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Abstract

This study presents a comparative analysis of Long Short-Term Memory (LSTM) and Gated Recurrent
Unit (GRU) networks in predicting weather patterns, a critical task for climate change models. Utilizing
a comprehensive dataset of historical weather data, we trained both models to forecast key weather
parameters such as temperature, humidity, and wind speed. The results demonstrate that the LSTM model
consistently outperforms the GRU model across all evaluated metrics, including Root Mean Squared
Error (RMSE), Mean Absolute Error (MAE), and R? score. The LSTM model s superior ability to capture
long-term dependencies in the data suggests it may be better suited for complex time-series forecasting
tasks in climate modeling. These findings provide valuable insights for researchers and practitioners in

selecting appropriate deep learning models for accurate and reliable weather prediction.

Introduction

Accurate weather prediction has become
increasingly critical in the context of climate
change, where the frequency and intensity
of extreme weather events are on the rise.
Climate change models are essential tools
for understanding long-term shifts in weather
patterns, but they rely heavily on accurate
short- and medium-term weather forecasts.
These forecasts help in predicting not only
daily weather but also trends and anomalies
that could indicate broader climate shifts. The
importance of accurate weather prediction
extends to various sectors, including
agriculture, disaster management, energy,
and urban planning. For instance, precise
forecasts can help farmers optimize planting
and harvesting schedules, reduce the risk of
crop failure, and improve food security[1].
Similarly, accurate predictions are vital for
disaster preparedness, enabling authorities to
mitigate the impacts of hurricanes, floods, and
heatwaves. In energy management, reliable
weather forecasts support the optimization of
renewable energy sources like wind and solar
power. Therefore, enhancing the accuracy
of weather predictions directly contributes
to better-informed decisions and strategies
for adapting to and mitigating the effects of
climate change[2].

Relevance of Deep Learning in Climate
Models
Deep learning models, particularly Long

Short-Term Memory (LSTM) and Gated
Recurrent Unit (GRU) networks, have

shown significant promise in the domain of
time-series forecasting, making them highly
relevant for weather prediction in climate
models. Traditional statistical methods, while
effective in certain contexts, often struggle to
capture the complex, non-linear relationships
present in weather data. These complexities
include dependencies on multiple factors
like temperature, humidity, wind speed, and
atmospheric pressure, which interact in intricate
ways over time. LSTM and GRU networks,
designed to handle sequential data, excel at
learning these dependencies, even when they
span long periods. Their ability to retain and
utilize long-term memory allows them to
model temporal dynamics more accurately than
traditional methods. This capability is crucial in
weather prediction, where patterns from days,
weeks, or even months earlier can influence
future conditions[3]. Moreover, deep learning
models can automatically extract features
from raw data, reducing the need for manual
feature engineering and making them adaptable
to various datasets and conditions. This
adaptability is particularly valuable in climate
models, where data quality and availability can
vary widely across regions and timeframes. By
leveraging the strengths of LSTM and GRU,
researchers and practitioners can develop more
robust and accurate weather prediction models,
ultimately leading to better climate change
adaptation and mitigation strategies[4].

Objective of the Study

The primary objective of this study is to
conduct a comparative analysis of Long
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Short-Term Memory (LSTM) and Gated Recurrent Unit
(GRU) networks in the context of predicting weather patterns
for climate change models. While both LSTM and GRU are
recurrent neural networks (RNNs) designed to handle time-
series data, they have distinct architectures and mechanisms for
retaining and processing information. This study aims to explore
the differences in their performance, focusing on accuracy,
computational efficiency, and their ability to model complex
temporal dependencies in weather data. By evaluating these
models on various meteorological datasets, the research seeks
to determine which architecture is better suited for weather
prediction tasks, particularly in the context of long-term climate
change modeling. The findings will provide valuable insights
for researchers and practitioners in the fields of meteorology,
climatology, and machine learning, guiding the selection of
appropriate models for enhancing the accuracy and reliability of
climate change forecasts[5,6].

Literature Survey

Time-series forecasting has long been a critical area of study,
with traditional methods like Autoregressive Integrated Moving
Average (ARIMA), Exponential Smoothing, and Seasonal
Decomposition of Time Series (STL) being widely used. ARIMA,
for example, models the relationship between an observation
and a number of lagged observations to make forecasts. It is
particularly effective for univariate time-series data with clear
trends and seasonality. Exponential Smoothing methods, such
as Holt-Winters, are designed to capture seasonality and trends
in the data by applying exponentially decreasing weights to
past observations. While these methods have proven useful in
various applications, they often struggle with the non-linear
and complex dependencies that characterize weather data[7].
These traditional models generally require extensive manual
feature engineering and are limited in their ability to capture
long-term dependencies in sequential data. In contrast, deep
learning models like Long Short-Term Memory (LSTM) and
Gated Recurrent Unit (GRU) networks have been developed
to address these limitations. Unlike ARIMA and Exponential
Smoothing, LSTM and GRU can automatically learn from the
data, capturing intricate temporal patterns without extensive
manual intervention. Their ability to handle non-linearity and
maintain long-term memory makes them particularly suited for
weather prediction, where multiple variables interact in complex
ways over time[8,9].

Applications of LSTM and GRU in Weather Prediction

The application of LSTM and GRU networks in weather
prediction has gained significant attention in recent years,
reflecting their potential to improve forecasting accuracy.
Several studies have explored the use of these models for
predicting various weather-related parameters, such as
temperature, precipitation, and wind speed. For instance,
research has demonstrated that LSTM networks can effectively
model temperature fluctuations by capturing long-term
dependencies that traditional methods might miss[9]. Similarly,
GRU networks have been applied to rainfall prediction,
showing comparable or even superior performance to LSTM
in certain contexts, thanks to their simpler architecture and
reduced computational complexity[10,11]. In more advanced
applications, LSTM and GRU have been integrated into hybrid
models, combining their strengths with other machine learning
techniques like Convolutional Neural Networks (CNNs)
or ensemble methods to enhance predictive performance.
These studies have consistently shown that LSTM and GRU
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outperform traditional models in handling the non-linearity
and temporal dependencies inherent in weather data, leading
to more accurate and reliable forecasts. The growing body of
research highlights the effectiveness of these models in various
climatic conditions and geographical regions, reinforcing their
relevance in the field of weather prediction[12].

Challenges in Weather Prediction

Weather prediction is inherently challenging due to the
complex, dynamic nature of atmospheric processes and the
vast number of variables involved. Factors such as temperature,
humidity, wind speed, and atmospheric pressure interact
in non-linear ways, making it difficult to develop accurate
models. Traditional forecasting methods often fall short in
capturing these interactions, especially when dealing with
long-term dependencies or sudden, extreme weather events.
Moreover, the quality and availability of weather data can
vary significantly, introducing additional challenges related to
data sparsity, noise, and missing values[13]. LSTM and GRU
networks address many of these challenges through their ability
to learn from sequential data and retain relevant information
over extended periods. Unlike traditional models, which may
require extensive manual feature engineering, LSTM and
GRU can automatically discover patterns and relationships
within the data. Their architectures are designed to mitigate
the vanishing gradient problem, a common issue in training
deep neural networks, allowing them to maintain long-term
dependencies more effectively. Additionally, their flexibility in
handling different types of input data, including multivariate
time series, makes them well-suited for integrating diverse
weather-related variables. This ability to model complex, non-
linear relationships and maintain long-term memory positions
LSTM and GRU as powerful tools for overcoming the inherent
challenges of weather prediction[14,15].

Methodology
Dataset Description

For this study, we utilized a comprehensive dataset consisting
of historical weather data collected from multiple meteorological
stations. The dataset was sourced from the National Oceanic and
Atmospheric Administration (NOAA) and spans over a decade,
covering various geographic regions and climates. It includes key
weather parameters such as temperature, humidity, wind speed,
precipitation, and atmospheric pressure, recorded at hourly
intervals[16]. The dataset is large, containing millions of data
points, which ensures that the models are trained on a wide range
of weather conditions. Preprocessing steps involved handling
missing data through imputation techniques, normalizing the
features to ensure consistent scale, and splitting the dataset into
training, validation, and testing subsets. To maintain the temporal
integrity of the data, we used a time-based splitting strategy,
where the earliest 70% of the data was used for training, the next
15% for validation, and the final 15% for testing. Additionally,
we performed data augmentation by introducing slight variations
in the weather parameters to improve the models’ robustness and
generalization capabilities[17].

Model Architecture

The study employed both Long Short-Term Memory (LSTM)
and Gated Recurrent Unit (GRU) networks, each designed with
a focus on capturing temporal dependencies in the weather data.
The LSTM model consisted of three stacked LSTM layers, each
with 128 units, followed by a dense layer with 64 neurons and
a final output layer. The GRU model had a similar architecture,
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with three GRU layers of 128 units each, a dense layer with 64
neurons, and an output layer. Both models utilized the ReLU
activation function in the dense layer to introduce non-linearity,
while the output layer employed a linear activation function
to produce continuous values corresponding to the weather
parameters. Dropout layers with a dropout rate of 0.2 were added
after each LSTM and GRU layer to prevent overfitting. The
models were designed to handle multivariate time-series data,
with input sequences of 24-hour windows, allowing the models to
predict the next 24 hours of weather conditions. Hyperparameters
such as learning rate, batch size, and the number of epochs were
optimized using grid search, with the final settings being a
learning rate of 0.001, a batch size of 64, and 100 epochs for both
models[18,19].

Training Process

The training process for both LSTM and GRU models involved
minimizing the mean squared error (MSE) loss function, which
is suitable for regression tasks like weather prediction. The Adam
optimization algorithm was chosen due to its efficiency and ability
to handle sparse gradients, which are common in deep learning
models. During training, the models were regularly evaluated on
the validation set to monitor performance and prevent overfitting.
Early stopping was implemented to halt training if the validation
loss did not improve after 10 consecutive epochs, ensuring that
the models did not overfit to the training data. Additionally, L2
regularization was applied to the dense layers to further reduce
the risk of overfitting by penalizing large weights. The models
were trained on high-performance GPUs to expedite the training
process, given the large size of the dataset and the complexity of
the models. Each model was trained separately, with the results of
multiple runs averaged to ensure consistency in the performance
metrics[20].

Evaluation Metrics

To evaluate the performance of the LSTM and GRU models, we
used a combination of error-based and accuracy-based metrics.
The primary evaluation metric was Root Mean Squared Error
(RMSE), which measures the square root of the average squared
differences between predicted and actual values, providing an
indication of the model’s prediction accuracy. Lower RMSE
values indicate better model performance. Additionally, Mean
Absolute Error (MAE) was used to measure the average absolute
differences between predicted and actual values, offering a
straightforward interpretation of prediction accuracy[21,22].
For a more comprehensive assessment, we also considered
the Coefficient of Determination (R? score), which quantifies
the proportion of variance in the dependent variable that is
predictable from the independent variables. An R? score closer to
1 indicates a better fit. To evaluate the models' ability to predict
specific weather parameters, such as temperature or precipitation,
we also computed accuracy for each parameter, comparing the
predicted values to the observed values within a predefined
threshold. These metrics provided a detailed understanding of
how well the LSTM and GRU models performed across different
weather conditions and prediction tasks[23].

Implementation and Results

The experimental results reveal that the LSTM model
consistently outperforms the GRU model across all three
evaluated weather parameters: temperature, humidity, and wind
speed. Specifically, the LSTM model achieves lower RMSE
and MAE values compared to the GRU model, indicating
that it provides more accurate and precise predictions. For
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Table 1. RMSE Comparison

Weather Parameter RMSE
Temperature (°C) 1.58
Humidity (%) 3.45
Wind Speed (m/s) 0.92
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Figure 1. Graph for RMSE comparison
Table 2. MAE Comparison

Weather Parameter MAE
Temperature (°C) 1.24
Humidity (%) 2.98
Wind Speed (m/s) 0.74
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Figure 2. Graph for RMSE comparison
Table 3. R’ Score Comparison

Weather Parameter R?* Score
Temperature (°C) 0.92
Humidity (%) 0.88
Wind Speed (m/s) 0.85

temperature prediction, the LSTM model exhibits an RMSE
of 1.58°C and an MAE of 1.24°C, both slightly better than the
GRU's RMSE of 1.62°C and MAE of 1.27°C[24,25]. This trend
is similarly observed in humidity and wind speed predictions,
where the LSTM model maintains a small but consistent
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Figure 3. Graph for R’ Score comparison

edge over the GRU model. Furthermore, the R? scores, which
measure the proportion of variance explained by the models, are
marginally higher for the LSTM model across all parameters.
For instance, the LSTM model achieves an R? score of 0.92
in temperature prediction, slightly better than the GRU's 0.91,
reflecting a better fit to the observed data. These results suggest
that while both models are capable of capturing complex
temporal dependencies in weather data, the LSTM model's
architecture may offer a slight advantage in modeling long-
term dependencies, leading to improved overall performance in
weather prediction tasks[26,27].

Conclusion

The comparative analysis of LSTM and GRU networks in
this study highlights the LSTM model's superior performance
in predicting weather patterns, as evidenced by its consistently
lower RMSE and MAE values and higher R? scores across
temperature, humidity, and wind speed predictions[28]. These
results suggest that LSTM's architecture, with its ability to
better retain and utilize long-term dependencies, offers a
slight but meaningful advantage over GRU in complex time-
series forecasting tasks, such as weather prediction for climate
change models. The findings underscore the importance
of model selection in the development of accurate weather
forecasting systems, with LSTM emerging as a more effective
choice for capturing the intricate temporal dynamics inherent
in meteorological data. This study contributes to the ongoing
exploration of deep learning techniques in climate modeling and
provides a foundation for future research aimed at enhancing
the predictive accuracy of climate change models[29,30].
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