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Abstract: Climate modeling is confronting a transformative shift due to incorporation of deep
learning (DL) and machine learning (ML) techniques. These methods, which are based on data,
provide novel means to enhance the precision, efficiency, and comprehensibility of climate
simulations and forecasts. Although traditional numerical models are effective, they require
considerable computational resources and frequently have difficulty resolving fine-scale
phenomena and capturing nonlinear dynamics. Conversely, ML and DL methods are outstanding
at recognizing patterns and can represent intricate processes with the help of extensive
observational and simulated datasets. This review consolidates recent advancements in the use
of ML and DL within climate science, examines emerging trends and provides information on the
state of Al and ML applications today, offering insights into their effectiveness, difficulties, and
prospective benefits for furthering environmental sustainability and climate change research.
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Introduction

Grasping and forecasting the Earth’s climate system is among the most vital scientific challenges
we face today. Extreme atmospheric events have a severe effect on societies [1], leading to
hundreds of thousands of deaths annually and resulting in significant collateral effects like
migrations, damage to infrastructure, transportation issues, and harm to agriculture or
ecosystems. Given that the frequency and severity of extreme events have been rising over the
past few decades, likely because of climate change processes. In this context, analysis and
detection of these events are extremely important [2,3].
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For many decades, traditional climate models have played a fundamental role in the field of
climate science. These models are based mainly on physical laws that are expressed as
differential equations. However, these models require considerable computation and often
involve trade-offs in spatial and temporal resolution, particularly when simulating long-term
climate behaviour or fine-scale regional phenomena.

The development of deep learning (DL) and machine learning (ML) in recent years has led to
significant developments in climate modelling. ML approaches are well-suited for tasks like
parameterisation, data assimilation, and downscaling because they have demonstrated
enormous promise in extracting intricate, nonlinear connections from high-dimensional data.
Subgrid-scale turbulence modelling, precipitation nowcasting, and short-term weather
prediction have all benefited from the effective use of deep learning models.

In this paper, we discuss deep learning and machine learning methods applied to climate related
problems. We can categorize atmospheric changes based on their physical traits and effects on
human society and ecosystems. Moreover, various DL/ML techniques have been linked to issues
related to atmospheric changes. For instance, feature selection/extraction problems in ML are
often connected to the detection of atmospheric changes. In this context, ML algorithms can
identify the most significant features that trigger such changes. By incorporating specific factors
to train the ML models, we can address the attribution of atmospheric changes.

Related work
In this work, we analyse existing research that evaluates the worldwide impacts of climate change
on various sectors.

a. Climate change and temperature level/CO2

One of the main issues facing the globe today is the increasing global temperature, which has an
influence on every nation's economy, ecology, and healthcare system, with regional effects being
more noticeable.

Authors in [4] presented deep learning-based methods like LSTM, RNN and DNN to
predict temperature and also heat wave events were analysed in this work. The study was carried
out on Indo-Gangetic Plain and the experiment results showed that LSTM outperforms RNN and
DNN in heat wave prediction and it performs better in all GCM model datasets in terms of
downscaling when compared to observed maximum temperature data.

In [9] authors addressed improve of climate model and projections using deep learning. A novel
and promising method that creates more reliable and stable climate simulations and opens the
door to more physically-based causal deep learning techniques is the coupling of causal discovery
with deep learning. For both global 4 K sea surface temperature increase and cooling, the authors
reveal that the causal drivers of subgrid-scale processes, as determined by our causal discovery
technique in SPCAM, are constant across climates.
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Forecasts for more frequent low-wind and high-temperature episodes in the Eastern United
States are among the many GCMs whose predicted changes in wind, solar, and temperature
variables are downscaled using machine learning [10]. The technique generates data with high-
resolution geographical and temporal characteristics akin to historical datasets and operate 40
times quicker than conventional downscaling techniques.

Authors in [11] proposed a CNN architecture to forecast daily precipitation and mean, minimum,
and maximum temperatures using ERAS data. This work aims in building a multi-model ensemble
of downscaled temperature and precipitation estimates across the Iberian Peninsula using CNN.
The results could provide a new method for supplying local climate change data for adaption
plans.

Ocean conditions, particularly sea level and temperature, are changing due to climate change.
These modifications have an impact on marine productivity and monsoon precipitation in the
Bay of Bengal, which are vital to the Indian economy [13]. To get future climate estimates, a
novel data-driven deep learning model is presented. The estimates for 2024-2100 are then
corrected by the trained model, which was trained using historical data from 1950-2014.
Human life is seriously threatened by human-induced global warming, which is mostly caused by
an increase in atmospheric CO2. Although the majority of research focuses on estimating CO2
emissions on a yearly basis, which is essential for establishing long-term emission reduction goals,
accurate daily CO2 emission prediction is just as important for establishing short-term goals. The
performance of 14 models in forecasting daily CO2 emissions data from January 1, 2022, to
September 30, 2023, across the top four polluting areas (China, India, the United States, and the
EU27&UK) is examined in this paper [19].

b. Climate change and Heat Level/Solar Radiation

To simulate and optimize heat transfer in smart city infrastructure and make it both thermally
comfortable and energy efficient, the authors suggested a framework based on deep learning,
transfer learning, and multi-objective optimization [7]. The paper's framework includes a hybrid
CNN-LSTM-based building thermal dynamics prediction model that was refined using data from
five major Indian cities after being applied to a large dataset (12.56 metric tons) of Indian
structures with a variety of features.

Authors in [4] addresses evaluation of heat wave events through deep learning models for indo-
gangetic plain. In this study, LSTM outperformed the observation (12-28 events) in heat wave
prediction throughout an area with a comparable temporal range (12-36 events) and
geographical occurrence.

In [12], a novel stochastic weather generator (SWG) based on statistical machine learning (SML)
is used to assess power flow. The suggested SML model allows the creation and assessment of
simulated hourly meteorological data all year long by combining generative adversarial networks
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(GANs), probability theory, and information theory. Seasonal patterns, diurnal fluctuations, and
weather uncertainty are just a few of the weather variation aspects that the GAN model
represents. In stochastic weather modeling, the suggested deep learning model shows notable
advantages over shallow learning approaches.

C. Climate change and groundwater recharge/landslide/soil moisture

The most dependable supply of freshwater for use in homes, businesses, and agriculture is
groundwater. However, effective groundwater management has been hampered by human
interventions in the water cycle.

Author’s goal in [5] is to understand how rainfall will primarily replenish groundwater in the
future as the climate changes. Precipitation, soil type, land slope, temperature, potential
evapotranspiration, aridity index (Arln), land use and land cover (LULC), and precipitation are all
predictors of groundwater recharge.

Mapping landslide susceptibility is essential for both sustainable land-use planning and disaster
management. The purpose of this study was to identify landslide-prone areas in Wayanad,
Kerala, India. Elevation, slope, aspect, curvature, stream power index, topographic wetness
index, land use and land cover, rainfall, flow accumulation, geology, and geomorphology were
among the many huge geospatial datasets utilized in the study. The use of several machine
learning and deep learning algorithms to identify the areas vulnerable to landslides comes next
[16].

The ability of the top soil layer to retain moisture is known as surface soil moisture (SSM). It is a
crucial component of the surface water budget. To lessen the consequences of precipitation
shortfalls and identify the most effective strategies for managing natural ecosystems in the face
of climate change, soil moisture monitoring is essential. The proposed work [20] used MERRA-2
to gather daily SSW data with a spatial resolution of 0.5° x 0.625° for the Tel River Basin in Odisha,
India, between 2001 and 2020. This study investigates the dependability of three deep learning
(DL) models to predict SSW time series (SSWTS) one step ahead of time.

d. Climate change and Rainfall/Air pollution

Among Earth systems modeling, rainfall forecasting is of paramount importance. Given its critical
role in determining India's agricultural production, it is imperative that the country's monthly
rainfall be accurately predicted.

In [6] authors proposed a rainfall modeling technique based on a transformer-based deep
learning architecture. This method's ability to parallelize sequential incoming data via an
attention technique is its main differentiator. Larger datasets may be processed and trained more
quickly because to this feature. The transformer-based architecture's predictive performance
was evaluated using monthly rainfall data from India over a 41-year period, from 1980 to 2021.
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The environment and public health are seriously threatened by air pollution. Implementing
successful mitigation solutions requires an understanding of and ability to anticipate PM2.5
concentrations.

In [14] authors study PM2.5 in Jaipur city using five machine learning techniques and air
pollutants and meteorological indicators from 2019-2023. The results demonstrated that every
air contaminant was above WHO (2021) standards. With NO2, SO2, and NH3, a rising trend in
PM2.5 was seen. According to the sensitivity study, SO2 and O3 were more sensitive to variations
in PM2.5 concentrations.

The study in [18] uses deep learning (DL) models to anticipate the hourly AQIl in Azamgarh, Uttar
Pradesh, India. A total of 8760 data points were collected between July 2022 and June 2023 to
qguantify hourly particulate matter (PM2.5, PM10), gaseous concentrations (NO2, SO2), and
meteorological parameters (temperature, relative humidity, wind direction, wind speed, and UV
radiation). With higher AQl readings in the winter than in the summer, the projected annual
mean hourly AQl was 123, suggesting moderate pollution. To determine the statistical
significance of changes in PM2.5, PM10, SO2, and NO2, we employed a MANOVA.

e. Climate change and thunderstorms

Reliable thunderstorm predictions are necessary because thunderstorms are a serious threat to
both society and the economy.

In [21] a thunderstorm forecasting method is implemented using CNN. CNNs to take use of the
spatial features included in the meteorological data. Using satellite data, the convection
prediction learning task is structured as a binary-classification issue. According to the study, CNN-
based designs enhance point-prediction model performance, with the highest results coming
from fully-convolutional neural-network architectures.

Authorsin [22] proposed feedforward neural network model to forecast thunderstorm. Lightning
observations and convection-resolving ensemble projections over central Europe are used to
train the model. SALAMA correctly calibrates the inference of thunderstorm occurrence
probability using just a set of pixel-wise input characteristics linked to thunderstorm
development that are taken from NWP data.

The prediction model was developed using the Random Forest method and tested and trained
using historical weather data [23]. With a mean absolute error of 2.34 storms and an index of
agreement of 0.926, the model showed strong predictive ability, accounting for about 72.6% of
the variation in thunderstorm occurrences. The significance of atmospheric moisture content,
namely TCW and TCRW, in forecasting thunderstorm frequency was demonstrated by key
studies.

Using a meteorological dataset, the DL technique has been used to categorize thunderstorms and
non-thunderstorms [24]. Incidence of thunderstorms and non-thunderstorms has been classified
using daily observational hourly data sets from 2016 to 2021. Three DL approaches are employed,
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and when they are contrasted with traditional ML procedures, it is evident that DL approaches
performed better than ML. With an accuracy of 92.01%, the CNN method outperforms all other
DL and ML techniques.
Table 1 depicts various machine learning and deep learning methods used for climate modeling

under various parameters.

Table 1. Study of various machine learning and deep learning techniques for climate modeling
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Conclusions

This work has significantly improved our theoretical understanding of the various ways that

climate change affects significant areas including temperature, water resources, heat waves,

rainfall, air pollution, thunderstorms, etc. Every one of these sectors is important, and our study

has shed light on the intricate relationships that exist between each sector and climate change.

It makes significant theoretical advances that advance a thorough comprehension. It is observed

that machine learning and deep learning models were used to forecast or predict future instances

using the real time datasets.
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