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ABSTRACT: Weather forecasting plays a vital role in modern life, as it is essential for agricultural planning, disaster
Management, transport and logistics networks; aviation, power generation, water resources management and
environmental monitoring. Weather prediction is an extraordinarily difficult problem because it deals with the spatio-
temporal behaviour of the movement over of a long time scale heat and moisture exchange by radiation, convection,
evaporation etc. Conventional statistical methods such as Artificial Neural Networks(ANN), Recurrent Neural Networks,
machine learning methods. While (RNN), Long Short-Term Memory (LSTM) and Gated Recurrent Units (GRU) have
been shown to work for short term forecasting they are not suitable when are explicitly able to represent far-field space-
time weather behaviour. This research used historical weather data from obtained from public databases. Solar
temperature, humidity pressure rainfall wind speed wind direction radiation, and cloud cover. It goes through several
preprocessing stages before being passed onto the developed framework in an input. Again, attention multi-head encoder
is applied on the processed data features to encode them for making predictions on the. Data you are all familiar with that
is used out of the box by others primarily to perform climate analytics like detecting climate trends, seasonality and
climate anomalies detection. Evaluation Results of the Forecasting Performance Based on the Mean Absolute Error
(MAE) Mean Absolute Error (MAE), Root Mean Square Error (RMSE), Mean absolute percentage error (MAPE) and
the coefficient of determination are be expected to have more accurate longterm-,more successfully stage mean long-
term spatial and temporal Vanilla deep learning approaches where patterns are learnt with high computational complexity
and speed than applying the STC. The enhanced framework provides long-range climate forecasting and enables guide
and decision-making in disaster management, precision farming, smart grids and environmental management. Therefore,
the proposed solution offers a a spatio-temporal transformer based approach to tackle the weather prediction and analysis
of climate metrics.

KEYWORDS: Weather Forecasting, Climate Analytics, Time-Series Forecasting, Deep Learning, Spatio-Temporal
Transformer, Meteorological Data Analysis, Al, Climate Prediction.

L. INTRODUCTION

Due to its importance in human life, social economy, ecology and disaster mobilization, weather prediction gradually
ranks among the most important applications of modern science and technology. Predicting the weather can lead to more
informed decision-making by states, businesses, individual people, the scientific community and others involved in this
process. Modeling specific applications, like weather forecasts in agriculture, transportation, aviation, water management,
power generation, urban planning as well as health services and disaster management for instance are all to some extent
benefitted by good weather forecasts. Greater weather prediction brings a heavy loss which can be covered under any
extreme events, flood, cyclone, draught, heat wave, thunderstorm and heavy precipitation. Moreover, weather forecasting
is essential for climate change adaptation and mitigation strategies. Hence, there is an increasing demand for high-quality
high temporal horizon and reliable weather forecasting models.

Weather prediction is a Spatio-temporal problem because weather processes are dynamic, non-linear and influenced by
multiple factors. In the first place, weather does not stand still; it continuously changes in space and time. Second,
temperature and humidity, atmospheric pressure, rainfall, wind, cloud cover and solar energy are interrelated variables
that interact in a complex manner to determine the weather conditions at a certain place and time. Weather is, however,
a consequence of processes over multiple spatial scales. And lastly, predicting the weather involves reasoning about
phenomena that take place at different timescales.

IJARETY © 2026 | AnISO 9001:2008 Certified Journal | 1494



http://www.ijarety.in/

International Journal of Advanced Research in Education and TechnologY(IJARETY)

| ISSN: 2394-2975 | www.ijarety.in| | Impact Factor: 8.152| A Bi-Monthly, Double-Blind Peer Reviewed & Refereed Journal |

SIJARETY

|| Volume 13, Issue 2, March-April 2026 ||
DOI:10.15680/IJARETY.2026.1302151

All these demands together make weather predictions elusive, yet numerical models struggle against such complexity.
Modern weather models make use of Numerical Weather Prediction (NWP) methods based on mathematical equation
solutions applied to high-performance supercomputer resources.

These have been very successful as models for optimizing accurate weather forecasts. However, they are very
computationally intense, need quality information to produce meaningful outcomes, and cannot reliably forecast over
long durations. The problems of paradigm limitations of state-of-the-art weather forecasting practices have led
researchers and practitioners to other techniques, such as artificial intelligence-based models, to complement or replace
the traditional methods of basic meteorology.

Over the last few years Machine Learning (ML) and Deep Learning (DL) have given new approaches to dealing with
weather forecasting applications very uniquely because they can learn hidden patterns of observations in the data without
explicit physical modeling. DL algorithms like Artificial Neural Networks, Convolutional Neural Networks (CNNs),
Recurrent Neural Networks (RNNs), Long-Short Term Memory (LSTM), Gated Recurrent Unit (GRU) and CNN-LSTM
hybrid have shown an enormous potential in short-term weather prediction [1]. CNNs can learn the local spatial
characteristics CNN are efficient in encoding the temporal features of the sequential nature of weather data in time series
settings. There is a fine body of DL work that helps to short-term weather prediction efficaciously, but most present DL
versions are constrained in some way.

As another example, the inherent sequential nature of RNNs makes parallel computation infeasible, which creates a huge
computational cost when scaling to weather datasets and thus renders them slow. RNNs also suffer from exploding and
vanishing gradient problems which are aggravated when long-term historical weather records are considered as input.
On the contrary, although CNNs learn local spatial properties better, these networks usually ignore long-range spatial
interactions between different weather stations and are not able to interrelate global characteristics. Likewise, hybrid
CNN-LSTM networks are not sufficient in modeling complex global spatiotemporal dependencies.

A. Major Contributions

1. The first objective involves designing an integrated Spatio-Temporal Transformer framework that can jointly model
spatial and temporal dependencies in meteorological data.

2. Multi-Head Self-Attention for long-range atmospheric interactions.

3. Climate analytics module so that seasonal trends can be detected and anomalies identified.

4. Both extended compare with some classical forecasting model such as ARIMA, LSTM, GRU, CNN-LSTM and
Transformer.

5. Forecast Accuracy Maxima and Prediction Error Reduction.

II. RELATED WORK

Numerical weather prediction and forecasting with Transformer-based and deep learning methods The related works are
provided in the follow that contributed to the current study. [1]. Vaswani et al. introduced the Transformer which uses
multi-head self-attention in place of recurrent neural networks. These efforts not only helped achieve new state-of-the-
art on a variety of sequence modeling and forecasting tasks. This research applies the Transformer architecture through
Vision Transformers into learning an image representation. [2]. Dosovitskiy et al. creator of ViT that proved how
Transformer architecture could be applied on vision They laid the groundwork for using the Transformer to handle image
data. [3]. Gao et al. proposed Earthformer, a space-time Transformer that achieves better performance in Earth system
forecasting. The authors then presented a new attention mechanism called Cuboid Attention to accelerate the
computational speed over the spatial and temporal dimensions of meteorological data. For prediction of precipitation and
climate forecasting tasks, Earthformer performs the best. [4]. Xiang et al. > developed a spatiotemporal Transformer
model for also Bias Correction and Temporal Downscaling of Weather Predictions. Their research showed that the
proposed model successfully learned both spatial and temporal patterns for weather data. As a result, it enhanced the
spatial and temporal resolution as well as the accuracy of the forecast results relative to typical operational numerical
weather prediction models. [5]. Liu et al. STFM: Zhang et al.(2017) proposed the Spatio-Temporal Fusion Model
(STFM); STFM uses both spatial and temporal correlations for weather forecasting tasks. The authors propose a dual-
attention based encoder-decoder framework that utilizes spatial as well as temporal information. Using ERAS dataset,
Their model outperformed in terms of temperature, humidity and winds prediction. [6]. Ji et al. modelled the weather
with multi-head attention, to capture both spatial and temporal dependencies developing a Spatio-Temporal Transformer
Network. Their model outperformed traditional recurrent neural networks in the forecasting tasks. [7]. Saleem et al. [11]
introduced a spatio-temporal continuous vision transformer (STCViT), which integrated neural ordinary differential
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equations in the Vision Transformer architecture. Their model was shown to learn temporal dependencies relatively well
and improve the forecast performance over baseline Delayed Weather forecasting tasks. [8]. Gong et al. proposed the
combined Fourier Neural Operator and Transformer into a WeatherFormer model on global numerical weather prediction
tasks. Their method catch the best performance in weather patterns prediction and enhanced the prediction results. [9].
Bojesomo et al. proposed a spatiotemporal weather forecasting approach via shifted window crossattention based
transformer model.

A prior version of the model had successfully captured local and global patterns in the weather data, but this work
improved on that accuracy. The model outperformed in the forecasting tasks too, as this contributed to lowering the
complexity of deep learning models [10]. LSTM networks did even better, Graves showed they were well suited for the
tasks involving sequence modeling and forecasting. His initiation laid the foundation of operations with recurrent neural
networks for forecasting weather. [11]. LSTM networks were proposed by Hochreiter and Schmidhuber, which will
overcome the vanishing gradient problem than recurrent neural network. They are actually an extension of the more basic
neural networks that end up being the go-to model for most sequence prediction problems including weather forecasting.
[12] Goodfellow et al. co-authored the book “Deep Learning” It laid the groundwork of basic concepts behind deep
learning approaches neural networks. In this book, we adopted different types of convolutional and recurrent neural
networks to design the current study. [13]. Bishop wrote the book Pattern Recognition and Machine Learning. This work
yielded the ideas of pattern recognition and machine learning that became foundational for this current study. Finally, the
Adam optimization that was prominent in training deep learning and transformer based approaches was formulated by
Kingman and Ba [14]. Their work was the basis of developing the optimization algorithm for training in this model. The
XGBoost algorithm was implemented by Chen and Guestrin as a feature benchmark to assess the performance of the
proposed deep learning model [15].

III. RESEARCH GAP & OBJECTIVES

A. Research Gap

Based on the background information and literature review, different research gaps were identified and these formed a
purpose for this research study. These include:

1. We can learn spatial and temporal dependencies poorly: Traditional forecasting approaches such as ARIMA and
CNN-LSTM based models cannot capture the spatio—temporal patterns of weather data well. This spatial and temporal
variability renders quite hard to model, capture & predict weather patterns.

2. Long-term forecasting bottleneck: Recurrent models like LSTM, GRU and CNN-LSTM have been shown to
underperform at long-horizon prediction of weather patterns because they are limited in their ability to capture long range
temporal dependencies.

3. Computationally intensive: The nature of the recurrence in recurrent neural networks translates into having a larger
computational cost, and is particularly visible on large scale weather data sets.

4. Few climate analytics: The available forecast models predominantly focus on predicted weather and provide limited
science based information regarding climate trends, anomalies and seasonal variations.

5. Unified approach : Existing forecasting approaches require separate models to learn spatial patterns and temporal
patterns We require a unified approach that can model both spatial and temporal patterns of weather data jointly.

B. Objectives

e To collect and preprocess historical weather data by handling missing values, outliers, and data normalization.

e To extract spatial, temporal, and meteorological features from the collected weather data for accurate prediction.

To develop a Spatio-Temporal Transformer model that learns spatial and temporal weather patterns using the Multi-
Head Self-Attention mechanism.

e To predict important weather parameters such as temperature, humidity, precipitation, wind speed, and air pressure,
and evaluate the model using MAE, MSE, RMSE, MAPE, and R2.

e To perform climate analytics and compare the proposed model with existing models such as ARIMA, LSTM, GRU,
and CNN-LSTM for improved weather forecasting and decision-making.

IV. METHODOLOGY

4.1. Overview of the system

We build the Spatio-Temporal Transformer Framework for Weather Forecasting and Climate Analytics, aimed at solving
weather forecasting tasks with enhanced performance through consideration of both intra as well as inter relationships of
weather conditions across space and time. Unlike traditional forecasting approaches such as ARIMA, RNN, LSTM and
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CNN-LSTM, which either focus on temporal information or local spatial information, we proposed Spatial and Temporal
Transformer modeling the global and local weather jointly.
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Figure 4.1: Architecture Diagram

The figure 4.1 represents the general workflow of the proposed Spatio-Temporal Transformer for weather forecast
purposes. First, historical weather data should be collected and preprocessed by filling the gaps, cleaning, and normalizing
the data. Next, several relevant features, including spatial, temporal, and meteorological data, should be extracted from
the dataset. Following that, the input data needs to be arranged in a specific format with positional encoding. In the middle
part, one can see that the Spatio-Temporal Transformer uses spatial and temporal encoders, Multi-Head Self-Attention
mechanism, Add & Norm, and Feed Forward Network to encode spatial and temporal data, learn patterns, and fuse them.
Then, a fully connected layer produces the output predictions of the weather forecast model, including temperature,
rainfall, wind, and humidity. Finally, it is possible to analyze the climate by detecting trends, anomalies, and seasonality
in the data.

4.2. Data Collection

For this research, historical weather data which will be used is collected from:
1) ERAS Reanalysis dataset

2) NOAA Climate Database

3) NASA POWER Dataset

4) Indian Meteorological Department (IMD)

5) Kaggle Weather Dataset

Next, we will extract the following variables from the datasets.

» Temperature

* Humidity

* Wind speed

* Atmospheric pressure

* Solar radiation

* Latitude

* Longitude

* Time

Data that was collected would be from several years back to ensure there is enough data to train and test the model.
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4.3. Data Preprocessing

Historical weather data from ERAS, NOAA, IMD, NASA POWER or a weather station may have missing
values/noise/outliers/white spaces or inconsistencies. That is why data scientists have to prepare the data before starting
a model training process.

Now let me walk you through the steps of data preprocessing stage.

1. The first data cleaning would help in the removing duplicates and addressing issues relating to missing, inconsistent
or invalid values.

2. Missing Values: You can treat missing value in a data set by using interpolated values or mean value.

3. Outliers: The data must be processed for outlier removal through Interquartile Range (IQR) or Z-score.

4. Temporal Alignment: This step is about arranging the data in chronological order and making sure that time tags are
in sync with time zones.

5. Normalization — The last step is to normalize the dataset that means you will convert input data to a common scale of
0-1.

4.4. Feature Extraction

Feature extraction step, which combines the pre-processed data described in Section 4.1, and then engineers from it. In
particular, we extract the following three features:

1. The following inputs are:1) Meteorological variables: temperature, relative humidity, rainfall, wind speed, pressure
and cloud cover.

2. Temporal — hour, day, month, season and year.

3. Spatial: latitude, longitude, altitude and station ID.

We then use a sliding window approach to create input-output pairs from the time series generated by processing our
time series. The input-output pairs consist of vectorized features (concatenation of a set of spatial, temporal and
meteorological features) that serve as an input to the proposed Spatio-Temporal Transformer. We emphasize that our
proposed preprocessing and feature engineering steps facilitate complex weather pattern learning, resulting in better
forecasting performance and climate analytics.

V. TECHNOLOGY USED

In this paper, we will introduce a Spatio-Temporal Transformer Framework for Weather Forecasting and Climate
Analytics using some state-of-the-art tools, python libraries and deep learning algorithms to implement an efficient
weather forecast framework. The following technologies will perform the data collection, preprocessing, developing,
evaluating and visualizing the model.

5.1. Tools and Technologies
You can build the proposed Spatio-Temporal Transformer Framework for Weather Forecasting and Climate Analytic

using:

TABLE 5.1: Tools and Technologies used

Technology Purpose

Python Programming language used for model development and data
analysis

Pandas Used for loading, analyzing, and preprocessing data

NumPy Fundamental package for numerical computations in Python

Scikit-learn Used for feature scaling, train-test splitting, and model evaluation

TensorFlow/ Keras Deep learning framework for developing the transformer model

Transformer Architecture Used to capture spatial and temporal weather patterns

Jupyter Notebook/ Google Collab | Used for model development and testing

Matplotlib Used for plotting and visualizing weather trends and model results

These technologies will facilitate the development, testing, and evaluation of the Spatio-temporal Transformer model to
forecast weather efficiently and effectively carry out climate analytics.
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VI. RESULTS

We validate the proposed framework Spatio-Temporal Transformer Framework for Weather Forecasting and Climate
Analytics using past observed weather data to evaluate its ability of predicting the weather forecast. The model was
trained on temperature, humidity, rainfall, wind speed and tested using Mean Absolute Error (MAE), Mean Squared Error
(MSE), Root Mean Square error (RMSE) & R 2 score. The experimental results show that the proposed approach is able
to automatically learn feature in spatial and temporal aspects on weather data, which can effectively improve prediction
accuracy when compared with traditional approaches. So the solution is capable of observing how the weather forecast
works and prediction of weather with high accuracy.

Table 6 : Ablation Study

Without Positional Encoding 1.92
Without Multi-head Attention | .81
Without Spatial Features

1.68
Full Proposed Model
1.18
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Figure 6.1: Temperature Trend Analysis

The graph (fig 6.1) represents changes in the temperature over a 30-day period. It can be noticed that temperature tends
to change considerably from day to day, as it varies from approximately 25°C to 44°C. Given the graph, it would be
possible to predict the temperature in 30 days since it follows an irregular pattern with slight increases and decreases over
the measured period. Thus, the graph is valuable in terms of weather prediction and analysis.
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Figure 6.2: AQI Trend Analysis
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The graph (fig 6.2) represents the data of Air Quality Index (AQI) for a particular location on a day-to-day basis within
a span of 30 days. It can be observed from the graph that the AQI varies greatly from day to day. On some days the AQI
remains good to moderate while on several days it turns out to be unhealthy and very unhealthy. From the graph, it can
be seen that the top 5 days with the highest AQI are day 6, day 10, day 14, day 19 and day 29. In other words, the graph
shows significant variations in AQI from day to day within a span of 30 days which can be used for air quality monitoring
and analysis.

100
—o— Temperature (°C) Humidity (%) —#— Rainfall (mm)
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Figure 6.3: Climate Pattern Analysis

The graph (6.3) represents the day-to-day variation in temperature, humidity, and rainfall. The graph shows the
temperature changing from approximately 25 C to 44 C, while the humidity changes from approximately 30% to 90%.
Moreover, the graph shows that the amount of rainfall varies from low amounts to high amounts on specific days,
including day 6, day 14, and day 27. Thus, it is possible to conclude that the graph reflects the changes in the weather
conditions over a 30-day period, which is valuable information for weather prediction and climate studies.

TABLE 6.1: PERFORMANCE COMPARISON

Model MAE RMSE MAPE (%) R?

ARIMA 2.56 3.42 10.80 0.860
ANN 2.13 2.95 9.40 0.890
LSTM 1.72 2.21 7.10 0.920
GRU 1.65 2.10 6.80 0.930
CNN-LSTM 1.49 1.88 5.90 0.950
Earthformer 1.28 1.60 5.10 0.960
Proposed ST-Transformer 0.94 1.18 3.24 0.982

Proposed Model Outperform Baseline Methods The proposed model performed significantly better than the baseline
methods. Prediction errors were submitted to a paired t-test that was significant (p < 0.05), confirming improvements
were reliable.

The model is capable of analyzing climate patterns and predicting seasonal weather changes. From the evaluation results

and discussions, we can conclude that the proposed method Spatio-Temporal Transformer Framework for Weather

Forecasting and Climate Analytics is efficient and effective for the weather forecasting and climate analysis challenges.
VI. CONCLUSIONS

The paper then opened by proposing a Spatio-Temporal Transformer Framework for Weather Forecasting and Climate

Analytics to address the need in improving the accuracy of weather prediction models in capturing spatial and temporal
patterns in weather data sets. As part of the study, we have built a machine learning model that not only exceeds those of
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statistics and recurrent deep learning models in terms of accuracy to describe the spatial and temporal patterns present in
weather data but also uses it for forecasting upcoming weather conditions as well as climate analytics. The case study
was conducted to test the proposed model in forecasting accuracy.

The proposed model is evaluated based on the international standards namely Mean Absolute Error (MAE), Mean
Squared Error (MSE), Root mean squared error (RMSE), Mean absolute percentage error(MAPE) and coefficient of
determination(R2). The outcomes indicated that the framework proposed in this study provided better performance than
existing frameworks (ARIMA, LSTM, GRU and CNN-LSTM) concerning forecasting accuracy and error levels.

The paper shows that using the proposed approachWeather, spatial patterns and trends are identified in weather data;
Accurate prediction of climate forecasts and perform climate analytics. Framework can be utilised for a variety of
purposes including weather prediction, disaster management, agriculture and smart grids. In the future research could be
either improving the accuracy of weather forecasting using real time data from IoT devices or investigating satellite
images and graphs with graph neural networks (GNNSs) or creating easy-to-understand Al models (XAI) to make its
framework even much clearer-and-friendlier.
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