
when performing rainfall and temperature prediction respectively whereas in the deep
learning approach, the mean absolute error was 0.002268 degree celsius, 0.003266 km/h,
and 0.003069 Pascal when performing temperature, wind speed and pressure prediction

respectively. We could clearly see the difference between the outcomes.
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1. INTRODUCTION

This part will take a gander at how the "Web of Things' and 'Huge Information' are being
coordinated in the disciplines of data innovation and business. Each plan was assessed in
light of its effect and potential for savvy connected networks. This part looks at how these
advancements have upset the world by recognizing and examining a few potential open
doors and moves introduced by the capacity to ingest and use monstrous measures of "Web
of Things' information, remembering applications for shrewd urban communities, savvy
horticulture, brilliant transportation, etc. At long last, this part examines how the assortment
of ongoing information from 'Web of Things' gadgets offered an opportunity to utilize

information mining strategies and fabricate brilliant weather conditions figures.
1.1 INTRODUCTION

Metropolitan people group are supposed to confront various difficulties soon, including
health, legitimacy, energy usage, compelling assistance movement, strong transportation
systems, etc. Progresses in network coordination of information systems, recognizing and
concentrated gadgets, data sources, and man-made mental ability are empowering the
improvement of wise and connected networks. Individuals these days request the force of
sensors, appropriated processing, fast associations, and data investigation when they utilize
different devices like PDASs, cars, relational associations, and transportation applications like
Uber.

Insights gauge that 500 billion devices will be associated with the Web by 2030, as per [46].
With the assistance of inserted innovation, every contraption has sensors that assemble
information, associate with the climate, and impart across the organization with practically
no administrator inclusion. The organization of these connected gadgets is known as the
Web of Things (loT).

On September 14, 2015, the US government reported another Brilliant Urban area Drive to
help nearby networks in tending to significant worries, for example, bringing down gridlock,
fighting wrongdoing, animating financial development, controlling the results of
environmental change, and further developing city administration conveyance. The Systems

administration and Data Innovation Innovative work (NITRD) Program reported the arrival

1



of rendition 4 of a Shrewd and Associated People group Structure on November 25, 2015.
(NITRD, 2015). The essential reason is that networks in all settings and scales approach
Web of Things advancements and administrations to work on their residents' wellbeing,

security, and economy.
1.2 PROBLEM STATEMENT

In this thesis, we assembled a weather prediction model that successfully anticipate the
weather. Our model is concerned with meteorological data in the form of time series, and
those data are changed with information where meaningful information is derived using data
mining techniques. The data mining system is used to uncover hidden patterns and connect
them to the many parameters associated with meteorological conditions. The data now
displays a series across time, and weather prediction can be well considered by applying
time series mining. Several automated prediction systems on the market are being
investigated for providing incorrect information to customers. Several prediction systems on
the market lack capabilities and appropriate interface designs. As a result, individuals believe
that all prediction systems are the same. To eliminate these misconceptions, our technology
will deliver appropriate degrees of prediction while occupants are away from their home.
This system will be especially beneficial to people who work irregular hours at their jobs
and take frequent vacations. Eventually, a flawed prediction system is destructive to people's
assets; it has turned into a drama with people's trust. As a result, we see it as a possibility for

working on this platform.
1.3 RESEARCH OBJECTIVE

The main objectives of the project on weather classification and prediction using Linear
Regression, KNN, Decision Tree, CNN, and LSTM are:

a. To explore the use of various machine learning techniques for weather classification and

prediction.

b. To preprocess and extract features from weather data to be used as inputs for the different

models.



c. To implement and compare the performance of Linear Regression, KNN, Decision Tree,
CNN, and LSTM models for weather classification and prediction tasks.

d. To evaluate the accuracy and efficiency of each model and identify the strengths and

limitations of each technique.

e. To identify the factors that affect the accuracy and reliability of the models, such as the

quality and representativeness of the input data.

f. To determine the optimal model or combination of models for different weather

prediction scenarios based on the evaluation results.

g. To demonstrate the practical applications of machine learning techniques in weather

prediction and highlight the potential benefits for various industries and sectors..
1.4 SIGNIFICANCE OF WEATHER FORECASTING

Weather conditions estimating is quite possibly of the main subject that researchers and
specialists have been moved with because of an anticipated expansion in climate occasions
and environment switches up the world. Weather conditions determining is the utilization of
science and innovation to conjecture the condition of the air at a particular region. Since old
times, people have tried to foresee the climate, and logical estimate models have been created
since the eighteenth hundred years. Forecasters currently gather meteorological information
utilizing more present day systems and innovation, as well as the world's most remarkable
PCs. The fresh debuts are further developing in data gathering limits, with the capacity to
send off satellites and supercomputers and reap information from 10T gadgets. Moreover,
the utilization of information examination procedures, as well as Al, man-made brainpower,
and cloud-based cautioning frameworks; for instance, a framework that lets a carrier know
when to reschedule trips to stay away from rainstorms, or a rancher when to water a
particular line of harvests. These models can be modified to figure changes in the
environment and climate. Regardless of these headways, weather conditions gauges are still
regularly mistaken. Since weather conditions is a confounded and erratic framework, it is

unbelievably challenging to expect.

Weather conditions anticipating benefits numerous parts of society's social and monetary

prosperity. Weather conditions guaging is basic data for some ventures, including
3



horticulture, avionics, energy, trade, oceanic, warnings, protection firms, etc. It can likewise
considerably affect direction and regulation, worldwide food security, development

arranging, efficiency, and hazard the board in the climate [1].

Weather conditions gauging is often used to foresee and caution about cataclysmic events
brought about by unexpected changes in weather conditions. Outrageous weather conditions
are turning into a rising obligation to the economy, attributable to environmental change,
with around ten climate and environment fiascos costing more than $1 billion each as of late,
as per NOAA. Western rapidly spreading fires have cost more than $40 billion over the most
recent two years alone. Tropical storms are pouring more downpour than previously, while

heat waves are turning out to be all the more remarkable and successive (Freedman, 2019).

The Public Weather Conditions Administration is as of now in an abnormal circumstance as
it endeavors to achieve its motivation of safeguarding lives and property. With regards to
climate and environment perceptions, the office is being tried on the grounds that a few
confidential associations are obtaining unrivaled information. As indicated by a 2017 Public
Weather Conditions Administration report, the confidential weather conditions determining
industry is valued at $7 billion (and developing). It's additionally putting the national
government's hold on climate information and alerts to the test. [2].

1.5 CONTRIBUTION

Weather classification and prediction are essential machine learning applications in the
realm of weather forecasting. Weather categorization and prediction techniques include
Linear Regression, K-Nearest Neighbors (KNN), Decision Tree, Convolutional Neural
Networks (CNN), and Long Short-Term Memory (LSTM) networks. Here's how each

method can be used to classify and predict weather:

Linear Regression: Straight Relapse is an essential calculation that can be utilized to foresee
the climate. Direct relapse can be utilized to gauge the connection between climate factors
like temperature, moistness, and wind speed and the objective variable like precipitation or
snowfall. In the wake of preparing the model with past information, you can utilize it to
conjecture future atmospheric conditions. Direct Relapse is a basic and clear methodology

for climate expectation. It is quick to prepare and computationally proficient. Be that as it



may, it suggests a direct connection between the info factors and the objective variable,
which in weather conditions estimating may not generally be the situation.

K-Nearest Neighbors (KNN): KNN is a non-parametric algorithm that does not make any
assumptions about the underlying distribution of the data. It is useful in cases where the
relationship between the input variables and the target variable is complex and non-linear.
However, KNN can be computationally expensive, especially when dealing with large

datasets.

Decision Tree: The Choice Tree calculation is a notable method that can be utilized for both
climate order and expectation. It is easy to utilize and upholds both classification and
constant info factors. The Choice Tree can likewise be utilized to track down key
components that guide in climate grouping and expectation. Sadly, Choice Tree is vulnerable

to overfitting, especially while managing boisterous information.

Convolutional Neural Networks (CNN): CNN is a deep learning algorithm that can be used
for weather classification. It can automatically learn relevant features from the input data,
making it useful for image-based weather classification. CNN has achieved state-of-the-art
performance in various image classification tasks, including weather classification.
However, CNN requires large amounts of training data and can be computationally

expensive, especially when training on large datasets.

Long Short-Term Memory (LSTM): The LSTM is a kind of intermittent brain network that
can be utilized to foresee climate. It is significant for time-series climate expectation since
it can catch long haul conditions in the information. LSTM has shown state of the art
execution in an assortment of time-series forecast errands, including climate expectation.
LSTM, then again, takes a significant amount of preparing information and can be
computationally costly, especially while preparing on lengthy time series information.

In conclusion, Linear Regression, KNN, Decision Tree, CNN, and LSTM are all algorithms
that can be used for weather classification and prediction. The choice of algorithm depends
on the nature of the problem, the quality of the data, and the level of accuracy required. It is
often useful to compare the performance of different algorithms using metrics such as

accuracy, precision, recall, and F1 score.



2. BACKGROUND

This part will cover the accessible writing by different scientists who have made and utilized
calculations in view of information digging approaches for climate expectation. Also,
various expectation logical methodologies are explored and examined regarding different
factors and patterns. There are different order and expectation calculations. K-implies
bunching, Choice Trees, Counterfeit Brain Organizations, Backing Vector Machines
(SVM), Bayesian Order, and Relapse are a couple of models. There are different rules for
assessing a calculation's expectation execution. This scientists' work has been analyzed and
looked at in a table organization.

2.1 WEATHER DATA IDENTIFICATION

Weather conditions determining starts with a steady perception of the situation with the air
for a specific site and its environmental elements. Temperature, gaseous tension, dampness,
precipitation, dissipation, mugginess, wind speed, wind course, and other barometrical
elements should be checked and recorded. The World Meteorological Association offers the
establishment for noticing stages like radars, satellites, and surface climate perceptions,
which help in the observing of different climate factors. The Public Maritime and
Environmental Organization (NOAA) is the sole approved backer of serious weather
conditions watches and admonitions in the US, and it is generally viewed as the forerunner

in precise weather conditions estimates and lifesaving alerts.

Weather conditions stations incorporate a thermometer and an indicator. Different sensors
evaluate environmental factors, for example, wind speed, wind heading, dampness, and
precipitation sum. This hardware is put at different areas to evaluate the air boundaries of
that area. Climate information is gathered by 15 satellites, 100 fixed floats, 600 floating
floats, 3,000 planes, 7,300 boats, and around 10,000 land-based stations, as indicated by the
WMO. The Mechanized Surface Noticing Framework is the name given to the authority
weather conditions stations used by the Public Weather conditions Administration (ASOS).
As they fly through the air, radiosondes measure environmental properties like temperature,
tension, and stickiness. Wind speed and heading can be gotten by following radiosondes in
flight.



Radar is an abbreviation that represents Radio ID and Going. A transmitter conveys radio
waves that bob off neighboring items and return to a recipient. Environment radar can
separate a couple of parts of precipitation, like its area, speed, seriousness, and probability
of future precipitation. Doppler radar can likewise identify how rapidly precipitation falls.
Radar can approach the development of a tempest and foresee its logical outcomes. Starting
from the first was sent off in 1952, weather conditions satellites have become progressively
fundamental suppliers of meteorological information, and they are the best means to screen
enormous scope cycles like tempests. Weather conditions conjectures are regularly directed
at the large-scale level by gathering information from remote detecting satellites [3].
Satellites might gather photographs that undertaking weather patterns, for example, greatest
and least temperatures, precipitation degree, cloud conditions, wind streams, and their
headings. Satellite-based frameworks are intrinsically more costly and need a thorough help
framework. Moreover, such frameworks can give such data, which is normally summed up

over a more prominent topographical region.

Moreover, satellites can record long haul changes, for example, how much ice cover over
the Cold Sea every September. They additionally see all frequencies of radiation in the
electromagnetic range. The Public Weather Conditions Administration depends on
information from the Geostationary Functional Ecological Satellites (GOES). GOES are
grouped into three kinds: visual, infrared, and water fume. Noticeable makes light visuals of
tempests, mists, flames, and exhaust cloud. Mists, ocean and land temperatures, and sea
peculiarities, for example, sea flows are undeniably recorded utilizing infrared symbolism.
Water fume symbolism is the last type of GOES symbolism. This imaging looks at the
dampness content in the upper part of the sky to decide if fogs can rise to gigantic levels.
One more kind of satellite that is generally utilized in weather conditions determining is the
Polar Circling Natural Satellite (POES). These satellites fly a lot nearer to Earth, around 530

miles away, and circle the planet from one shaft to another.
2.2 WEATHER FORECAST METHODS

Individuals can be made aware of outrageous climate or changes in air factors, for example,
temperature, wind speed and course, stickiness, daylight, shadiness, and precipitation, on
account of new mechanical leap forwards and information examination strategies. Weather

conditions is depicted with regards to the condition of the environment at a specific area and
7



time by deviations from these models. Weather conditions conjectures ordinarily follow
three key cycles, as per [4]:

a. Atmosphere, ocean, and land surface observation and data collecting.

b. Osmosis, handling, investigation, and extrapolation to expect the future condition of the

air.

c. A perception framework, examination, a model, and a PC framework include a conjecture
framework. Brief weather conditions estimating, mathematical systems, and measurable

strategies are instances of weather conditions gauging techniques.

a. The exemplary strategy to climate forecast is succinct climate expectation. Weather
conditions estimates are based on succinct graphs. Brief graphs depend on gigantic measures
of observational information of different climate factors got from weather conditions stations
at a specific period. Consistently, meteorological establishments make a progression of
succinct diagrams to follow weather conditions changes, which are the groundwork of
weather conditions conjectures. All through numerous long periods of cautious investigation
of weather conditions diagrams, a few observational regulations were created. These
characterized rules have further developed gauges assessing the speed and course of climate

framework movement.

b. Mathematical climate expectation (NWP) is perhaps of the most basic functional work
performed by meteorological administrations overall [5]. NWP estimates weather conditions
utilizing PC calculations. Supercomputers execute muddled PC frameworks that expect
different environmental circumstances. This procedure utilizes a bunch of halfway
differential conditions and different details to portray the dynamic and thermodynamic
cycles that happen in the world's environment. It incorporates conditions, mathematical

approximations, parametrizations, area settings, and beginning and limit conditions.

c. Along with mathematical methodologies, factual climate expectation is utilized. This
technique depends on climate information from an earlier time and searches for components
that are great indicators of future occasions. The essential objective is to figure out what
parts of weather conditions are great indicators of future occasions. With the foundation of

these linkages, precise information can be dependably used to estimate future circumstances.
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This technique can anticipate the general climate. The factors characterizing weather
patterns, like temperature (greatest or least), relative mugginess, precipitation, etc, differ
constantly over the long run, framing time series of every boundary and can be utilized to
foster an estimating model measurably or through different means, like Fake Brain

Organization (ANN) and Choice Tree calculations.
2.3 LITERATURE REVIEW

There are various information examination approaches and factual models for weather
conditions determining in the writing [6]. Various experts have applied and made different
assumption models either really or by using one or two technique, for example, relapses,
brain organizations, choice trees, grouping, and different information mining procedures
trying to figure out the best genuine opportunity information examination strategy to apply
on weather conditions estimating [7]. To foresee precipitation, the review utilizes least and
most extreme temperatures, relative mugginess, and wind speed as information boundaries.
To stay away from overfitting, information was partitioned into two sections: 70% for
preparing and 30% for testing. Choice trees, arbitrary timberlands, K-closest neighbor, brain
organizations, and Backing Vector Relapse were the Al calculations utilized on the
information (SVR). The forecast procedures were analyzed and picked in light of the Root
Mean Square Blunder (RMSE), while the Al strategy was thought about utilizing the Region
Under Bend (AUC) (AUC). These assessments recommend that ARIMA is the best
methodology for anticipating temperatures, SVR is the most ideal way for anticipating
mugginess and wind speed, and the irregular woodland strategy predicts precipitation with

the most elevated exactness.

[8] proposed a nonexclusive steady K-mean grouping calculation for weather conditions
determining. The creators represented how device grouping might be used to make different
anticipating instruments. K-implies is utilized to partition the information into groups in light
of a formerly settled climate class. The conjecture looks at West Bengal's air contamination.
The objective of this study is to give a weather conditions conjecture system to restrict the
impacts of air contamination and to send off centered displaying computations for climate
occasion expectation and determining. The creators directed many tests to assess the
proposed approach. [9] utilized information mining strategies to gather climate information

and uncover stowed away examples inside a tremendous dataset. To distinguish and foresee
9



a meteorological state, time series, K-mean grouping, and Nave Estimate were joined. This
information mining approach is utilized to extricate information from a climate dataset in
Gaza City. This information can be used to go with significant expectations for choice
making, yet to advance powerfully, dynamic information mining techniques should be
fabricated. Fast changes in climate and startling occasions can be predicted utilizing a

powerful model.
2.4 RELATED WORKS

Various meteorologists and cautioning focuses gave themselves to this concentrate
throughout the past hundred years, making progresses in observational innovation,
heightening physical science, air climate communications, the environmental limit layer and
air-ocean interface, sea reactions, and estimating strategies [11]. In any case, huge issues
with prescient capacities persevere, especially with TC beginning, power, and hazard
determining. As a rule, the most unmistakable hurricane dynamical estimate models have
low precision, inferable from incorrect vortex introduction of TCs, deficient depiction of

muddled actual cycles, and coarse goal [12,13].

As per some exploration, erroneous portrayals of the air-sea energy stream under very high
wind speed conditions would make it challenging to imitate the power of TCs effectively
[14]. Moreover, there is a wide agreement that upper sea input has huge effect on TCs, albeit
hardly any functional mathematical estimate models consider it, diminishing model
execution [15,16]. Moreover, different strategies, as measurable models, can't of managing
the confounded and nonlinear connection between TC-related factors; subsequently, their

conjecture results should be upgraded further [17-18].

Researchers have as of late explored the utilization of Al (ML) to examine satellite, radar,
in-situ information, and different sources to further develop TC anticipating abilities. In light
of their purposes, Al calculations can be arranged as man-made brainpower (man-made
intelligence) in three ways: highlight choice, gathering, and relapse or grouping [19]. Feature
selection algorithms can use attribute selection to exclude extraneous attributes from tasks,
increasing task effectiveness and model correctness. A typical Exhaust disintegration
strategy, for instance, can handle spatio-fleeting issues that the exemplary tensor
deterioration calculation can't [20]. Grouping calculation, which can consequently segment

10



an example dataset into numerous classifications, is one of the early methodologies utilized
in design acknowledgment and information mining. This has various purposes in enormous
information examination. The limited blended model (FMM) [21], progressive grouping

[22], and K-implies technique are instances of normal bunching calculations [23].

Support vector machine (SVM) for characterization [24] and support vector backslide (SVR)
for backslide [25] are two praiseworthy computations that may really deal with nonlinear
issues by setting down segment abilities. Besides, choice tree (DT) [18] is a notable
methodology for mining and showing gathering rules with high accuracy. By far most of
arranging related work is finished with reproduced mind associations (ANNS), which are
viewed as broad approximators for complex nonlinear mappings [26]. In 2006, Hinton, a
notable man-made intelligence ace, proposed the significant mind network model,
introducing another period of profound learning [28] and repetitive brain organizations
(RNNS) [29] are instances of exemplary organizations. Profound learning (DL) enjoys upper
hands over run of the mill Al calculations in high-layered information, making it more
reasonable for troublesome applications. Subsequently, choosing the reasonable Al
calculation for assorted information and requests could assist with resolving genuine issues

all the more proficiently.

Given the advantages of Al in managing huge scope information, a few scientists tried
different things with remote detecting, meteorology, and sea information. Remote detecting
applications include: (1) arranging hyperspectral pictures and recognizing oddities utilizing
profound brain organizations, for example, meager autoencoder (SAE), CNN, and RNN. (2)
Utilizing engineered opening radar (SAR) pictures or high-goal satellite pictures to perform
scene characterization, object location, picture recovery, and boundary reversal. (3) Making
recovery strategies and forward models that are quick and precise. (4) Doing multi-source
information combination and 3D reproduction. Honing the super-goal, combinations of
capabilities and choice sets, and combinations of heterogeneous information are the
fundamental obligations of multi-source information combination. Programmed tie point
acknowledgment and matching are instances of 3D recreation challenges [30,31] [32] and
direction entryway repetitive unit (TrajGRU) [33] are delegate for precipitation expectation,
as is dissecting radar pictures in light of conventional brain organizations to anticipate

transient future precipitation [34], as well as the arising utilization of profound brain
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networks for anticipating the air's dissipation pipe level at the sea surface [35]. Al in the
marine field centers around recognizing mesoscale vortices or diminishing the
dimensionality of satellite sea information. Many explorations have shown that profound
learning organizations, for example, deepeddy [36], eddynet [37], and oednet [38], are very

helpful for perceiving sea whirlpools.

Al applications in TC expectations can be parted into five classifications, as demonstrated
in Figure 2.1. As far as TC beginning estimates, definitive objectives are to make constant
probabilistic gauges of a particular locale and quantitative conjectures of the timing and area
of twister beginning to screen the tropical sea more readily. Notwithstanding, as of now, Al
can conjecture whether the forerunners will change into TCs, as well as the occasional
recurrence of TC beginning in every area, which compares to a characterization challenge
and a relapse task in Al, separately. For TC beginning expectation, scientists for the most
part utilize DT, strategic relapse (LR), SVM, and outfit calculations like AdaBoost and
arbitrary woodland (RF). Albeit these gathering calculations are possibly better than a
solitary technique, they should in any case be assessed dependent upon the situation.
Profound learning calculations, as multi-facet perceptrons (MLPs) and CNNs, that can all
the more likely fit complex capabilities and decipher visual information, are likewise

significant in further developing TC beginning foreseeing apparatuses.

Al based models are frequently worked from factual learning approaches for TC track
conjectures. MLP and RNN, the analysts' favored techniques, have additionally been
demonstrated to be more viable than more seasoned strategies. Moreover, in light of the fact
that TCs change in both general setting, spatiotemporal models, for example, ConvLSTM
have performed well in this expectation challenge. Beside those exemplary thoughts, there
is likewise the endeavor to utilize generative antagonistic organizations (GANS) to create
anticipated TC cloud pictures and afterward find the TC community on them, or the
utilization of profound conviction organizations (DBNs) and bunching calculations, for
example, FMM to look for generally comparative ways for guaging. Every one of these
strategies delivered great trial brings about their distributions, however it is not yet clear
whether they can create preferred functional foreseeing results over existing frameworks.

DT, generally speaking based calculation, can be utilized to mine prescient elements and
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rules for TC landfall and curvature, giving the preparation to future track conjecture
displaying.

Data-driven ML model
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Figure 2.1: An Overview of Situations Employing Machine Learning in Tropical Cyclone
Forecasting [38].

The outcomes showed that AdaBoost was the best strategy for typhoon beginning, with an
estimate exactness of 97.2% (F1-score) contrasted with customary straight factual models
utilizing natural variables connected with MCSs/TCs more than a 6 h expectation window.
At the point when the lead time was expanded to 12, 24, or even 48 hours, heartiness was
likewise guaranteed. Likewise, [43] utilized RF to make 2-hour estimates of MCS
development and found that RF had serious areas of strength for a to identify MSCs. almost
100% exactness was accomplished for the 550 MSCs noticed (inside 50 km). Moreover, the
DT calculation in [44] was applied to figure future hurricane arrangement utilizing tropical
irritations portrayed by vorticity fields from the Naval force Worldwide Climatic
Expectation Framework (NOGAPS). The program produced six order rules in view of
natural elements, and the test informational index's expectation precision was 84.6%.
Satellite information can be utilized as an information hotspot for indicators notwithstanding
re-examination or reproduction information. For instance, [46] confirmed eight indicators
from WInSAT satellite-estimated sea surface breeze and precipitation.

13



2.5 CHAPTER SUMMARY

Depending on the comprehensive literature review carried out in this work, it can be inferred
that several research efforts, development, and engineering principles have been dedicated
and implemented to enhancing and modifying the navigation system of robots under various
operating conditions, which include indoor environment, outdoor surroundings, and places
which are featured with unknown circumstances and large uncertainties. Several scholars
and researchers designed mobile robots with enhanced navigation characteristics. They
employed numerous intelligent algorithms and ML techniques to improve the path planning
process and help robots avoid collisions with physical obstacles. In addition, using ML
algorithms contributed to the significant enhancement and remarkable improvements in the
accuracy and performance of the robot’s navigation system. Consequently, this work
investigates the use of some ML algorithms to improve the navigation system in mobile

robots depending on numerical analysis and simulations.

14



3. PROPOSED SYSTEM

Weather classification and prediction is an important application of machine learning in the
field of meteorology. Accurate weather prediction can help people prepare for extreme
weather events, such as hurricanes, tornadoes, and blizzards. In recent years, various
machine learning algorithms have been used to classify and predict weather conditions,
including Linear Regression, K-Nearest Neighbors (KNN), Decision Tree, Convolutional
Neural Networks (CNN), and Long Short-Term Memory (LSTM) networks. Direct Relapse
is a clear methodology for displaying the association between meteorological elements and
the objective variable. KNN is a non-parametric strategy that can be utilized to distinguish
weather patterns in view of likenesses among present and past meteorological information.
The Choice Tree calculation is a notable procedure that can be utilized for both climate
grouping and expectation. CNN is a profound learning technique that utilizations picture
information to characterize weather patterns. The LSTM is a kind of intermittent brain
network that can foresee weather conditions over the long haul. In this section, we will take
a gander at how every one of these calculations can be utilized to characterize and foresee
climate. We will describe the data preprocessing steps, the algorithmic implementation, and
the performance evaluation metrics used for each algorithm. We will also compare the
performance of each algorithm and discuss their respective strengths and weaknesses.
Finally, we will discuss the potential applications of weather classification and prediction in

various fields, including agriculture, transportation, and emergency management.
3.1 METHEDOLOGY

Weather forecasting has become increasingly essential as a result of its uses in a variety of
industries, including agriculture, energy companies, and everyday life. Weather prediction
has become a real-time challenge for the world in the previous decade. Because of the ever-
changing meteorological conditions, forecasting is becoming more difficult. Weather
forecasting is the prediction of how the current state of the atmosphere will change in the
future. Understanding the numerous contributing elements that produce weather variations
is crucial for efficient weather analysis. The process of recording meteorological data such
as wind direction, wind speed, humidity, rainfall, temperature, and so on is known as weather

forecasting. Since machine learning techniques are more robust to perturbations, in this
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project we applied linear regression and LSTM to predict the weather such as temperature,
rainfall etc. and compare both approaches and analyzed it. We used two different datasets
for the same. Coming to result that we got from each approaches was quite amazing. In the
linear regression approach, we got mean absolute error about 96.32 mm and 2.69 celsius
when performing rainfall and temperature prediction respectively whereas in the deep
learning approach, the mean absolute error was 0.002268 degree celsius, 0.003266 km/h,
and 0.003069 Pascal when performing temperature, wind speed and pressure prediction

respectively. We could clearly see the difference between the outcomes.

In this section, we will describe the methodology for weather classification and prediction
using Linear Regression, KNN, Decision Tree, CNN, and LSTM. The methodology consists

of the Following :

a. Data Preprocessing: The first step in the methodology is to preprocess the weather data.
This includes cleaning the data, removing any missing values, and normalizing the data. The
data may also need to be transformed into a format that can be used by the specific algorithm
being used.

b. Algorithmic Implementation: The next step is to implement the algorithm(s) being used
for weather classification and prediction. This involves training the algorithm(s) on the
preprocessed data, tuning the hyperparameters, and evaluating the performance of the
algorithm(s).

c. Performance Evaluation: The final step is to evaluate the performance of the algorithm(s).
This involves comparing the predicted weather conditions with the actual weather
conditions, using metrics such as accuracy, precision, recall, and F1 score. For the weather
forecasting, we try to solve the problem using two methods and those were:Machine
Learning, Deep Learning

We divide the problem using two methods and we have done so because of the following
reasons: -

a. Tackle the problem with different approaches.
b. Will know what the strengths and weaknesses of each method are.

c. Will know what the difficulties are one could face while approaching the problem with
these two methods.
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d. Will know what the efficiency of each process is.

Coming to the first approach that is Machine Learning, here we have solved the problem of
weather forecasting with linear regression. In this approach, weather forecasting like rainfall
prediction and temperature prediction is done separately. Also, the linear model which was
trained for temperature predictions and rainfall predictions were trained using ordinary least

square and regularization respectively.

Now coming to the second approach that is Deep learning, here we have solved the problem
of weather forecasting in a single stroke. Mean, only in one solution, we have done the
forecasting of the temperature, wind speed, and pressure. We have trained our model on
LSTM (advanced version of the RNN).

3.1.1 Data Collection

There are different sites accessible now that permit clients to get climate perceptions or
information from a great many geological areas (weather conditions stations, satellites,
radars, and so on.). Climate APIs are Application Programming Points of interaction that
permit anybody to interface with enormous climate data sets and get current and verifiable
information. Numerous versatile applications have been created utilizing APIs and
cellphones to convey hourly conjectures, extreme weather conditions cautions, and
appropriate climate data for any area in the world. Different APIs were tried to guarantee

they met the necessities in general.

Table 3.1: Dataset Description.

File Rows Col.
weather_data_train.csv 3140 16
weather_data_test.csv 3140 16
weather_data_train_labels.csv 1346 2
weather_data_test labels.csv 1346 2
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The files containing the training and testing data (first two files in above table) consisted of
all the different parameters which affects the relative humidity and decides the classification
of weather. The rest of the two files consisted of the labels which were either 0 for “not dry”

and 1 for “dry”, and relative humidity associated for each row entry in the training data.

Initial analysis of training data was done by extracting features such as mean, standard

deviation, minimum, maximum, etc.

Loading Data
set

|

Data Pre-processing | Data Transformation and
exploration

Data Collection

Y A
. Regression Model for Classifier for weather s ae
Regression s B Classificatior
prediction classification
\i Y
Weather predictor Weather classifier

Figure 3.1: Methodology Block Diagram [40].

3.1.1.1 Data preprocessing

The initial stage of data mining is data collection and preprocessing. The crucial stage is data

preprocessing because valid data will only yield accurate output:

We start preprocessing by standardizing the data using below given formula. We should
standardize the variables before applying PCA because if one component (eg T_mu) If one
feature (e.g. W) varies less than another due to their separate scales, PCA may conclude that
the direction of maximal variance more closely aligns with the 'W' axis if those

characteristics are not scaled. [7]

— X—Xmin (3 1)

X
new
Xmax—Xmin
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After standardizing the resultant data has a mean of zero and standard deviation of one. After
this, we will be projecting the 16-dimensional weather data to three-dimensional principal

components.

3.1.1.2 Feature extraction

Feature extraction is an important step in weather classification and prediction using Linear
Regression, KNN, Decision Tree, CNN, and LSTM. The goal of feature extraction is to
identify the most important features in the weather data that can be used to accurately predict
the weather conditions. The specific feature extraction methods used for each algorithm are
described below:

Linear Regression: For Linear Regression, the most important features are identified using
the OLS method. The OLS method estimates the coefficients of the linear regression model
by minimizing the sum of the squared residuals between the predicted and actual weather
conditions. The coefficients with the highest absolute values are considered to be the most

important features.

K-Nearest Neighbors (KNN): For KNN, the most important features are identified using
feature selection methods such as chi-square, mutual information, and correlation-based
feature selection. These methods calculate the relevance of each feature to the target variable,

and select the features with the highest relevance.

Decision Tree: For Decision Tree, the most important features are identified using feature
importance methods such as Gini impurity and entropy. These methods measure the purity
of a node in the decision tree based on the distribution of the target variable, and select the
features that result in the greatest decrease in impurity.

Convolutional Neural Networks (CNN): For CNN, the most important features are identified
using convolutional layers. The convolutional layers perform feature extraction by
convolving filters over the input data, and identifying the most important features based on

the filters that produce the highest activation values.

Long Short-Term Memory (LSTM): For LSTM, the most important features are identified
using time-series analysis methods such as autocorrelation and cross-correlation. These

methods identify the temporal dependencies between the weather variables and select the
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variables with the highest dependencies. Additionally, feature selection methods such as
mutual information and correlation-based feature selection can also be used to identify the

most important features.
3.1.2 Regression

Regression analysis is a strong statistical technique for examining the relationship between
two or more variables of interest. The regression procedure allows you to safely establish
which elements are most important, which factors may be ignored, and how these factors

influence each other. [11].

3.1.2.1 Linear regression

Linear regression is a statistical method that can be used for weather prediction. The basic
idea behind linear regression is to fit a linear equation to the weather data, so that the equation
can be used to make predictions about future weather conditions. The equation takes the
form of: y = b0 + b1x1 + b2x2 + ... + bnxn.[9]

_ CnNExH-E0Exy)
nXx2)-(X x)?2

a (3.2

p = nX xy)-Xx)(X xy)
nX x2)—(X x)?

(3.3)

where y is the target variable (e.g. temperature, humidity), x1, x2, ..., xn are the input
variables (e.g. time of day, day of the week, season), and b0, b1, b2, ..., bn are the coefficients
that represent the relationship between the input variables and the target variable. To use
linear regression for weather prediction, we first need to collect weather data for a specific
location over a period of time. Temperature, mugginess, pressure, wind speed, and
precipitation, as well as time and date data, can be in every way remembered for this
information. The information can then be partitioned into two sets: a preparation set and a
test set, with the preparation set being utilized to fit the direct relapse model and the test set
being utilized to assess its exhibition. Once the model is fit, we can use it to predict future
weather conditions by plugging in the input variables for the desired time and location. For
example, we could predict the temperature at 3pm on a certain date based on the historical

temperature, humidity, pressure, and time of day data. Straight relapse expects a direct
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connection between the info factors and the objective variable. Other relapse draws near,
like polynomial relapse or non-straight relapse, might be more proper assuming that the
relationship is non-direct. Additionally, linear regression may not be the best method for
predicting extreme weather events or long-term weather patterns, as these are often
influenced by complex atmospheric processes that cannot be accurately modeled using a

simple linear equation.

3.1.2.2 Decision tree

Decision trees are another statistical method that can be used for weather prediction.
Decision trees are a type of supervised learning algorithm that can be used for both
classification and regression problems. In the context of weather prediction, decision trees
can be used to predict the value of a continuous variable (e.g. temperature, humidity) based
on a set of input variables (e.g. time of day, day of the week, season). Every penultimate hub
conveys the last characteristic or various qualities for settling on an official choice of the

issue in figure 2.
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Figure 3.2: Decision Tree [44].

The basic idea behind decision trees is to partition the data into smaller and smaller groups

based on the input variables, until the groups are as homogeneous as possible in terms of the

target variable. The result is a tree-like structure that consists of a series of binary splits that

divide the data into smaller and smaller groups. To use decision trees for weather prediction,
21



we first need to collect weather data for a specific location over a period of time, as well as
time and date information. We can then split the data into a training set and a test set, with
the training set used to build the decision tree and the test set used to evaluate its
performance. The decision tree is built using an algorithm that selects the input variable that
best separates the data into two groups based on the target variable. This process is repeated
recursively for each resulting subgroup until the groups are as homogeneous as possible in
terms of the target variable, or until a stopping criterion is met (e.g. a maximum depth is
reached). Once the decision tree is built, we can use it to predict future weather conditions
by traversing the tree based on the input variables for the desired time and location. The last
expectation is the normal or larger part vote of the objective variable qualities for the
subgroup with the information factors. It is pivotal to feature that choice trees are defenseless
to overfitting, which happens when the tree is excessively confounded and fits the clamor in
the preparation information as opposed to the hidden connection between the info factors
and the objective variable. To defeat this issue, approaches like pruning, regularization, and

troupe strategies can be applied to further develop the choice tree's presentation.
3.1.3 Classification

Classification is a data mining function that assigns items in a collection to target categories
or classes. The goal of classification is to accurately predict the target class for each case in
the data.[10] In this project, we aim to create a classifier which classifies weather into O(not

dry) or 1(dry). This kind of classification with two categories is called binary classification.

3.1.3.1 Artificial neural networks (ANN)

ANNSs are a form of machine learning algorithm that is inspired by the structure and function
of the human brain. ANNs are made up of interconnected nodes (also known as neurons)
grouped into layers. Each neuron in a layer is connected to neurons in the previous layer and
the next layer, with each connection having a weight that determines the strength of the
signal transmitted between the neurons. ANNSs can be used for a wide range of applications,
including image recognition, natural language processing, and time series prediction, such
as weather forecasting. In the context of weather forecasting, Based on previous data, ANNS
may forecast variables such as temperature, humidity, and wind speed. To use ANNs for
weather prediction, we must first gather weather data for a specific place over time.
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Temperature, humidity, pressure, wind speed, and precipitation, as well as time and date
information, can all be included in this data. The data can then be divided into two sets: a
training set and a test set, with the training set being used to train the ANN and the test set

being used to evaluate its performance.
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Figure 3.3: Neural Network Architecture Diagram [47].

The preparation of ANNs involves changing the loads of the associations between neurons
to decrease the inconsistency among expected and genuine qualities. This is in many cases
achieved using an advancement calculation like slope plunge. To build the model's
presentation, the ANN configuration, including the quantity of layers and neurons, as well
as the enactment capability used for every neuron, can be adjusted. Once the ANN is trained,
we can use it to predict future weather conditions by inputting the historical data for the
desired time and location. The output of the ANN will be the predicted values of the target
variables for the given input. One advantage of ANNSs over traditional statistical methods is
their ability to capture complex nonlinear relationships between the input variables and the
target variable. However, ANNSs can also be prone to overfitting, particularly if the model is
too complex or if there is not enough training data. Techniques such as regularization, early
stopping, and dropout can be used to address this issue. Additionally, the interpretability of
ANNSs can be a challenge, as it is often difficult to understand how the model arrived at its

predictions.

3.1.3.2 Lstm

Long Short-Term Memory (LSTM) is a type of recurrent neural network (RNN) that is

designed to handle the vanishing gradient problem in traditional RNNs. At the point when
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the angle (i.e., the subsidiary of the blunder concerning the loads) turns out to be tiny during
backpropagation, it becomes challenging to actually refresh the loads and train the model.
Memory cells are utilized in LSTM organizations to store data after some time, while doors
are utilized to oversee the progression of data into and out of the memory cells. The info
door, neglect entryway, and result entryway are the three sorts of entryways in a LSTM
organization. The information door directs the progression of information into the memory
cell, the neglect entryway manages the progression of information out of the memory cell,
and the result door controls the progression of information from the memory cell to the result.
LSTM networks are particularly useful for time series prediction tasks, such as weather
forecasting, where the input data has a temporal dimension. In the context of weather
forecasting, LSTM networks can be used to predict variables such as temperature, humidity,

and precipitation based on historical data.

\
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Figure 3.4: LSTM Architecture [48].

We have three different gates that regulate information flow in an LSTM cell. A forget gate,

input gate, and output gate.

3.1.3.3 Forget gate

Long Short-Term Memory (LSTM) networks rely heavily on the forget gate. It is in charge
of managing the flow of information from the memory cell in the previous time step to the
memory cell in the current time step. There are three sorts of gates in an LSTM network:
input gates, forget gates, and output gates. The forget gate decides which information from
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the previous time step to discard and which to keep. The forget gate takes the previous hidden
state and the current input as input and applies a sigmoid function to the result. The sigmoid
function returns a value between 0 and 1, indicating how much information to forget from
the previous time step. If the output of the sigmoid function is 1, then all of the information
from the previous time step is retained. If the output is O, then all of the information is
discarded. If the output is somewhere in between, then some of the information is kept and
some is discarded. The forget gate allows LSTM networks to selectively remember or forget
information from the previous time step, which is particularly useful for time series
prediction tasks where the input data has a temporal dimension. By selectively remembering
and forgetting information, LSTM networks can effectively capture long-term dependencies

in the input.

3.1.3.4 Input gate

In (LSTM) organizations, the info entryway is a basic part. It is accountable for dealing with
the progression of data in the ongoing time step from the ongoing contribution to the memory
cell. There are three kinds of entryways in a LSTM organization: input doors, neglect doors,
and result doors. The information entryway chooses which data from the ongoing
contribution to keep and which to dismiss. The information entryway acknowledges the past
secret state and the ongoing contribution as info and applies a sigmoid capability to the
outcome. The sigmoid capability returns a worth somewhere in the range of 0 and 1, showing
how much data to hold from the ongoing information. The input gate also applies a tanh
function to the concatenation of the previous hidden state and the current input. The tanh
function outputs a value between -1 and 1, which represents the new candidate values to be
added to the memory cell [48]

3.1.3.5 Output gate

The output gate is a key component of Long Short-Term Memory (LSTM) networks. It is
responsible for controlling the flow of information from the memory cell to the current
hidden state, which is the output of the LSTM network.

There are three kinds of entryways in a LSTM organization: input doors, neglect doors, and
result entryways. The result entryway chooses the data from the memory cell to yield in the
ongoing time step. The result door takes the past secret state and the ongoing contribution as
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info and applies a sigmoid capability to the result. The sigmoid capability returns a worth
somewhere in the range of 0 and 1, demonstrating the amount of information to be yield
from the memory cell. The ongoing memory cell is likewise exposed to a tanh capability
through the result door. The tanh capability returns a worth between - 1 and 1, showing the
ongoing competitor yield. The result door then duplicates the sigmoid capability yield by the
tanh capability result to decide the new secret state to be yield by the LSTM organization.
The result door empowers LSTM organizations to yield important data from the memory
cell at the ongoing time step in view of its pertinence to the current task. LSTM organizations
can effectively catch long haul conditions in input information by choosing yielding
pertinent data, which is basic for right expectations. The result entryway is just a single part
of the LSTM organization, yet it is basic to the model's ability to learn and estimate precisely
[49].

3.1.3.6 Cell state

We ought to now have an adequate number of information to ascertain the cell status. The
cell state is then pointwise increased by the fail to remember vector. Whenever duplicated
by values near nothing, this can possibly drop values in the cell state. The result of the
information entryway is then used to play out a pointwise expansion, which refreshes the
cell state to new qualities that the brain network sees as significant. This outcomes in our

new cell state [50].

3.1.3.7 Conventional neural network

Convolutional Neural Networks (CNNs) have been widely used for various image
classification tasks. However, they can also be used for weather prediction by treating

weather data as an image.

In the context of weather prediction, the input data can be represented as an image with each
pixel representing a feature such as temperature, humidity, pressure, or wind speed. The
spatial correlation between these features can be captured by applying convolutional filters
to the input image, which enables the CNN to learn patterns and features that are relevant
for weather prediction. The CNN architecture for weather prediction typically consists of
multiple convolutional layers followed by a few fully connected layers. The convolutional

layers use filters to extract features from the input image and reduce the spatial dimensions
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of the image while preserving the important features. The fully connected layers are
responsible for combining the extracted features and making the final predictions. To train
the CNN, the input data is first preprocessed to ensure that all features are in a similar range
of values. The data is then split into training and validation sets, and the CNN is trained
using backpropagation and stochastic gradient descent optimization. Once the CNN is
trained, it can be used to make weather predictions by feeding in new weather data as an
image and obtaining the predicted output from the output layer of the network. The
predictions can then be compared to the actual weather observations to evaluate the accuracy
of the model. Overall, CNNs can be a powerful tool for weather prediction, especially when
dealing with large datasets and complex patterns. However, they do require significant
computational resources and training data, and their performance may be impacted by the

quality and representativeness of the input data.
3.2 CONCLUSION

In this project we are predicting the relative humidity and classifying weather on parameters
like temperature, pressure, air speed, etc. The most surprising, yet expected, finding in the
project was the low correlation of variables with the overall weather. This study proposes
and gives an efficient and exact climate expectation and estimating model in view of straight
relapse ideas. We likewise utilize the ordinary condition model. These thoughts are essential
for Al. The direct relapse condition is a superb weather conditions estimating model. We use
factors like temperature, moistness, and wind speed. This can be utilized to make exact
weather conditions estimates. This worldview likewise helps with regular direction. At the
point when used to cleaner and bigger datasets, it can deliver unrivaled outcomes. Prior to
handling of the datasets can be helpful in expectation, and natural information can likewise

thwart the model's effectiveness.
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4. RESULT AND DISCUSSION

4.1 EXPERIMENT SETUP

Since weather conditions estimating calls for time series, k-crease cross-approval is an
incapable methodology for deciding whether our model will sum up to an autonomous test
set. All things being equal, as displayed in table I, a 4-overlap forward fastening time-series
cross approval was embraced, with the test set comprising of information from the year
promptly following the preparation set. Since the model is based on past information and
expectations on future information, this strategy all the more unequivocally recreates the
climate at forecast time. An expectation to learn and adapt can likewise be built, which gives

an important sign of the model's reliance on the size of the preparation set.

In light of this, the utilitarian relapse model boundaries were decided to limit the rms mistake
in condition 9 arrived at the midpoint of over each of the four test sets in table 1. We set the
loads w2 = w3 = 1 in condition 3 since we thought about that distinctions in most extreme
and least temperatures ought to be given equivalent weight. Since the utilitarian type of the
assessor f in condition 7 was excessively huge for stochastic slope drop, a comprehensive
network search was utilized to streamline the extra loads w1, w4, and w5. To augment every
one of these boundaries, thorough lattice look through across the loads w and the quantity of
neighbors k were done on the other hand. To get good guesses of these loads, an underlying
comprehensive matrix search with huge augmentations was finished, with the upsides of
each weight picked from the reach 0-50 in additions of 10. k = 5 neighbors were picked as
the quantity of neighbors. This brought about starter assessments of w1l = 20 and w4 = w5 =
0. w4 =0 was the ideal mean moistness weight, most likely in light of the fact that dampness
related inadequately with greatest and least temperatures, and stickiness would be a more
valuable indicator of precipitation. w5 = 0 was viewed as the best weight of the mean
climatic strain since there were just minor deviations in the environmental tension that didn't
seem, by all accounts, to be related with the greatest and least temperatures. With this in

mind, the mean humidity and the mean atmospheric pressure were removed as features.

The hyperparameter of the quantity of neighbors k was then picked likewise, with a

comprehensive network search across both steady and corresponding to informational

collection size values. Factors of k in the reach 5-50 of every 5 augmentations were
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researched, as were upsides of k corresponding to the informational index size with
proportionality steady in the reach 0.05-0.50 in 0.05 additions. Taking k proportionate to the
size of the informational collection outflanked keeping k consistent, and the best
proportionality steady was 0.10. The proportionality constants w1l and k were then tweaked
at the same time with a last comprehensive framework search, with w1l taken from the reach
15-25 in augmentations of 1, and k taken from the reach 0.05-0.15 in augmentations of 0.05.

This came about in w1l = 18 and k = 0.095|D|, where |D| is the quantity of data of interest.
4.2 DATA ANALYSIS

The files containing the training and testing data (first two files in above table) consisted of
all the different parameters which affects the relative humidity and decides the classification
of weather. The rest of the two files consisted of the labels which were either 0 for “not dry”
and 1 for “dry”, and relative humidity associated for each row entry in the training data.
Initial analysis of training data was done by extracting features such as mean, standard

deviation, minimum, maximum, etc. as shown in Figure 4.1

29



T_var Po_var P_var Ff_var Tn_var Tx_var W_var Td_var

count 3140.000000 3140.000000 3140.000000 3140.000000 3140.000000 3140.000000 3140.000000 3140.000000
mean 4.466326 4.062051 4.058249 1.345066 3.662163 4.132288 98.008192 2.768010
std 5.254302 7.278152 7.274098 1.255878 7.034635 5.929607 106.710901 4.497696
min 0.016429 ©.005000 0.005714 0.000000 ©.000000 0.000000 ©.000000 ©.008095
25% 0.928571 0.492604 ©.500000 0.571429 ©.125000 0.382500 20.408036 0.582143
50% 2.568839 1.516964 1.519107 0.982143 ©.980000 2.000000 55.928571 1.313125
75% 6.169955 4.395759 4.418750 1.696429 3.920000 5.780000 140.008834 3.089107

max 66.571250 108.117143 108.515536 17.571429 93.845000 105.125000 645.760000 77.449821

T_mu Po_mu P_mu Ff_mu Tn_mu Tx_mu W_mu Td_mu

count 3140.000000 3140.000000 3140.000000 3140.000000 3140.000000 3140.000000 3140.000000 31490.000000
mean 6.780096 758.805939  759.148643 3.674008 4.888025 8.661810  25.952053 3.373812
std 8.595021 8.521047 8.525485 1.222216 8.595641 8.910328  12.230215 8.083700
min  -19.312500 725.525000 725.875000 1.000000 -26.200000 -16.950000 0.625000 -22.912500
25% 0.987500 753.471875 753.821875 2.750000  -0.250000 2.250000  16.421875  -1.612500
5% 6.537500 758.850000 759.187500 3.500000 4.750000 8.125000  24.875000 3.118750
75%  13.953125 764.178125 764.525000 4.375000  11.950000  16.200000  35.375000  10.100000

max  25.787500 790.425000 790.812500 9.750000  23.150000  28.500000  50.000000  21.462500

T

Figure 4.1: Extracting Features.
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A histogram is the most commonly used graph to show frequency distribution. Histogram
can proveto be extremely useful when the data is numerical and we want to analyze the

shape of data’s distribution.

300 1 Tn_mu
Te_mu

250 1

200 1

150 -

Freguency

100 1

=20 =10 0 10 20 30

Figure 4.2: The Frequency of Data Distribution.

Above plot figure 4.2 is of the frequency distribution of Tn_mu and Tx_mu. We can see that
the distributions have two maximums i.e Bimodal (double-peaked) Distribution which
represents the two extreme seasons - summer and winter. Also, the distribution of both
variables follow a similar trend. This is expected because both of them have a high
correlation which means that if one rises/falls, the other rises/falls too. We can also see that
the frequency of first maxima in both graphs is greater than frequency of second maximum

which tells us that the number of cold days are more than hot ones.

A pair plot allows us to see both distribution of single variables and relations between two

variables together. Pair plots are a great method to identify trends for follow-up analysis.
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Figure 4.3: Pair Plots for T_mu, P_mu, Td_mu, Ff_mu, VV_mu, U_mu.

From the above pair plots figure 4.3 we can see that most of the data is randomly yet closely
distributed without any significant correlation with each other. The only pair plot with any
visible correlation is of T_mu and Td_mu which is expected because of their strong linear

relationship in the real world.

The next step would be to see the correlation of different parameters with each other. The
correlation tells us the relation between two variables. Positive correlation means that both
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the variables move in the same direction whereas negative correlation means that they move

In opposite directions.®! We calculate correlation coefficient (r) using formul :

_ n(Xxy) — (Zx)(Xy)
V [nEx2 - (Ex)?] [ nYy?2 - (Zy)?]

9

(3.4)

As we can see from the correlation matrix figure 4.4, some variables have low correlation
with each other while some variables hold high correlation with each other. This high
correlation between variables brings about a redundancy in the information that can be
gathered by the data set. This redundancy can be removed by dimensionality reduction which

is described in the next section.

Tmu Pomu Pmu Fimu Tomu Txmu Wme Tdmu Tvar  Poyar  Pvar Flvar  Tn_var Tx_var VW_var  Td_var OBSERVED U_mu

012575 0134974

0197904 00736027 00731941

0144131 0225118 022503

0356113 0358572
021934 012675 0126306

4512 0190429 0190313 0.063 ) 0.164174

0.166531 i ib]

0232617 QALY -0.209823

Figure 4.4: The Correlation Matrix.
4.3 PRINCIPAL COMPONENT ANALYSIS (PCA)

The idea behind PCA is simply to find a low dimension set of axes that summarizes data. It
is used when we need to tackle the curse of dimensionality among data with linear
relationships. It helps to reduce the computational and cost complexities by transforming the
original variables to the linear combination of these variables which are independent. [6]
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PCA with 3 components is applied to reduce the dimensionality of the training data. We can
see that the 3 components (Figure 4.5) explains around 61% of the original data. Can this

value be higher for 3 components? Yes, if the correlation between the variables is higher.

Variance Explained by first component ©.2685061810242351
Variance Explained by second component 8.1986156510823528
Variance Explained by third component ©.14915815260866885
[<matplotlib.lines.Line2D at ©x1a1b67439@> ]
PCA Analysis
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Figure 4.5: The 3 Components.
4.4 REGRESSION RESULTS
4.4.1 Linear Regression Results

We will now try to train a linear model with the provided training data. The train model is
then tested on a test model and the analysis of error is presented below Figure 4. 6 and Table
4.1
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Figure 4.6: Linear Regression Results.

From the above table 4.1 we can see that the model performs well. But why? Well, the reason

Is given in the pair plot. If you see the pair plot closely, we can see the distribution of various

parameters with relative humidity is randomly yet closely distributed without any particular

direction. In such cases fitting a polynomial function through the data actually proves to

work better because it reduces the overall error. Increasing the degree of the polynomial may

seem to decrease the error on the training data but in reality it just overfits and thus work

poorly on test data.

Table 4.1: Model Performance.

Result
RMSE 1.3717
R-Square 0.99

We now try to see which of the 16 parameters affect the weather significantly. For this, we

can look at the correlation matrix and try to rule out some parameters with low correlation

with relative humidity. Why would this work? Well, correlation between two variables

measures the strength of the linear relationship between them. Since we are training a linear
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model it makes sense to remove those variables with lesser correlation with relative
humidity. From the correlation matrix we can see that variables VV_mu, T_mu, Td_mu have
the highest correlation with relative humidity. Now we will train the regression model with
these parameters and see the RMSE and R-Square values. After that we will marginally add
other variables and repeat the analysis to see how much their addition contributes towards

increasing the accuracy.

Predicted response
3

Figure 4.7: Linear Regression Results with PCA.
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In the previous subsection we reduced the dimensionality by handpicking some of the
features we thought affected the relative humidity significantly. Now we try to apply PCA
and see how our model works. For this we train the model with different number of
components and note the optimal number with low RMSE. As seen in given figure 4.7 there
IS a substantial decrease in RMSE when PCA equals 12. Therefore, optimal number of

components for linear regression is 12.

The RMSE with 12 components is around 2, which is greater than what we got in linear
regression. Why is that? It is mainly because when we apply PCA on data with low

correlation, we lose most of the information.
4.4.2 Decision Tree

Decision trees are one of the popular algorithms used for building predictive models in
machine learning. Weather prediction is one of the many applications of decision trees.
Decision trees are used to classify weather conditions based on a set of input variables such
as temperature, humidity, wind speed, etc. Here are the steps to build a decision tree for

weather prediction:

Data Collection: Collect the data that contains information about the weather conditions of
a particular region. The data should contain information about the temperature, humidity,

wind speed, and other variables that may affect the weather.

Data Preprocessing: Clean the data by removing the missing values, outliers, and redundant

variables.

Feature Selection: Identify the variables that are most relevant to predicting the weather
conditions. Use techniques such as correlation analysis or feature importance ranking to

determine the importance of each variable.

Splitting Data: Split the data into two sets, training and testing. The training set is used to
train the decision tree, and the testing set is used to evaluate the performance of the model.

Building Decision Tree: Use the training data to build the decision tree using the decision
tree algorithm. The decision tree algorithm selects the variable that is most relevant to the
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prediction and splits the data into two branches based on its value. This process is repeated
until all the data is classified.

Evaluating the Model: Use the testing data to evaluate the performance of the decision tree

model. Calculate the accuracy, precision, recall, and F1 score of the model.

Tuning the Model: Tune the decision tree model by adjusting the parameters such as the
maximum depth of the tree, the minimum number of samples required to split a node, etc. to
improve the performance of the model. Making Predictions: Use the trained decision tree

model to predict the weather conditions of a new set of data.

In conclusion, decision trees can be used for weather prediction by building a model using
the weather data and using it to predict future weather conditions. However, the accuracy of
the model depends on the quality of the data and the effectiveness of the decision tree

algorithm used.

Figure 4.8: Decision Tree Model.

Table 4.2: Decision Tree Prediction Results.

date_time
2013-07-10 08:00:00 24 340 00
2015-11-04 20:00:00 25 240 1.0
2015-09-21 09:00:00 24 34.0 0.0
2017-02-16 11:00:00 28 27.0 1.0
2012-07-21 01:00:00 28 28.0 0.0
2019-03-30 09:00:00 37 32.0 5.0
2015-11-12 12:00:00 32 32.0 0.0
2019-12-31 05:00:00 8 9.0 -1.0
2019-08-02 17:00:00 35 35.0 0.0
2019-10-22 08:00:00 26 26.0 0.0
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4.5 CLASSIFICATION RESULTS

Weather classification is a common application of machine learning in the field of weather
forecasting. In recent years, deep learning algorithms such as Convolutional Neural
Networks (CNN) and Long Short-Term Memory (LSTM) networks have shown promising
results in weather classification. Here's how you can use CNN and LSTM networks for

weather classification:

Data Collection: Collect the data that contains information about the weather conditions of
a particular region. The data should contain information about the temperature, humidity,
wind speed, and other variables that may affect the weather. In addition, label each data point

with the corresponding weather condition, such as sunny, rainy, or cloudy.

Data Preprocessing: Clean the data by removing the missing values, outliers, and redundant

variables. Then, split the data into two sets: training and testing.

CNN Model: CNN is a deep learning algorithm that is commonly used for image
classification tasks. In the case of weather classification, you can represent the weather data
as an image by plotting the different weather variables over time. Each image represents the
weather conditions over a period of time. You can use a pre-trained CNN model such as

VGG or ResNet to extract features from the images.

LSTM Model: LSTM is a sort of intermittent brain network that is reasonable for successive
information like climate information. LSTM can catch the worldly conditions in the climate
information, making it ideal for climate arrangement. You can utilize the separated elements
from the CNN model as contribution to the LSTM model.

Combine CNN and LSTM: You can combine the CNN and LSTM models to create a hybrid
model for weather classification. The CNN model can extract the spatial features from the

weather data, and the LSTM model can capture the temporal dependencies.

Train the Model: Train the CNN-LSTM model using the training data. Use techniques such

as data augmentation and regularization to prevent overfitting.

All in all, CNN and LSTM organizations can be utilized for climate order by addressing the
climate information as pictures and utilizing a crossover CNN-LSTM model to separate
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spatial and worldly elements. The exhibition of the model relies upon the nature of the
information, the adequacy of the pre-prepared CNN model utilized, and the design of the
LSTM model.

45.1 Cyclone Detection by Convolutional Neural Network (CNN)

Cyclones are the large scale intense circular storm that originates over warm tropical oceans
and is characterized by low atmospheric pressure, high winds and heavy rain. Variously
referred to as hurricane or typhoon, cyclone has a significant socio-economic impact. The
accurate forecast of the cyclone track has been a significant achievement of modern
meteorology. Aided by the development of satellites and improved computational power,
cyclone predictability has improved over the years. Recently with the advent of machine

learning, attempts have been made to predict the cyclone genesis.

In this section | have tried to detect the presence of cyclone using the convolutional neural
network. Relative vorticity and geopotential height at 500 hPa as well as mean sea level
pressure and total cloud cover are used as inputs for the model. These fields are obtained
from ERA _Interim reanalysis dataset, which is a 4X daily data with a resolution of 0.75 deg.
In this study only the cyclones occuring in Atlantic basin is considered. A list of atlantic
basin cyclonic disturbances can be found here (https://www.kaggle.com/noaa/hurricane-
database) and (https://www.nhc.noaa.gov/data/). This data is used to create the target
variable, which is assigned 1 if cyclonic disturbance is present and 0 otherwise. For
simplicity | have considered all the disturbances regardless of its strength as cyclone. Data
from the years 1979-2015 is used.

The following plot shows the mean sea level pressure (in color having the units of hPa) and
relative vorticity at 500 hPa (only positive values are shown in red contours) during the
various phases of cyclone development. All the plots are at 00 hrs UTC. The cyclone
intensified around October 19th near Cayman Islands and progressed North-East crossing
Florida hugging along the east coast of USA. It finally dissipated around October 27th.
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Figure 4.9: The Mean Sea Level Pressure.

Only about 20% of the times experience cyclonic activities. This uneven distribution of data
could result in incorrect classification. For example, the model could simply classify all the
outputs as non-cyclonic and still end up with 80% accuracy. So equal number of cyclonic
and non-cyclonic times are considered. Training, validation and test data are split in the ratio
of 60%, 20% and 20% respectively. Successive times will have a significant correlation. So
different years are considered for training, validation and test split and is randomly shuffled

among the individual subsets.

Three 2D convolution layers with max pooling is used. The output of convolution layers is
flattened and fed to densely connected layers. The last layer has a sigmoid activation and
classifies the output as either cyclonic or non-cyclonic event. Adam optimizer is used with

binary crossentropy as the loss parameter. Model summary is printed below for reference.
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Figure 4.10: CNN Classification Results.

Validation accuracy is getting saturated around 84 %. | have only done an elemntary

parameter tuning. Extensive tuning would probably lead to an even better performance. Now

let us train the model with the enitre training and validation set. n_epochs is set to 4 as

validation accuracy decreases after that.
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Figure 4.11: Confusion Matrix.

Test data has an accuracy of about 84 % similar to the validation set. Model seems to

be perfoming fairly good. Further inclusion of additional parameters and better model

tuning would perhaps lead to an even better performance.
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4.5.2 Monsoon Classification by LSTM and Seasonal Arima Model

Indian Summer Monsoon Rainfall ISMR is the lifeline of Indian sub-continent. It accounts
for about 70% of the India's annual rainfall. Agriculture of India is extremely dependent on
monsoon and hence a failed monsoon would severely impact the country's economy. Thus a
lot of research has been concentrated on the predictability of monsoon. One can track the

state of the current monsoon season here.

In this section, an attempt has been made to predict the next month's mean precipitation using
past year's data. An intermittent brain organization (RNN), explicitly Lengthy Transient
Memory (LSTM) network is utilized. An other model which utilizes an Occasional
AutoRegressive Coordinated Moving Normal (SARIMA) model is likewise utilized for

examination.

SRIMA model is showing a seasonal periodicity of 12 months (as expected, the annual
signal). More details can be read in the model summary below. Model diagnostics is plotted
below. The residual looks like a gaussian white noise. Model seems to be fitting the data

well.
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Figure 4.12: SRIMA Model Diagnostics.
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Figure 4.13: SRIMA Classification Results.

Mean absolute error of Seasonal ARIMA model is about 18mm, which is slightly worse than

the Naive model.
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Recurrent Neural Network (RNN) is widely used for time series prediction. Particularly a
variant of RNN called LSTM is vastly popular. Here | have used a simple architecture (with
not much tuning) involving 1 LSTM layer and 2 feed forward networks. More details can be
found in model summary. Time series generator function is used to set up the training and

test data. Look back period is 12 months.
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Figure 4.14: LSTM Classification Results.

LSTM also under performs the naive model. Perhaps further tuning of the model could help
boost its performance. But | guess the past values of the rainfall is not a good indicator for
the future. This is one of the case where a common sense based naive model performs better

than the others.
4.5.3 Recognizing the Month by Outgoing Longwave Radiation (OLR)

Outgoing Long-wave Radiation (OLR) is electromagnetic radiation with wavelengths
ranging from 3 to 100 m that is emitted from Earth and its atmosphere into space as thermal
radiation. It is a measure of the amount of energy radiated into space by the earth's surface,

seas, and atmosphere, and it is an important component of the planet's radiation budget.

OLR has a dominant meridional (North - South) annual cycle as it moves from summer to
winter and viceversa. OLR is also affected by short term day to day variability as well as

long term decadal events. Here | have taken the OLR daily data for 39 years (1979-2017)
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and have attempted to identify the month to which the data belongs by using a deep neural
network.

The OLR data for the 15th of every month is plotted below. From the naked eye its very
difficult to differentiate the months. Feel free to change the year and experiment. Download
the data and put in the Data folder.

Outgoing Longwave Radiation (W/m™2) at the mid of every month for the year 2000
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Figure 4.15: OLR Data for The 15th of Every Month.
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I have Keras to build a densely connected network. The output (month names) have been

transformed by an one hot encoding process. 25% of the data has been randomly selected

for testing.
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Figure 4.16: Test Data Has an Accuracy.

Test data has an accuracy of about 88%. Now we will have a look at the confusion

matrix which gives a better insight of the model performance.
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Figure 4.17: Confusion Matrix.
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Almost all the misclassification is between the neighboring months. This is expected as for
eg. the Jan 30th and Feb 2nd would have similar OLR signature but would be classified as
different months. Keeping this in mind we can conclude that the model performs very well

in classifying the months.
4.5.4 Retrieving Winds from the Vorticity and Divergence Fields Using ANN

Deep learning is often used to extract features from the data. In geosciences its increasingly
used in the parameterization of unresolved sub-grid dynamics. Few examples include the

convection parameterization in general circulation model.

In this section we try to retrieve the wind fields from the vorticity and divergence fields.
Though its not exactly a parameterization problem but the idea is similar. We use deep
learning to learn a function which maps the vorticty and divergence to the wind fields, but
without using the spherical transforms. 2.500 X 2.500, 6-hourly ERA-Interim data from
1979-2018 (40 years) is used. Vorticity and divergence fields are used as input and zonal

and meridional winds are the targets. All the fields are at 500 hpa level.

First 50,000 samples are used for training and the remaining 8440 samples for testing.
Sanples are randomly shuffled in each of these sets. Cross-validation is used to evaluate
different models. The inputs and outputs are normalized by its training mean and variance,
so that they have similar scales. This often helps in speeding up the training.

The model has 2 inputs (vorticity and divergence) and 2 outputs (zonal and meridional wind).
Six layer deep, fully connected network is used. First 3 layers are shared between the two
outputs. It also has another 3 layers for each of the outputs which is not shared. Each layer
has 512 units wuth ReLU activation, except the last one. The last layer has 10512 units (with
no activation) which is then reshaped to the output image of size 73 X 144. Adam
optimization is used with mean squared loss. No regularization was used as the model was

not overfitting. Model summary is printed below along with the block diagram.
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Figure 4.18: Training and Validation Losses.

Training and validation losses are approaching a steady value around epoch 10. Now we will

predict the test output.
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Figure 4.19: Predicted Outputs.

Predicted outputs look more or less similar to the actual ones. Its capturing most of the large

scale structures though its more smoothened. The predicted values also underestimate the
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actual magnitudes. Perhaps a higher capacity network would better capture these subtleties.

But overall the performance seems to be satisfactory.
4.6 CONCLUSION

In conclusion, weather prediction is an important task that can be tackled using various
machine learning techniques. In this project, we explored the use of Linear Regression, K-
Nearest Neighbors, Decision Trees, Convolutional Neural Networks (CNN), and Long
Short-Term Memory (LSTM) networks for weather classification and prediction. Linear
Regression and K-Nearest Neighbors were used for weather classification based on historical
data, while Decision Trees were used for both classification and prediction. CNNs were used
to treat weather data as images and predict weather conditions, while LSTM networks were
used to predict future weather based on historical data. Each of these techniques has its
strengths and limitations, and the choice of which technique to use depends on the specific
application and available data. Linear Regression and K-Nearest Neighbors are simple and
fast to implement but may not capture complex patterns in the data. Decision Trees are easy
to interpret and can handle both categorical and numerical data, but may suffer from
overfitting. CNNSs are powerful for capturing spatial correlations in weather data, but require
significant computational resources and large amounts of data. LSTM networks can capture
temporal dependencies in weather data and make accurate predictions, but also require
significant computational resources and training data. Overall, the results showed that all of
the techniques performed reasonably well for weather classification and prediction, with
LSTM networks achieving the highest accuracy in predicting future weather conditions.
However, the performance of the models may be impacted by the quality and
representativeness of the input data, and further improvements can be made by incorporating
additional features or refining the model architectures. In summary, weather prediction is a
complex task that can be tackled using a range of machine learning techniques, each with
their own strengths and limitations. By carefully selecting and combining these techniques,
it is possible to build accurate and reliable weather prediction models that can be used for a

variety of applications.
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5. CONCLUSION AND FUTURE WORKS
5.1 CONCLUSIONS

In this project, linear regression and deep learning are used to predict the weather forecasting.
We divided the whole weather forecasting project into two parts. When compared to the
machine learning approach, the deep learning approach produces greater results. Weather
forecasts are becoming more accurate and valuable, and their benefits are spreading across
the economy. While significant progress has been made in improving weather forecasts,

there is still much space for improvement.
For future improvements, following step we thought to took:

a. Replacing model with a latest/different model.
b. Using other robust datasets.
c. Predicting result on more attributes.

d. Training model on higher-end GPU.

Also, while performing weather forecasting, there was a lot of complexities involved. There
are a lot of variables/attributes to consider for forecasting weather and if all or most of them
are used, then we need a lot of computation power to get weather information. And, Real
time weather forecasting is very difficult to forecast correctly.

5.2 FUTURE WORKS

There are two keys areas that comprise promising topics for future inquiry related to the
focus of this thesis. Although learning a new RL policy atop an existing policy can combine
two exploration methods into one unified policy, achieving the best possible efficiency and
performance when training a policy that combines multiple strategies remains an open
problem. Future work may benefit from considering the use of curricula in reinforcement
learning methods; [72] are able to help train a policy for multi-task purposes. Moreover, the
Asynchronous Advantage Actor Critic (A3C) [28] reinforcement learning model can train a

multi-task policy similar to ours via parallel training with multiple actors.
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