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Abstract:  Accurate rainfall forecasting is vital for India’s agricultural sustainability, water resource
management, and climate resilience. This study conducts an exhaustive evaluation of four advanced time-
series forecasting models—Long Short-Term Memory (LSTM) neural networks, Seasonal Autoregressive
Integrated Moving Average (SARIMA), Facebook Prophet, and Extreme Gradient Boosting (XGBoost)—to
predict annual rainfall from 2016 to 2030, leveraging India’s area-weighted rainfall dataset from 1901 to 2015.
Each model is meticulously assessed for its ability to capture temporal trends, seasonal patterns, and nonlinear
dependencies. The findings reveal distinct predictive behaviors: LSTM projects a steady increase in rainfall,
reaching 1207.36 mm by 2030, indicating potential climatic shifts; SARIMA predicts stable oscillations
between 1070-1135 mm, reflecting historical variability; Prophet forecasts a gradual decline from 1121.83
mm to 1100.96 mm, emphasizing long-term trends; and XGBoost yields a constant 1151.65 mm, highlighting
its limitations without temporal feature engineering.

Index Terms — Agriculture, Artificial Intelligence, Machine Learning Model, Rainfall Forecasting,
XGBoost, LSTM, SARIMA.

1. Introduction

Rainfall forecasting is a critical component of India’s socioeconomic and environmental planning,
given the country’s reliance on monsoon-driven agriculture, which supports over 50% of its workforce, and
its vulnerability to water scarcity and flooding. The Indian monsoon exhibits complex patterns influenced by
global climatic phenomena, regional geography, and long-term trends, making accurate forecasting a
challenging yet essential task. Time-series forecasting models, ranging from traditional statistical methods to
cutting-edge machine learning and deep learning approaches, offer diverse tools to predict future rainfall
based on historical data. This study undertakes a comprehensive comparison of four prominent models: Long
Short-Term Memory (LSTM) neural networks, Seasonal Autoregressive Integrated Moving Average
(SARIMA), Facebook Prophet, and Extreme Gradient Boosting (XGBoost). These models are evaluated using
India’s area-weighted annual rainfall dataset [1] from 1901 to 2015, with forecasts generated for the period
2016 to 2030. The objectives of this research are multifaceted: (1) to rigorously assess each model’s predictive
accuracy and robustness, (2) to elucidate their theoretical foundations and practical implications, (3) to
contextualize the study within existing literature through a detailed survey, (4) to provide in-depth visual and
statistical analyses of forecasting results, and (5) to offer practical recommendations for stakeholders in
agriculture, water resource management, and climate policy. By integrating methodological depth with real-
world applicability, this study aims to enhance decision-making in climate-sensitive sectors and contribute to
India’s resilience against climatic variability.
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2. Related Work and Literature Survey

Rainfall forecasting has been a focal point of research globally, particularly in monsoon-dependent
regions like India, due to its profound implications for agriculture, water management, and disaster
preparedness. This section provides an exhaustive review of prior work, categorized by methodological
approaches, to situate the current study within the broader research landscape and highlight its unique
contributions.
2.1 Statistical Models

Statistical models, such as Autoregressive Integrated Moving Average (ARIMA) and its seasonal
extension, SARIMA, have been foundational in time-series forecasting due to their interpretability and robust
theoretical underpinnings. Box and Jenkins introduced the ARIMA framework [2], which combines
autoregressive, differencing, and moving average components to model stationary time series. SARIMA
extends this by incorporating seasonal patterns, making it particularly suitable for cyclical data like rainfall.
Narayan and Sharma [5] applied SARIMA to forecast monthly rainfall in India, demonstrating its
effectiveness in capturing seasonal cycles but noting its limitations in modelling nonlinear trends due to its
linear assumptions. Their study achieved a root mean squared error (RMSE) of 15-20 mm for monthly
predictions, underscoring SARIMA’s precision for short-term forecasts. Similarly, Ray and Pandey [6]
employed SARIMA for annual rainfall forecasting in India, reporting robust performance for stable patterns
but highlighting challenges in parameter selection and sensitivity to non-stationary data. They suggested that
SARIMA’s performance could be enhanced by preprocessing data to ensure stationarity, such as differencing
or detrending. These studies emphasize SARIMA’s strengths in transparency and seasonal modelling but
underscore its rigidity when faced with complex, nonlinear dynamics.
2.2 Machine Learning Approaches

Machine learning models have gained traction for their ability to handle high-dimensional, noisy
datasets and capture complex relationships. Breiman developed Random Forests [16], a tree-based ensemble
method that Ahmed and Khan [9] applied to regional rainfall prediction in India. By incorporating features
such as temperature, humidity, and lagged rainfall, they achieved an R-squared value of 0.85, demonstrating
high predictive accuracy. However, their study emphasized the need for extensive feature engineering to
incorporate temporal dependencies, as Random Forests [16] are not inherently designed for time-series tasks.
Chen and Guestrin [4] introduced XGBoost, a scalable gradient boosting framework that Kumar and Singh
[7] utilized for rainfall forecasting in India. They engineered features like lagged rainfall, moving averages,
and climatic indices (e.g., EI Nifio-Southern Oscillation), achieving an RMSE of 10-12 mm for annual
predictions. Their findings highlighted XGBoost’s robustness to missing data and noise but noted its
dependence on well-crafted features to capture temporal patterns. These studies illustrate the power of
machine learning in structured regression tasks but underscore the critical role of preprocessing and feature
engineering in time-series applications.

2.3 Deep Learning Models

Deep learning, particularly Long Short-Term Memory (LSTM) networks, has revolutionized time-
series forecasting by addressing the limitations of traditional models in capturing long-term dependencies.
Hochreiter and Schmidhuber[18] proposed LSTM to mitigate vanishing gradient issues in Recurrent Neural
Networks (RNNs), enabling the modeling of sequential data with extended memory. Poornima and
Pushpalatha [10] applied LSTM to monthly rainfall forecasting in India, using a sliding window approach
with a 3-year time step. Their model outperformed ARIMA, achieving an RMSE of 8-10 mm, due to its
ability to capture nonlinear patterns and inter-annual variability. However, they noted the computational
complexity of LSTM, requiring high-performance GPUs and large datasets for training. Zhang and Li [19]
enhanced LSTM with attention mechanisms for global rainfall forecasting, incorporating features like sea
surface temperature and atmospheric pressure. Their model achieved a 15% improvement in accuracy over
baseline LSTM but increased model opacity, making it less interpretable for practical applications. These
studies demonstrate LSTM’s flexibility and superior performance for complex time-series tasks but highlight
challenges related to computational demands and lack of interpretability.
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2.4 Hybrid and Decomposition Models

Hybrid and decomposition-based models aim to combine the strengths of statistical and machine learning
approaches, offering a balance between interpretability and flexibility. Taylor and Letham [3] introduced
Prophet, an open-source tool that decomposes time series into trend, seasonality, and holiday effects, designed
for scalability and ease of use. Li and Wang [20] applied Prophet to rainfall forecasting in China, using
monthly data from 1960 to 2015. Their model effectively detected long-term trends, achieving an RMSE of
12-15 mm, but tended to over-smooth short-term fluctuations, reducing sensitivity to extreme events. Zhang
[13] proposed a hybrid ARIMA-ANN model, which Chakraborty and Ghosh [21] adapted for Indian rainfall
forecasting. By using ARIMA to model linear components and a neural network for nonlinear residuals, their
hybrid approach achieved an RMSE of 7-9 mm, outperforming standalone models. These studies highlight
the potential of hybrid and decomposition models to leverage complementary strengths but note the
complexity of integrating multiple frameworks and the risk of overfitting in hybrid approaches.

2.5 Gaps and Contributions

The literature reveals several gaps: statistical models like SARIMA are interpretable but struggle with
nonlinear patterns; machine learning models like XGBoost require extensive feature engineering; deep
learning models like LSTM are flexible but computationally intensive and opaque; and hybrid models like
Prophet may over-simplify complex dynamics. This study addresses these gaps by: (1) conducting a
systematic comparison of LSTM, SARIMA, Prophet, and XGBoost on a unified dataset, (2) providing
detailed analyses of their predictive behaviors across short- and long-term horizons, (3) integrating an
extensive literature survey to contextualize findings, (4) offering comprehensive visual and statistical insights,
and (5) delivering tailored recommendations for practical applications in agriculture, water management, and
climate planning. By building on prior work, this research contributes a robust, multi-faceted framework for
rainfall forecasting in India.

3. Dataset and Preprocessing

The dataset used in this study is India’s area-weighted annual rainfall from 1901 to 2015, sourced from the
India Meteorological Department (IMD). This dataset aggregates rainfall measurements across India,
accounting for regional variations, and is a standard reference for climatological studies. It contains 115 years
of data, with each record comprising the year (time index) and annual rainfall in millimeters (mm). For
consistency across models, only the “YEAR” and “ANNUAL” columns are used, renamed to “ds” (date) and
“y” (value) for compatibility with Prophet and other frameworks. The preprocessing steps are meticulously
designed to meet each model’s requirements while ensuring a fair comparison:

« Data Cleaning and Validation: The dataset is inspected for missing values, outliers, and inconsistencies.

No missing values are found, and the time index is verified to be monotonically increasing, ensuring
temporal integrity. Outliers are retained, as they represent natural climatic variability (e.g., extreme wet
or dry years).

e Normalization: For LSTM, rainfall values are normalized to the range [0, 1] using MinMaxScaler. This
transformation stabilizes gradient-based optimization and prevents numerical instability during training,
which is critical given LSTM’s sensitivity to input scale.

e Sliding Window for LSTM: A sliding window approach with a time step of 5 years is implemented for
LSTM. Each input sequence consists of 5 consecutive years’ rainfall values, predicting the rainfall for
the subsequent year. This creates a supervised learning dataset with overlapping sequences, enabling the
model to learn temporal dependencies.

« Chronological Train-Test Split for XGBoost: The dataset is split chronologically into training (80%,
1901-1992, 92 years) and testing (20%, 19932015, 23 years) sets. This preserves the temporal order,
preventing data leakage and allowing evaluation of model generalization on unseen future data.

e Formatting for Prophet and SARIMA: For Prophet, the data is formatted into a two-column structure
(“ds” for dates, “y” for rainfall). For SARIMA, the raw rainfall values are used, as normalization is
unnecessary for statistical models. Both models leverage the full dataset for training, as they are evaluated
on forecasting performance rather than test-set accuracy.

These preprocessing steps ensure that the data is optimally prepared for each model’s algorithmic
requirements, enabling a robust and equitable comparison of their forecasting capabilities.
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4. Model Descriptions
This section provides an in-depth overview of the four forecasting models, detailing their theoretical
foundations, configurations, training processes, and forecasting methodologies. Each model is tailored to the
rainfall forecasting task, with specific considerations for the dataset and objectives.
4.1 LSTM-Based Forecasting
Long Short-Term Memory (LSTM) networks are a specialized type of Recurrent Neural Network (RNN)
designed to model long-term dependencies in sequential data [18]. LSTMs address the vanishing gradient
problem of traditional RNNs through memory cells and three gates (input, forget, and output), which regulate
the flow and retention of information. This makes LSTMs particularly suited for time-series tasks like rainfall
forecasting, where past patterns influence future outcomes over extended periods. The LSTM model is
configured as follows:

e Architecture: The model comprises two stacked LSTM layers, each with 50 units, to capture

hierarchical temporal patterns. The first layer returns sequences, feeding the full sequence output to
the second layer, which outputs a single value for the next time step. A Dense layer with one unit
follows to produce the final rainfall prediction. This architecture balances model complexity and
predictive power.

e Training: The model is trained using the Adam optimizer, which adapts the learning rate for efficient
convergence, and Mean Squared Error (MSE) as the loss function to minimize prediction errors. The
dataset is split into 80% training and 20% validation sets for hyperparameter tuning, with early
stopping to prevent overfitting. Training is conducted for up to 100 epochs with a batch size of 32.

e Input Preparation: The normalized rainfall data is structured into sequences using a sliding window
of 5 years. For example, the rainfall values from 1901-1905 predict 1906, 1902—-1906 predict 1907,
and so forth, creating a dataset of input-output pairs.

o [Forecasting: After training on 1901-2015 data, the model forecasts 2016—2030 in an auto-regressive
manner. The initial prediction for 2016 uses the actual values from 2011-2015. Subsequent predictions
(2017-2030) use the model’s own outputs as inputs, simulating real-world forecasting where future
data is unavailable. The predictions are inversely scaled using the MinMaxScaler to convert back to
millimeters. LSTM’s ability to learn complex, nonlinear dependencies make it a powerful tool for
capturing the intricate dynamics of rainfall patterns, though its computational complexity and lack of
interpretability are notable drawbacks.

4.2 SARIMA-Based Forecasting
Seasonal Autoregressive Integrated Moving Average (SARIMA) extends the ARIMA model by incorporating
seasonal components, making it suitable for time series with cyclical patterns [2]. SARIMA is defined by
parameters (p,d,q)x(P,D,Q,s), where p,d,q represents the non-seasonal autoregressive, differencing, and
moving average orders, and P,D,Q,s denote their seasonal counterparts and the seasonal period. The SARIMA
model is configured as follows:

o Parameters: The model uses SARIMA(1,1,1)x(1,1,1,4), where s=4 assumes a potential quarterly

seasonality within annual data. This choice is exploratory, as annual rainfall typically lacks clear
seasonal periodicity, but it allows the model to capture potential multi-year cycles. The parameters are
selected based on autocorrelation and partial autocorrelation analysis, with grid search to optimize fit.

e Training: The model is fitted to the full 1901-2015 dataset using maximum likelihood estimation,
which optimizes the parameters to minimize the log-likelihood of prediction errors. Stationarity is
ensured through first-order differencing (d=1, D=1), and diagnostic checks (e.g., residual analysis)
confirm model adequacy.

o Forecasting: The fitted model generates point forecasts and 95% confidence intervals for 2016-2030,
extrapolating based on historical patterns. The forecasts are produced iteratively, with each step
leveraging the model’s internal state to predict the next year’s rainfall. SARIMA’s statistical
foundation provides transparent coefficients and interpretable results, making it ideal for stakeholders
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requiring clear insights into cyclical and seasonal patterns. However, its linear assumptions may limit
its ability to model complex, nonlinear trends.

4.3 Prophet-Based Forecasting
Facebook Prophet is an open-source forecasting tool designed for time-series data with strong seasonal and
trend components [3]. It decomposes the time series into additive components: a piecewise linear or logistic
trend, yearly and weekly seasonality, and optional holiday effects. Prophet’s flexibility and user-friendly
interface make it suitable for meteorological forecasting. The model is configured as follows:

e Input Preparation: The dataset is formatted into a two-column structure, with “ds” containing yearly

timestamps (1901-2015) and “y” containing rainfall values in millimeters. No additional features are
included, as the focus is on univariate forecasting.

o Training: Prophet fits a generalized additive model, automatically detecting yearly seasonality and a
flexible trend component. The trend is modeled using a piecewise linear function with change points
to capture shifts in rainfall patterns. Seasonality is modeled using Fourier series, with the order tuned
to balance fit and overfitting. No holiday effects are included, as they are irrelevant for annual rainfall.
The model is trained on the full 1901-2015 dataset, with cross-validation to assess performance.

o [Forecasting: Prophet generates forecasts for 2016-2030, producing point estimates and uncertainty
intervals (80% and 95% prediction intervals). The forecasts are based on the fitted trend and
seasonality components, extended forward for 15 years. Prophet’s ability to handle outliers, missing
data, and trend changes makes it a practical choice for macro-level forecasting, though its tendency to
smooth short-term fluctuations may reduce sensitivity to extreme events.

4.4 XGBoost-Based Forecasting
Extreme Gradient Boosting (XGBoost) is a tree-based ensemble learning algorithm known for its scalability,
efficiency, and performance in regression and classification tasks (Chen & Guestrin, 2016). XGBoost builds
an ensemble of decision trees, optimized using gradient boosting to minimize a loss function. The model is
configured as follows:

o Parameters: The model uses n_estimators=100 (number of trees), learning_rate=0.1 (step size for

updates), and max_depth=3 (tree depth), balancing predictive accuracy and model complexity. These
hyperparameters are tuned using grid search on the training set.

o [Features: The year is used as the sole predictor, with annual rainfall as the target variable. This
simplistic feature set, lacking temporal features like lagged variables or moving averages, limits the
model’s ability to capture time-series dynamics.

e Training: The dataset is split chronologically into training (1901-1992, 80%) and testing (1993-2015,
20%) sets to preserve temporal order. The model is trained using the mean squared error loss function,
with early stopping to prevent overfitting.

o Forecasting: Future years (2016-2030) are input as predictors to generate rainfall forecasts. The
model predicts a single value for each year based on the trained ensemble of trees. XGBoost’s
robustness to noise and missing data makes it a powerful tool for structured regression, but its
performance in time-series tasks is heavily dependent on feature engineering, as evidenced by its
limitations in this study.
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5. Forecasting Results

The forecasted rainfall values for 2016-2030 are presented below in a tabular format, providing a

comprehensive overview of each model’s predictive behavior across the 15-year horizon. The results are

analyzed in detail for each model, highlighting their trends, variability, and alignment with historical patterns.
Table 1: Forecasted Rainfall Comparison (2016—-2030)

Year LSTM (mm) S'A(‘rlf]:nl\;lA Prophet (mm)|XGBoost (mm)
| 2016 || 115922 | 1101.97 | 1121.83 | 115165 |
| 2017 || 116025 | 107021 | 111699 | 115165 |
| 2018 || 116893 | 113319 | 1112.08 | 115165 |
| 2019 | 115843 | 111433 | 110711 | 115165 |
| 2020 | 117630 | 109161 | 111649 | 115165 |
| 2021 | 118695 | 111437 | 111164 | 115165 |
| 2022 || 1189.05 | 1107.04 | 110674 | 115165 |
| 2023 || 119194 | 111061 | 110077 | 115165 |
| 2024 || 119433 | 109650 | 111115 | 115165 |
| 2025 | 119895 | 110410 | 110630 | 115165 |
| 2026 | 120151 | 111638 | 110140 | 115165 |
| 2027 | 120298 | 111369 | 109643 | 115165 |
| 2028 || 120453 | 109718 | 110581 | 115165 |
| 2029 || 120598 | 1109.01 | 110096 | 115165 |
| 2030 || 120736 | 111582 | 110096 | 115165 |

5.1 LSTM Results

The LSTM model predicts a consistent and gradual increase in annual rainfall, rising from 1159.22 mm in
2016 to 1207.36 mm in 2030, representing a total increase of approximately 48.14 mm over 15 years, or an
average annual increase of 3.21 mm. This upward trend suggests that the LSTM model has effectively
captured long-term climatic shifts, potentially reflecting nonlinear patterns or emerging trends in the historical
data, such as increasing monsoon intensity due to climate change. The smooth progression of the forecast,
with no abrupt jumps, indicates the model’s ability to learn complex temporal dependencies, leveraging its
memory cells to retain information from previous years. For instance, the model’s use of a 5-year sliding
window allows it to integrate multi-year patterns, such as cycles of wet and dry periods, into its predictions.
The forecast shows a steady climb, with notable increases in 2020 (1176.30 mm) and 2025 (1198.95 mm),
suggesting a strengthening monsoon trend. The forecast’s statistical properties include a mean of 1184.35 mm
and a standard deviation of 17.45 mm, indicating moderate variability compared to historical data (mean
~1150 mm, standard deviation ~150 mm). However, the black-box nature of LSTM limits interpretability,
making it challenging to pinpoint specific drivers of the upward trend, such as changes in atmospheric
conditions or oceanic oscillations. Additionally, the model’s reliance on auto-regressive forecasting (using its
own predictions as inputs) introduces cumulative error, which may amplify over the 15-year horizon, though
the smooth trend suggests stable performance. This forecast is particularly relevant for long-term planning,
as it signals a potential increase in water availability, which could influence irrigation strategies, reservoir
management, and flood preparedness. For example, policymakers could use this trend to prioritize
investments in flood-resistant infrastructure or enhanced water storage systems to capitalize on increased
rainfall.
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5.2 SARIMA Results

The SARIMA maodel forecasts annual rainfall oscillating between a minimum of 1070.21 mm in 2017 and a
maximum of 1133.19 mm in 2018, with an average of approximately 1104 mm and a standard deviation of
15.93 mm across the 15-year period. This mean-reverting behavior, characterized by fluctuations within a
stable range, aligns closely with the historical inter-annual variability observed in the 1901-2015 dataset,
which exhibits alternating wet and dry years without a clear long-term trend. The oscillatory pattern reflects
SARIMA'’s strength in capturing cyclical patterns, driven by its seasonal components (P,D,Q,s), which model
multi-year cycles. The choice of s=4 (quarterly seasonality) is exploratory, as annual rainfall lacks explicit
seasonal periodicity, but it allows the model to capture potential multi-year climatic cycles, such as those
influenced by EI Nifio or La Nifia. Notable peaks occur in 2018 (1133.19 mm) and 2026 (1116.38 mm), while
troughs occur in 2017 (1070.21 mm) and 2024 (1096.50 mm), suggesting a cyclical pattern with a period of
approximately 4-5 years. The absence of a pronounced trend suggests that SARIMA may underfit long-term
climatic shifts, constrained by its linear assumptions and reliance on historical stationarity. The model’s
statistical foundation provides 95% confidence intervals, which typically span 100—-150 mm around the point
estimates, offering a measure of uncertainty for stakeholders. For example, the 2018 peak of 1133.19 mm has
a confidence interval of approximately 1080—1180 mm, indicating moderate uncertainty. The forecast’s mean
and variability closely mirror the historical data, suggesting that SARIMA effectively extrapolates historical
patterns. This forecast is valuable for short-term planning, such as crop selection and irrigation scheduling, as
it provides stable, cyclical predictions that reflect historical norms. For instance, farmers could use the 2018
peak to plan for water-intensive crops like rice, while preparing for leaner years like 2017. However, its lack
of long-term trend detection limits its use for strategic climate planning.

Annual Rainfall Forecast (SARIMA)
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5.3 Prophet Results

The Prophet model predicts a gradual decline in annual rainfall, decreasing from 1121.83 mm in 2016 to
1100.96 mm in 2030, with an average annual decrease of approximately 1.39 mm, totaling a 20.87 mm
reduction over 15 years. The forecast exhibits minor fluctuations, with values ranging from 1096.43 mm
(2027)t0 1121.83 mm (2016), and a standard deviation of 7.92 mm, indicating a smoother trajectory compared
to SARIMA. This downward trend reflects Prophet’s design to prioritize long-term trends over short-term
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noise, achieved through its piecewise linear trend component and Fourier-based seasonality modeling. The
model’s ability to detect a subtle decline suggests it has captured a macro-level shift in the historical data,
potentially related to climatic factors like weakening monsoon patterns, increased urbanization, or changes in
land use. The smoothing effect is evident in the reduced variability compared to historical data, which shows
fluctuations of 200—-300 mm between years. Notable fluctuations include a slight rise to 1116.49 mm in 2020
and a dip to 1096.43 mm in 2027, but the overall trend remains downward. Prophet’s uncertainty intervals
(80% and 95%) provide additional context, typically spanning 50-100 mm around the point estimates,
reflecting moderate confidence in the trend but acknowledging potential variability. For instance, the 2030
forecast of 1100.96 mm has a 95% interval of approximately 1050—1150 mm. The forecast’s mean of 1108.28
mm and low variability suggest a conservative projection, prioritizing stability over extreme events. This
forecast is particularly useful for risk management, as the declining trend signals potential water scarcity,
informing drought preparedness strategies, such as groundwater conservation or crop diversification. For
example, water managers could use the 2030 forecast to plan reservoir storage levels or promote drought-
resistant crops. However, the smoothing effect may mask extreme wet or dry years, limiting its utility for
short-term, high-variability predictions. The model’s ability to handle outliers and missing data further
enhances its reliability for long-term planning.

Annual Rainfall Forecast (Facebook Prophet)
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5.4 XGBoost Results

The XGBoost model produces a constant forecast of 1151.65 mm for all years from 2016 to 2030, with zero
variability (standard deviation of 0 mm), indicating severe underfitting and a failure to capture temporal
dynamics. This flat output results from using only the year as a predictor, without incorporating temporal
features such as lagged rainfall, moving averages, or climatic indices. In the training phase, XGBoost builds
an ensemble of decision trees based on the relationship between the year and rainfall, but the lack of
informative features leads to a model that essentially predicts the mean rainfall value from the training set
(approximately 1150 mm). The test set performance (1993-2015) likely shows high error, with an RMSE
potentially exceeding 100 mm, due to the model’s inability to generalize beyond the mean. The constant
forecast aligns with the historical mean but fails to reflect inter-annual variability or trends, rendering it
ineffective for time-series forecasting in this configuration. For comparison, studies like Kumar and Singh [7]
achieved success with XGBoost by engineering features like 1-5 year lagged rainfall, 3-year and 5-year
moving averages, and El Nifio indices, suggesting that the model’s potential could be unlocked with proper
preprocessing. For example, lagged variables (e.g., rainfall at t-1, t-2) could capture short-term dependencies,
while moving averages (e.g., 3-year mean) could smooth out noise and highlight trends. Climatic indices like
the Southern Oscillation Index could account for global influences on rainfall. The flat forecast’s statistical
properties (mean = 1151.65 mm, standard deviation = 0 mm) highlight its lack of predictive value, as it
provides no insight into future variability or trends. This result serves as a cautionary example of the need for
temporal feature engineering in machine learning models like XGBoost. In its current form, the XGBoost
forecast is of limited practical value, offering no actionable insights for planning or decision-making. To
improve performance, future iterations could incorporate a feature set including:
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Lagged rainfall values (e.g., rainfall at t-1, t-2, t-3, t-4, t-5).
Moving averages (e.g., 3-year, 5-year, and 10-year rolling means).
Seasonal indicators (e.g., binary flags for monsoon strength).

External predictors (e.g., sea surface temperature, El Nifio-Southern Oscillation index). Such
enhancements could transform XGBoost into a competitive time-series model, as demonstrated in
prior studies.

Annual Rainfall Forecast (XGBoost)
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6. Visual Analysis

Visualizations are instrumental in interpreting model performance, comparing historical and forecasted
trends, and communicating results to stakeholders. Each model’s output is visualized using a consistent
plotting scheme to ensure comparability:

Historical Data (1901-2015): Represented by a blue line with circular markers, illustrating the high
inter-annual variability and multi-decadal wet and dry spells characteristic of India’s monsoon. The
historical data shows fluctuations of 200-300 mm between consecutive years and-longer-term cycles,
such as wet periods in the 1950s and dry periods in the 1980s.

Forecasted Data (2016-2030): Displayed as a red dashed line with cross markers, starting at a vertical
dashed line in 2016 to clearly demarcate the transition from historical to forecasted values. The
forecast period is plotted on the same scale as the historical data to facilitate comparison.

Detailed observations for each model’s visualization are as follows:

LSTM: The forecast forms a smooth, upward curve, rising steadily from 1159.22 mm in 2016 to
1207.36 mm in 2030. This trend contrasts with the high variability of the historical data, suggesting
that LSTM has learned a long-term climatic shift, potentially driven by nonlinear patterns or emerging
trends like increased monsoon intensity. The smooth trajectory reflects the model’s ability to integrate
multi-year dependencies through its 5-year sliding window, filtering out short-term noise. Key
inflection points, such as the increase to 1176.30 mm in 2020 and 1198.95 mm in 2025, highlight the
model’s sensitivity to gradual trends. The plot highlights LSTM’s strength in long-term trend
speculation, though the lack of variability raises questions about its sensitivity to extreme events. The
absence of sharp peaks or troughs, unlike the historical data, suggests that LSTM may smooth out
extreme wet or dry years, which could limit its utility for short-term forecasting. This visualization is
particularly valuable for stakeholders planning long-term infrastructure or water management
strategies, as it signals a consistent increase in rainfall.

SARIMA: The forecast oscillates within a narrow range (1070-1133 mm), with peaks (e.g., 1133.19
mm in 2018) and troughs (e.g., 1070.21 mm in 2017) that mirror the historical data’s inter-annual
variability. The mean-reverting pattern aligns with the cyclical nature of the historical series, capturing
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multi-year cycles potentially influenced by climatic phenomena like El Nifio or La Nifia. The plot
includes shaded 95% confidence intervals, which widen slightly over time (e.g., 100 mm in 2016 to
150 mm in 2030), reflecting increasing uncertainty in long-term forecasts. Notable cycles include a
peak in 2018, a dip in 2020 (1091.61 mm), and another peak in 2026 (1116.38 mm), suggesting a 4—
5 year periodicity. This visualization underscores SARIMA’s suitability for short-term, cyclical
predictions, as it closely replicates historical variability. However, the lack of a long-term trend
indicates limited adaptability to climatic shifts, making it less suitable for strategic planning. The plot
is intuitive for stakeholders like farmers, who can use the cyclical pattern to plan crop cycles or
irrigation schedules.

Prophet: The forecast shows a gradual downward slope, declining from 1121.83 mm in 2016 to
1100.96 mm in 2030, with minor fluctuations (e.g., a rise to 1116.49 mm in 2020, a dip to 1096.43
mm in 2027). The smooth trajectory contrasts with the historical data’s volatility, highlighting
Prophet’s emphasis on long-term trends over short-term noise. The plot includes uncertainty intervals,
with the 95% interval typically spanning 50-100 mm, indicating moderate confidence in the trend.
The downward trend suggests a macro-level shift, possibly due to weakening monsoon patterns or
land-use changes, making the visualization valuable for long-term planning. For example, the steady
decline could inform drought preparedness or water conservation strategies. However, the smoothed
forecast may underrepresent extreme events, limiting its utility for short-term variability. The plot’s
clarity and simplicity make it accessible to policymakers, who can use the trend to anticipate future
water availability.

XGBoost: The forecast is a flat, horizontal line at 1151.65 mm across all years, starkly contrasting
with the historical data’s variability. This visualization vividly illustrates the model’s underfitting, as
it fails to capture any temporal patterns or trends. The flat line aligns with the historical mean (~1150
mm), suggesting that the model has learned a static average rather than dynamic behavior. The absence
of variability renders the plot uninformative for forecasting purposes, serving as a cautionary example
of the need for temporal feature engineering. The lack of peaks, troughs, or trends indicates that
XGBoost, in this configuration, cannot model the cyclical or trending behavior of rainfall. This
visualization is primarily educational, demonstrating the limitations of using a single predictor (year)
without lagged variables or other features. For practical use, stakeholders would need a re-engineered
XGBoost model with richer features to produce a meaningful plot.

These visualizations provide a clear, intuitive comparison of each model’s forecasting behavior, enabling
stakeholders to assess their alignment with historical patterns and suitability for specific applications. The
plots collectively highlight the trade-offs between trend detection (LSTM, Prophet), cyclical accuracy
(SARIMA), and the need for feature engineering (XGBoost), guiding model selection based on forecasting

needs.

7. Use Case Recommendations for Agriculture and Water Ma

The choice of forecasting model depends on the specific needs of stakeholders in agriculture, water
management, and climate policy. This section provides detailed recommendations, grounded in the models’
performance and characteristics, for various applications:

Long-term Planning (e.g., Climate Trend Analysis and Infrastructure Development): LSTM is
the preferred model due to its ability to detect complex, nonlinear patterns and project long-term
trends. Its forecast of increasing rainfall (1159.22 mm in 2016 to 1207.36 mm in 2030) signals
potential increases in water availability, informing strategies for reservoir expansion, flood control
infrastructure, and climate adaptation policies. For example, policymakers could use this trend to
prioritize investments in flood-resistant urban planning or enhanced irrigation systems to capitalize on
increased rainfall. The model’s ability to capture multi-year patterns, such as wet-dry cycles, ensures
robust trend detection. However, stakeholders should validate the trend with external climatic data
(e.g., temperature, sea surface pressure) and account for LSTM’s cumulative error in long-term
forecasts, potentially using ensemble methods to mitigate uncertainty. LSTM’s computational
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demands require access to high-performance computing resources, making it suitable for well-funded
research or governmental institutions.

e Short-term Cyclical Trends (e.g., Crop Calendar Planning and Agricultural Scheduling):
SARIMA is recommended for its transparent modeling of seasonal and cyclical patterns, providing
stable, oscillatory predictions (1070-1133 mm) that reflect historical variability. Farmers can use these
forecasts to optimize planting and harvesting schedules, selecting crops suited to expected rainfall
ranges. For instance, the 2018 peak of 1133.19 mm suggests a wet year, favoring water-intensive crops
like rice, while the 2017 low of 1070.21 mm indicates caution, favoring drought-resistant crops like
millets. SARIMA’s confidence intervals (100-150 mm) provide a measure of uncertainty, aiding risk
management by allowing farmers to prepare for best- and worst-case scenarios. The model’s low
computational cost and interpretability make it accessible to small-scale farmers or regional
agricultural boards. However, its lack of long-term trend detection limits its use for strategic planning,
and stakeholders should monitor for non-stationarity in future data, which could degrade performance.

o Risk Management and Early Warning Systems (e.g., Drought and Flood Preparedness): Prophet
is ideal for its ability to detect macro-level trends and smooth out noise, providing reliable signals for
long-term risk assessment. Its forecast of a gradual decline (1121.83 mm to 1100.96 mm) highlights
potential water scarcity risks, informing drought preparedness strategies, such as groundwater
conservation, crop diversification, or rainwater harvesting systems. The model’s uncertainty intervals
(50-100 mm) offer a range of scenarios for contingency planning. For example, water managers could
use the 2030 forecast of 1100.96 mm to plan reservoir storage levels or promote drought-resistant
crops in anticipation of reduced rainfall. Prophet’s user-friendly interface and ability to handle outliers
make it accessible to regional planners with limited technical expertise. However, its smoothing effect
may underpredict extreme events, requiring complementary models (e.g., SARIMA) for short-term
alerts. Prophet is best suited for stakeholders needing long-term, trend-based forecasts for policy or
infrastructure planning.

o Simple Regression Tasks with Engineered Features (e.g., Multi-variate Forecasting): XGBoost
is suitable for scenarios where rainfall is modeled alongside additional features, such as temperature,
humidity, or climatic indices. While its flat forecast (1151.65 mm) in this study is uninformative, prior
work [7] demonstrates its potential with engineered features like lagged rainfall, moving averages, or
El Nifio indices, achieving RMSEs of 10-12 mm. For example, incorporating 1-5 year lagged rainfall
and sea surface temperature could enable XGBoost to capture temporal dynamics, making it
competitive for regional or multi-variate forecasting. Suggested features include:

o Lagged variables: Rainfall at t-1, t-2, t-3, t-4, t-5 to capture short-term dependencies.

o Moving averages: 3-year, 5-year, and 10-year rolling means to smooth noise and highlight
trends.

o Climatic indices: El Nifio-Southern Oscillation index, Indian Ocean Dipole index to account
for global influences.

o Seasonal indicators: Binary flags for monsoon strength or regional rainfall patterns. The
model’s robustness to noise and scalability make it suitable for large, complex datasets.
However, the need for extensive preprocessing limits its standalone use, requiring expertise in
feature engineering and data science. XGBoost is best for research institutions or organizations
with the capacity to develop rich feature sets, not for direct time-series forecasting without
modification.
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These recommendations align each model’s strengths with specific stakeholder needs, ensuring that
forecasting efforts are both accurate and actionable. By considering the forecasting horizon, resource
availability, and desired interpretability, stakeholders can select the optimal model for their context.

9. Conclusion

This study provides an exhaustive comparative analysis of LSTM, SARIMA, Prophet, and XGBoost

for rainfall forecasting in India from 2016 to 2030, leveraging a robust historical dataset from 1901 to 2015.
Each model offers distinct strengths and limitations, as evidenced by their forecasting behaviors: LSTM
predicts a steady increase in rainfall (1159.22 mm to 1207.36 mm), capturing nonlinear trends for long-term
planning; SARIMA forecasts stable oscillations (1070-1135 mm), ideal for short-term cyclical predictions;
Prophet projects a gradual decline (1121.83 mm to 1100.96 mm), emphasizing macro-level trends for risk
management; and XGBoost produces a constant 1151.65 mm, underscoring its need for temporal feature
engineering. The extensive literature survey contextualizes these findings, highlighting trade-offs between
interpretability, flexibility, and computational demands. Detailed visual analyses, including plots of historical
and forecasted data, provide intuitive insights into each model’s alignment with historical patterns and
predictive behavior. Statistical comparisons and use-case recommendations guide stakeholders in selecting
the appropriate model for specific applications, from agricultural scheduling to climate adaptation.
The study’s findings have significant implications for India’s agricultural, water management, and climate
resilience strategies. LSTM’s upward trend suggests increased water availability, necessitating investments
in flood control and irrigation infrastructure. SARIMA’s cyclical predictions support short-term agricultural
planning, enabling farmers to optimize crop choices and irrigation schedules. Prophet’s declining trend
highlights potential water scarcity, informing drought preparedness and conservation strategies. XGBoost’s
limitations underscore the importance of feature engineering, guiding future research toward multi-variate
models. Collectively, these insights empower stakeholders to make data-driven decisions, mitigating the
impacts of climatic variability and enhancing India’s adaptive capacity.

Future research could explore several avenues to build on these findings. Hybrid models, such as
combining LSTM’s nonlinear modeling with SARIMA’s cyclical precision, could enhance accuracy and
interpretability. Incorporating multi-variate features, such as temperature, humidity, sea surface pressure, or
land-use data, could improve predictive power, particularly for XGBoost. Ensemble approaches, integrating
the strengths of all four models, could provide a unified forecasting framework, balancing short- and long-
term needs. Additionally, validating forecasts against actual rainfall data post-2015 could refine model
performance and assess their real-world accuracy. Regional analyses, focusing on specific agro-climatic
zones, could further tailor forecasts to local needs, enhancing their practical utility. By addressing these
opportunities, future studies can advance the science and application of rainfall forecasting, supporting India’s
sustainable development in the face of a changing climate.
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