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Abstract— The study, Maharashtra Drought Analysis
Data, utilizes the LSTM (Long Short-Term Memory)
model to predict climate variables such as the
Standardized Precipitation Index (SPI) to enhance
drought forecasting in Maharashtra. The methodology
begins with meticulous data collection from reliable
meteorological sources, focusing on the dataset, which
contains records of precipitation, and SPI across various
timeframes (1-month to 12-month). This database spans
several years, capturing temporal climate variability for
long-term trend analysis. Data are preprocessed to
handle missing values, outliers, and inconsistencies to
ensure integrity and reliability of time series analysis.
Exploratory Data Analysis (EDA) uses visualization
techniques to identify trends, seasonal, and long-term
climate variability to comprehend SPI behavior. Joint
temperature charts and line plots highlight inter-annual
and seasonal climate trends. LSTM shows a better
prediction performance of 94.72% in comparison to
other time series models, representing complex temporal
relationships with precision. The study enhances
decision-making and forecasting drought, with
application in agriculture, water resources management,
and environmental monitoring in Maharashtra. The
study demonstrates the strength of LSTM to climate
forecasting, providing valuable information for
overcoming the effect of drought, minimizing the optimal
resource utilization, and achieving sustainable
development.
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I INTRODUCTION

Climate change has emerged as one of the largest 21st-
century challenges with long-term consequences for
environmental stability, biodiversity, food security,
and human livelihoods worldwide. Climate variability
is most debilitating in already environmentally
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challenged regions, such as Maharashtra, a
geographically and climatically diverse state in
western India. Maharashtra is plagued by recurring
extreme weather events, such as droughts, which are
further aggravated by irregular monsoon patterns,
uncertain precipitation levels, and relentlessly rising
temperatures. Climatic changes threaten the socio-
economic stability of the region, particularly because
agriculture—the primary livelihood of millions—is
extremely dependent on monsoonal rains. Uncertain
rains and water scarcity have led to repeated crop
failures, economic uncertainty, and increased
vulnerability of rural communities, and therefore these
problems must be addressed using advanced analytical
tools and forecasting capabilities. Employing
scientific forecasting techniques for predicting
droughts, quantifying their severity, and implementing
measures for effective mitigation is needed for
enhancing Maharashtra's resilience to climate change
and for protecting its socio-economic fabric[2].

Droughts, or extended periods of subnormal
precipitation, have deep and lasting implications
beyond transient shortage of water. They interrupt
farm cycles, diminish yields of crops, and subject
tremendous strain to water resources, which is brought
over into economic loss and social tension.
Maharashtra's reliance upon the monsoon cycle for
water and agriculture use further intensifies the effects
of rainfall fluctuation[1]. Maharashtra has experienced
a gradual rise in the frequency and severity of drought
incidents over the last three decades due to declining
amounts of precipitation, irregular distribution of
rainfall, and increased temperature. All these further
increase the vulnerabilities of rain-fed agriculture,
which constitutes a vast percentage of Maharashtra's
cultivation habits. Farmers, who depend greatly on
frequent and timely monsoon rains, often suffer from
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disastrous losses owing to extended dry spells or
unseasonal weather conditions. The wvulnerable
situation calls for efficient forecasting systems that are
able to effectively predict droughts so that appropriate
action can be initiated to offset their impact.
Successful drought forecasting systems have the
capability to minimize agricultural losses, make water
resources planning more logical, and support decision-
making processes that help the region become climate-
resilient[5][7].

Standardized Precipitation Index (SPI) is now an
essential index of drought duration and severity. It
quantifies  precipitation anomalies on multi-
timescales, providing insightful information about
short-term, medium-term, and long-term components
of drought. For Maharashtra, SPI-6 (six-month) and
SPI-12 (twelve-month) are important since they
indicate medium- and long-term deficits in
precipitation with immediate policy ramifications for
agricultural cycles and water management policy.
Negative SPI-6 values reflect short-term water deficit,
impacting irrigation requirements and short-term
agriculture yields, whereas negative SPI-12 values
reflect long-term drought impacts resulting in
groundwater depletion, extended crop failure, and
wider socio-economic consequences[4]. Time series
analysis of SPI values provides data on trends and
patterns of precipitation anomalies, providing a
foundation for predictive modeling and facilitating
effective resource management. With SPI values, the
stakeholders can better predict drought risk and
institute remedial interventions to mitigate their
negative impacts on agriculture, water resources, and
rural livelihoods[7].

The LSTM is one of the best methods for time series
prediction of drought indicators such as SPI. Recurrent
neural network (RNN) models of the LSTM type are
capable of identifying long-term patterns in sequential
data. LSTM is particularly helpful in forecasting
precipitation anomalies and drought trends because, in
contrast to other statistical models, it can learn
intricate, non-linear patterns in climate data. By
controlling the input flow, the memory cells that make
up LSTM allow the model to capture crucial temporal
correlations and eliminate extraneous noise. This
feature enables LSTM to model intricate patterns in
SPI1-6 and SPI-12 values with very high accuracy, and
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it is hence a valuable tool in the projection of drought.
Employing historical climate records, LSTM has the
ability to predict short and long-term precipitation
anomalies, and this can be used in planning for
droughts and resource planning. It is a great alternative
to conventional forecasting methods because of its
capacity to analyze vast amounts of climatic data and
reveal hidden patterns.

Besides its standalone applications, the power of
LSTM can also be utilized extensively through its
application along with other data-driven approaches
for creating solutions to the increasing complexity of
climate variability. For instance, hybrid models
incorporating LSTM and attention techniques or
convolutional neural networks (CNNs) can further
enhance prediction accuracy through the focus of the
most important features in the climate data sets.
Additionally, through the utilization of multiple
sources of varied data types, such as satellite imagery,
soil moisture indices, and contemporaneous remote-
sensing data, inputs to the model can be enhanced and
it can provide forecasts at a higher level of accuracy.
Such improved methodologies provide forecasts at the
taluka or district level, enabling regional governments,
farmers, and water resource departments to implement
effective and targeted interventions. The development
of such high-end frameworks is not only a necessity to
manage the urgency of the drought problem but also to
enhance long-term capacities against the largescale
forces of climate change[8].

The value of accurate drought forecast extends beyond
the planning of short-term resources, for it also plays
a crucial role in long-term sustainability in
Maharashtra's agri-socio-economic systems.
Agriculture in the state, extremely susceptible to
climatic fluctuation, depends upon reliable projections
for optimal planting calendars, the efficient
management of water resources, and minimizing the
impact of crop damage. Additionally, effective
drought forecasting informs policy decisions and
resource management, enabling the government and
the stakeholders to allocate the greatest exposures to
target communities and areas. In addition to
agriculture, drought forecasts can further inform water
management for urban and industrial applications that
are faced with increasing competition over limited
water resources. By providing a scientific basis for
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decision-making, advanced projection models like
LSTM enable the generation of adaptive capacity and
the cultivation of resilience towards climate
change[9].

Along with the short-term advantages of drought
forecasting, the integration of data-driven approaches
with sophisticated deep learning models like LSTM
provides the possibility of future scalability and
innovation. Sophisticated technologies like artificial
intelligence (Al), big data, and hybrid deep learning
models can be applied in conjunction with traditional
forecasting techniques to identify sophisticated, non-
linear patterns in climate time series. For example, by
utilizing spatial and temporal interdependencies,
LSTM can be integrated with CNNs or Transformer-
based models to improve the accuracy and
dependability of drought forecasts. These hybrid
models can also be employed to combine other
streams of data, like satellite images, soil moisture,
and real-time remote sensing data, to enhance the
spatio-temporal resolution of forecasts. By providing
high-resolution forecasts at the taluka or district level,
these new approaches can allow decision-makers to
implement localized and targeted interventions,
thereby maximizing the allocation of resources and
minimizing the socio-economic impacts of droughts.
With Maharashtra continuing to struggle with the
effects of climatic variability, the use of an integrated
and technology-driven framework towards drought
prediction and management will be essential to ensure
the state's environmental robustness and well-being of
the people.

. RELATED WORK

Drought forecasting has been comprehensively
explored based on a large variety of statistical,
machine learning, and deep learning models.
Traditional  statistical ~ techniques  such  as
Autoregressive Integrated Moving Average (ARIMA)
and Multiple Linear Regression (MLR) have been
extensively utilized for precipitation and SPI-based
drought forecasting (Mishra & Desai, 2019). Although
such models are efficient in identifying linear trends,
they collapse when confronted with nonlinear climate
variability, limiting their forecasting capability with
long-term drought forecasting.
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Since the advent of artificial intelligence, machine
learning models like Support Vector Machines
(SVMs), Decision Trees (DT), and Random Forest
(RF) have been used to classify drought and predict its
severity (Gupta et al., 2020). The models are more
predictive in nature compared to traditional methods
but lack the ability to detect sequential patterns of
climate over a time horizon. To overcome this
drawback, deep learning techniques like Recurrent
Neural Networks (RNNs) and LSTM networks, have
been utilized for time-series forecasting in climatology
(Zhang et al., 2021).Previous studies have emphasized
the potential of LSTM to capture long-range
dependencies in climatological data and make it a
potential candidate for drought forecasting. Xie et al.
(2022) and Kumar & Singh (2023) confirmed that
LSTM models outperform conventional statistical and
machine learning models in forecasting the SPI values
more accurately. Additionally, hybrid models
incorporating LSTM and Convolutional Neural
Networks (CNN-LSTM) or Attention Mechanisms
have also proved to work effectively in boosting
prediction efficiency (Wang et al., 2023).

For Maharashtra, earlier studies have examined
drought trends using SPI and conventional statistical
models (Deshpande et al., 2020). There is less work
that has been performed on the application of deep
learning for drought forecasting using SPI for the state
of Maharashtra. This study fills this gap by using
LSTM to forecast SPI values for the period 2014-2024
to improve early warning systems of drought and
supply valuable information in water resources and
agricultural planning in Maharashtra.

I1. BLOCK DIAGRAM

Data Collection SPI Values
& Cleaning |::> Calculations I:>

Forecast & Applying DL
Comparison <:: for LSTM

The block diagram shows step by step approach to
learn drought. It starts with Data Collection &
Cleaning. This process gathers weather data like
rainfall and temperature from weather stations,
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satellites, and historical records. To make sure the data
is quality, we use methods like filling missing data,
eliminating unusual numbers, and getting everything
to line up.

Then there is SPI (Standardized Precipitation Index)
Calculation. This applies mathematics to determine
how abnormal the rainfall is across various time
scales. SPI values assist us in classifying droughts
according to severity, which allows us to identify
droughts early. Data Augmentation & Visualization
follows. Here, we decompose time information and
generate new data points to improve our dataset. We
also use images such as graphs and color maps to
illustrate weather patterns and the evolution of
droughts. Deep Learning Implementation with LSTM
phase entails the learning of a LSTM network to
identify long-term dependencies and also non-linear
relationships from the climate data. Random Forest
and XGBoost may also be combined with it to provide
more accurate predictions.

At the Forecast & Comparison step, the model that has
been trained provides forecasts for drought, and these
forecasts are compared with performance metrics such
as Mean Squared Error (MSE), Root Mean Squared
Error (RMSE), and Mean Absolute Percentage Error
(MAPE). The variance between forecast values and
actual values is utilized to optimize the model for
greater reliability.

V. METHODOLOGY

Applications of the LSTM model's technique to
predict climate variables, such as Standardized
Precipitation Index (SPI) over time, is a methodical
process that encompasses data collection, data
cleaning, data visualization, and model application.
All these processes are essential to make sure that the
data is well prepared, cleaned, and analyzed to
produce accurate predictions. This involves data
collection, managing inconsistency, trend plotting, and
future time series forecast of climate metrics with the
application of LSTM. Below 1is a step-by-step
description of the steps.

1. Data Collection
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Data collection is the foundation of any predictive
modeling exercise, particularly in climatology. The
availability and integrity of the data directly affect the
forecasting model's strength and dependability. In
forecasting precipitation and SPI, a robust dataset
guarantees models can detect temporal and spatial
variation of climate variables, which are required to
make effective forecasts. For this study, the dataset
"nagpur_spi.csv"' was employed, which contains daily
weather data, some of the major variables being
temperature (max and min), rainfall, and SPI values
for different timescales (1-month, 3-month, 6-month,
9-month, and 12-month). The dataset contains data for
several years, hence it is a broad historical foundation
on which climate patterns could be assessed and future
weather forecasts could be established.

2. Data Cleaning

Cleaning data is an essential preprocessing task in any
machine learning or deep learning or data analysis
pipeline. It removes inconsistencies, errors, and
inaccuracy from the data, rendering it eligible for
trustful analysis and model creation. For data sets that
include Standardized Precipitation Index (SPI) and
precipitation data, the cleaning process is particularly
important since such data usually contain time-
dependent values, missing records, or outliers due to
collection errors or environmental extremes. The
cleaning process involves:

Dealing with Missing Values: Applying interpolation
methods like linear or spline interpolation to replace
missing precipitation values.

Standardizing the Date Format: Ensuring all dates
follow a consistent format (YYYY-MM-DD) and
checking for gaps in time-series data.

Eliminating Duplicates: Eliminating duplicate records
to preserve data integrity.

Outlier Handling and Detection: Application of
statistical tools such as Interquartile Range (IQR) or
Z-score testing to identify and handle outliers in
precipitation and SPI values.

3. Data Preprocessing for LSTM

The data must be transformed into a suitable format
for the LSTM model:
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Feature Scaling: Scaled precipitation and SPI values
by using Min-Max scaling to the range [0,1].

Time Series Reshaping: Transformation of the dataset
into sequences for training the LSTM model. Sliding
window method is employed in order to extract input-
output pairs.

Dataset Splitting: Partitioning the dataset into training,
validation, and test sets (e.g., 80-10-10 split).

4. LSTM Model Implementation

LSTM is a recurrent neural network (RNN) model that
is highly effective in time-series prediction. The steps
involved in implementation are:

Specifying the LSTM Architecture: Developing an
LSTM model with stacked layers, i.e., input, hidden,
and output layers.

Compiling the Model: Implementing an optimizer
such as Adam and a loss function such as (MSE) Mean

Squared Error for training.

Model Training: Passing preprocessed data to the
LSTM model and hyper parameter optimization to
achieve maximum accuracy.

Model Accuracy Measurement: Measuring accuracy
with statistics like RMSE , MAE and R-squared for
testing accuracy.

Future Value Prediction: Using the learned model to
forecast future SPI and precipitation values.

5. Model Performance Visualization

In order to test and examine the effectiveness of LSTM
model:

Plotting Actual vs. Predicted Values: A comparison of
LSTM predictions and actual climate values.

Graphing Loss Trends: Graphing loss curves to track
training convergence.

Time-Series  Decomposition: ~ Breaking  down
seasonality and trend to help improve forecast
precision.
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By this method, the LSTM model effectively leverages
past climate data to make accurate SPI and
precipitation predictions, facilitating more informed
climate decision-making.

V.LSTM MODEL ARCHITECTURE

LSTM network is a deep architecture of learning for
time series prediction that is trustworthy. LSTM
excels in learning long-term patterns and sequential
data patterns and thus is best used for the prediction of
future values from previous trends. LSTM networks
surpass the constraints of conventional time-series
models by incorporating memory cells as well as using
the use of application of gating mechanisms (input,
forget, and output gates) for controlling the input of
information. What new information is to be
remembered is defined by the input gate, what to
forget by the forget gate, and how the final output is to
be controlled in terms of cell state updated by the
output gate. These enable LSTM to store helpful past
information without facing problems such as
vanishing gradients. In contrast to traditional statistical
models, LSTM does not need manual stationarity
transformations like differencing and can learn
automatically non-linear patterns of time series. The
model is made up of multiple layers of hidden
components, each dealing with sequential
relationships and learning abstract features of the data.
By utilizing its ability to recall, LSTM is particularly
capable of identifying trends, seasonality, and
randomness within time series data and is thus an
appropriate method for forecasting applications such
as drought monitoring, financial prediction, and
climate prediction.

1. LSTM Output Equation

The final output of the LSTM layer is computed as:
h; = 0,®tanh(Cy)

Where:

*  h; : Hidden state (LSTM output)
* 0 : Output gate activation
* tanh(C,) : Transformed cell state

2. LSTM Cell State Update Equation

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 2829



© March 2025 | IJIRT | Volume 11 Issue 10 | ISSN: 2349-6002

LSTM employs a series of gates
to manage information  flow. The cell state
update formula is:

Ci = fi®OC—y + itGCt

Where:

PRECTOTCORR over Time for Amravati

PRECTOTCORR (imim)

e

*  C, : Present condition of the

* f; : Ignore the activation of the gate.
*  Ci_q : Prior cell condition

* i; : Input gate activation

+  C, : Candidate cell state

*  © : Element-wise multiplication

3. Forget Gate

PRECTOTCORR ever Time for Hingoli

OTEORR (mm]
k-]

4 o > 8 el g i & o g
& S & & B S + & & -

Determines what portion of the previous cell state
should be retained or forgotten.

fe = o(Wg. [he_q, X¢] + bp)
Where:

» f, : orget activation of the gate (values 0—1)
* o : The function of sigmoid activation

*  W;: The forget gate's weight matrix

*  hy_; : The prior time step's hidden state

* X :Input current
*  bs: Aword that is biased

4. Input Gate
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Selects the new data that should be kept in the

PRECTGTCORR over Time for Nagpur

PRECTOTCORR (mm)

o a o o o o
o o o & 5 g

cell state.

iy = o(W;. [he_y, x¢] + by)
C; = tanh(W,. [hy_;, %] + bc)
C¢ = f. C_q +ir. C;
Where:
e i, : Input gate activation
e C, : Candidate cell state (new information to
be added)
o W;, W, : Weight matrices
e b;,bc : Bias terms
e (,; : Updated cell state

RESULT

Fig.1

Fig.2

Fig.3
Figures 1, 2, and 3 provide examples of the Corrected
Total Precipitation (PRECTOTCORR) over time for
Nagpur, Amravati, and Hingoli from 2016 to 2025.
The x-axis represents years, while the y-axis shows
precipitation in millimeters.
The analysis reveals seasonal rainfall trends, with
significant precipitation occurring during the monsoon
season (June—September) and dry months showing
minimal rainfall. Extreme rainfall events were
observed in 2017, 2019, and 2023, with peaks
exceeding 100 mm, likely due to cyclones or intense
monsoon activity.Monsoon variability across years is
influenced by climate fluctuations and changing
rainfall patterns.
The LSTM model forecast (2023-2025) predicts
continued seasonal trends with recurring monsoon
spikes. A slight increase in precipitation is expected,
highlighting flood risk assessment and water resource
management needs. These results highlight the
significance of catastrophe preparedness and climate
monitoring in the area.
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VI.CONCLUSION

The Maharashtra Drought Analysis Data study
showcases the effectiveness of the LSTM model in
forecasting SPI values, significantly improving
drought prediction accuracy. Through rigorous data
preprocessing and visualization, the study ensures
reliable climate trend analysis, supporting critical
sectors such as water resource management and
agriculture. SPI-based insights facilitate early drought
detection, enabling proactive mitigation strategies.
Furthermore, the study highlights LSTM’s broader
applicability in climate forecasting and its role in
strengthening  data-driven  decision-making. By
providing accessible and actionable insights, this
research contributes to Maharashtra’s climate
resilience, promoting sustainable resource
management and improved drought preparedness.
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