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ABSTRACT:

Weather forecasting has always been a tricky business. Even with decades of progress in numerical weather
prediction, atmospheric systems remain highly nonlinear and chaotic, which makes short-term and medium-range
forecasts vulnerable to error. In recent years, artificial intelligence has stepped in as a strong alternative, offering
data-driven ways to capture patterns that traditional physics-based models sometimes miss. This paper looks into
how Al techniques, particularly machine learning and deep learning, can be used to forecast meteorological
parameters such as temperature, humidity, rainfall, wind speed, and atmospheric pressure. We worked with a
historical dataset covering ten years of daily observations from a regional meteorological station and applied
several models including Random Forest, Support Vector Regression, Long Short-Term Memory (LSTM)
networks, and a hybrid CNN-LSTM model. The models were trained and tested using a chronological split to
avoid data leakage, and performance was measured using RMSE, MAE, and R2 scores. Results show that the
hybrid CNN-LSTM maodel outperformed the others in temperature and rainfall prediction, while LSTM alone
gave very competitive results for humidity and wind speed. The study also highlights how feature engineering
and proper handling of missing values matter as much as the choice of model. Overall, our findings suggest that
Al techniques can meaningfully improve forecasting accuracy when combined with thoughtful preprocessing and
domain knowledge. The work contributes to ongoing efforts in building reliable, low-cost forecasting tools that
can support agriculture, disaster management, and energy planning, especially in regions where high-resolution
numerical models are not always accessible or affordable.
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INTRODUCTION

Weather affects nearly every part of our daily lives, from what we wear in the morning to how farmers plan their
sowing seasons and how cities prepare for floods. Because of this, accurate weather forecasting has been a priority
for governments and research institutions for over a century. Traditional methods rely heavily on Numerical
Weather Prediction (NWP), which uses complex mathematical equations to simulate the atmosphere. While NWP
has improved a lot over the years, it still struggles with sudden local changes and demands huge computational
resources [1].

The atmosphere is a chaotic system, and small errors in initial conditions can grow quickly, throwing off
predictions. This is where artificial intelligence has started to shine. Machine learning models can learn from
historical data without needing to solve physical equations directly, which makes them faster and often more
flexible in handling noisy real-world data [2]. Over the past decade, researchers have explored everything from
simple regression methods to deep neural networks for weather-related tasks, and the results have been promising

3.

One reason Al has gained ground is the explosion of available meteorological data. Satellites, weather stations,
loT sensors, and reanalysis products generate massive amounts of information every day. Classical models cannot
always make full use of this data, but neural networks thrive on it [4]. Deep learning architectures such as recurrent
neural networks, especially Long Short-Term Memory (LSTM) networks, are particularly suited to time-series
problems like weather forecasting because they can remember patterns over long sequences [5].
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However, applying Al to meteorology is not without challenges. Weather data is often incomplete, contains
outliers, and shows strong seasonality that needs careful handling. Picking the right model and tuning it well takes
effort, and overfitting is a constant risk when training on limited regional data [6]. There is also the question of
interpretability, since black-box models can be hard to trust in critical decision-making contexts.

This paper aims to study how different Al techniques perform when applied to a real meteorological dataset. We
compare classical machine learning methods with deep learning models and look at where each one shines or falls
short. The goal is not just to chase the lowest error number but to understand what works, why it works, and where
there is still room for improvement [7].

The rest of the paper is organized as follows. Section 2 reviews related work in Al-based weather forecasting.
Section 3 explains the methodology, including the formulas used. Section 4 describes the experimental setup.
Section 5 presents the results with supporting figures and tables. Section 6 discusses the findings, and Section 7
concludes the paper with thoughts on future directions.

LITERATURE REVIEW

Research on Al-based meteorological forecasting has grown rapidly. Early studies focused on artificial neural
networks (ANN) for predicting parameters like temperature and rainfall. These models showed that even simple
feedforward networks could outperform linear regression methods in capturing nonlinear relationships in
atmospheric data [8].

As deep learning matured, attention shifted to recurrent neural networks. LSTM networks became popular because
of their ability to handle long-term dependencies in sequential data. Studies have shown that LSTMs consistently
beat traditional ARIMA and exponential smoothing models in multi-step weather forecasting tasks, especially for
variables that depend strongly on past values [9].

Convolutional Neural Networks (CNNSs), originally developed for image processing, have also found their way
into meteorology. When weather data is arranged as spatial grids, CNNs can pick up patterns across regions,
which is useful for tasks like precipitation nowcasting and storm tracking [10]. More recently, hybrid models that
combine CNN and LSTM layers have shown excellent results because they capture both spatial and temporal
patterns at the same time [11].

Beyond neural networks, ensemble methods like Random Forest and Gradient Boosting have been widely used.
These models are easier to interpret and require less tuning, making them attractive for operational settings.
Comparative studies often find that ensemble methods perform on par with deep learning for short-term forecasts
but lag behind for longer horizons [12].

Despite the progress, gaps remain. Many studies focus on a single variable or a single region, making it hard to
generalize results. Hybrid models are promising but computationally expensive, and there is still ongoing debate
about how to best handle extreme events like heatwaves or cyclones using Al [13]. Our work tries to address some
of these gaps by testing multiple Al techniques on a multi-variable dataset and offering a fair comparison.

METHODOLOGY

The methodology for this study follows a structured pipeline starting from data preprocessing, moving through
model design, and ending with evaluation. We selected four models for comparison: Random Forest (RF), Support
Vector Regression (SVR), LSTM, and a hybrid CNN-LSTM.

Data Preprocessing
Missing values were filled using linear interpolation, and outliers were detected using the interquartile range
method. All features were normalized to the range [0,1] using min-max scaling, which is given by:
— Xmin

X. =
o Xmax ~ Xmin
Random Forest Regression
Random Forest builds multiple decision trees and averages their predictions. For a regression problem, the final

output is:
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where $T_i(x)$ is the prediction from the $i$-th tree and $N$ is the total number of trees [14].

Support Vector Regression

SVR tries to fit a function that deviates from actual values by at most $\epsilon$. The optimization problem is:
n

min ZIwl? +C ) G+ )

i=1
subject to the constraint that residuals stay within the tolerance margin [15].
LSTM Network
LSTM cells use gates to control information flow. The key equations are:
fe= G(Wf [heoq, x ] + bf)
_ ip = o(W; - [he—y, ] + by)
Ct = tanh(W, - [ht — 1, x.] + b.)
Ce=fe*Coy +i % C,
h; = o, * tanh(C,)

These gates help the network remember important patterns and forget irrelevant ones [16].
Hybrid CNN-LSTM
In the hybrid model, CNN layers extract local features from input sequences, and LSTM layers then learn temporal
dependencies from these features. This combination has been found to handle weather signals more effectively
because of the layered abstraction [17].
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Figure 1

EXPERIMENTAL SETUP

The experiments were carried out using a dataset containing ten years of daily meteorological observations, from
January 2014 to December 2023, collected from a regional weather station. The dataset includes five variables:
temperature (°C), humidity (%), rainfall (mm), wind speed (km/h), and atmospheric pressure (hPa). Total records
were about 3,650 daily entries.

The data was split chronologically into 70% training, 15% validation, and 15% testing. This is important for time-
series problems because random splits can leak future information into the training set, leading to misleading
results [18].

For LSTM and CNN-LSTM, we used a sliding window of 30 days to predict the next day's values. The models
were built using Python with TensorFlow and Scikit-learn libraries. Hyperparameters were tuned using grid search
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on the validation set. For LSTM, we used 64 hidden units, dropout of 0.2, and the Adam optimizer with a learning
rate of 0.001. The CNN-LSTM had two convolutional layers with 32 and 64 filters followed by two LSTM layers.
The loss function used for training the neural networks was Mean Squared Error:

n

1 o2
MSE == (=)
i=1

For evaluation, three metrics were used:

n
1
RMSE = |~ (i = 52
i=1

n
1
MAEz—E Y
nl lyi — %l

i=1
. 2i=w?
R°=1- N o2
X0 —¥)
All experiments were repeated five times with different random seeds, and the average results were reported to
reduce randomness in deep learning model performance [19].
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Figure 2: Time-Series Data Partitioning and Sliding Window Diagram
RESULTS

The performance of all four models across five meteorological variables is summarized in Table 1. The hybrid
CNN-LSTM model consistently produced the lowest RMSE values for temperature and rainfall prediction, while
the LSTM model showed strong performance for humidity and wind speed.

Table 1: Performance Comparison of Models Across Meteorological Variables

Variable Model RMSE | MAE | R?

Temperature (°C) Random Forest | 2.14 1.68 | 0.84
Temperature (°C) SVR 2.31 1.79 ]0.81
Temperature (°C) LSTM 1.78 1.41 | 0.89
Temperature (°C) CNN-LSTM 1.52 1.22 10.92
Humidity (%) Random Forest | 6.87 521 | 0.78
Humidity (%) SVR 7.12 543 | 0.76
Humidity (%) LSTM 5.94 462 |0.83
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Humidity (%) CNN-LSTM 6.05 471 10.82
Rainfall (mm) Random Forest | 8.45 5.92 |0.62
Rainfall (mm) SVR 9.18 6.41 | 0.58
Rainfall (mm) LSTM 7.31 5.18 | 0.69
Rainfall (mm) CNN-LSTM 6.78 485 |0.73
Wind Speed (km/h) | Random Forest | 3.21 245 1071
Wind Speed (km/h) | SVR 3.45 2.62 | 0.68
Wind Speed (km/h) | LSTM 2.84 218 |0.77
Wind Speed (km/h) | CNN-LSTM 2.91 224 |1 0.76
Pressure (hPa) Random Forest | 1.92 151 | 0.80
Pressure (hPa) SVR 2.08 1.63 | 0.77
Pressure (hPa) LSTM 1.64 1.29 | 0.86
Pressure (hPa) CNN-LSTM 1.51 1.18 | 0.88

Looking at the table, what stands out is that deep learning models clearly beat the classical ones across all
variables. The improvement is largest for temperature and rainfall, where the hybrid model shows a real edge.
Rainfall remains the hardest variable to forecast for all models, which is expected because rainfall events are
sporadic and often extreme.
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Figure 3: Comparison of RMSE Values Across Models for Meteorological Variables
Figure 4: Detailed Time-Series Model Comparison for Temperature and Rainfall
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Figure 4: Detailed Time-Series Model Comparison for Temperature and Rainfall
Figure 4: Detailed time series model comparison of temperature and rainfall
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Across the board, the CNN-LSTM model produced the most accurate predictions, but it also required the longest
training time. Random Forest, while less accurate, trained in seconds and offered better interpretability through
feature importance scores. These trade-offs are worth keeping in mind when picking a model for real-world
deployment.

DISCUSSION

The results confirm a pattern seen in many recent studies: deep learning models, when set up properly, outperform
classical machine learning for time-series weather forecasting. The CNN-LSTM hybrid's edge comes from its
ability to extract local features through convolutions and then learn temporal patterns through LSTM layers. This
two-stage abstraction helps the model handle the seasonal swings and short-term fluctuations that characterize
weather data.

What was a bit surprising is how close LSTM came to CNN-LSTM for humidity and wind speed. This suggests
that for variables driven mostly by temporal patterns without much spatial structure, adding convolutional layers
may not give a big boost. The extra complexity might not always be worth it.

Rainfall continues to be the toughest variable. Even the best model gave an R2 of only 0.73, which means a fair
amount of variance is still unexplained. Rainfall is highly localized and often driven by short-lived events, so
smoothing through daily averages may hide useful signals. Future work could explore hourly data or include radar
imagery as input.

It is also worth noting that classical models like Random Forest still have a place. They are easier to deploy, faster
to train, and provide feature importance scores that meteorologists can interpret. In settings where compute
resources are limited, they remain a reasonable choice.

The limitations of this study include reliance on a single weather station, which restricts how far the results can
be generalized. Different climates would likely show different patterns. Also, we did not explicitly test the models
on extreme events like cyclones or heatwaves, which would require larger and more varied datasets.

CONCLUSION

This study compared four Al techniques for forecasting daily meteorological variables using a ten-year regional
dataset. The hybrid CNN-LSTM model gave the best overall accuracy, particularly for temperature and rainfall,
while the LSTM model performed competitively for humidity and wind speed. Classical models like Random
Forest and SVR, though less accurate, remain useful where speed and interpretability matter more than precision.
The work shows that Al techniques can clearly improve weather forecasting when paired with thoughtful
preprocessing and proper validation. However, no single model is perfect for every variable, and the choice
depends on the use case. Future research could look into combining numerical weather prediction outputs with
deep learning, or testing transformer-based models, which have shown promise in many sequence modeling tasks.
Bringing in more diverse data sources, such as satellite imagery and 10T sensor networks, would also push
forecasting accuracy further.
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