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Abstract—Modern challenges in climate prediction
necessitate the adoption of advanced deep learning
architectures for enhanced precision in temperature
forecasting. This study undertakes a comparative evaluation of
various neural network designs, particularly focusing on Deep
Recurrent Neural Networks (DRNN) and their extension with
Gated Recurrent Units (DRNN-GRU), chosen for their proven
efficacy in sequential data analysis and long-term dependency
capture. Leveraging a comprehensive meteorological dataset,
collected from 1961 to 2023, which includes atmospheric
temperature, pressure, and precipitation levels, the research
unfolds a nuanced understanding of the climate variability. The
evaluation framework rigorously applies Mean Absolute Error
(MAE), Mean Squared Error (MSE), and Root Mean Squared
Error (RMSE) metrics to quantify model performance. The
DRNN and DRNN-GRU architectures are distinguished for
their superior predictive accuracy, suggesting their high
potential for real-world forecasting applications. These findings
are not merely academic; they imply substantial practical
implications, particularly for geographic information systems
where they can enhance climate monitoring and resource
management. The paper culminates with recommendations for
dataset expansion and diversified analytical techniques, which
are critical for refining the predictive prowess of these models.
This research thereby sets a benchmark for future explorations
in the field and directs towards innovative avenues to augment
the scientific understanding of climate dynamics.

Keywords—Deep Learning; Neural Networks; Temperature
Forecasting; Meteorological Data; DRNN.

L INTRODUCTION

Air temperature forecasting holds significant strategic
and applied importance in today's world due to several pivotal
factors that directly or indirectly impact humanity and the
planet's ecosystem [1]. In this context, temperature prediction
becomes an indispensable tool for scientific research and
practical applications.

Temperature conditions are a crucial component of
climatic dynamics, and accurate forecasting of temperature
variations allows for the analysis of the influence of climatic
factors on the planet [2]. Studying climate changes based on
long-term air temperature data provides scientists with the
opportunity to devise adaptation and mitigation strategies
against climatic anomalies [3]. Temperature forecasting finds
direct application in sectors where temperature conditions are
pivotal, such as agriculture [4]. Knowledge of future
temperatures enables agricultural producers to make

informed decisions regarding planting, irrigation, and harvest
timings, thereby optimizing food production [5].

Social aspects also play a significant role, as accurate
temperature  forecasts allow adaptation to extreme
temperature conditions, including heatwaves and cold snaps
[6]. Effective planning and response to such events contribute
to the reduction of human casualties and material losses.

In the energy and resource supply sector, temperature
forecasting plays a notable role [7], [8]. For instance,
managing power systems requires considering the impact of
temperature on electricity consumption [9]. Analyzing
temperature data is also integral to managing heating and
water supply [10].

Existing air temperature forecasting methods have their
inherent challenges and limitations, crucial to consider in the
context of developing and refining predictive models [11],
[12], [13]. A primary issue is the limited ability of traditional
methods to account for the intricate and continually changing
interrelations  between  various factors influencing
temperature conditions [3]. Such methods often struggle to
adapt to rapidly changing climatic conditions and account for
nonlinear dynamics [14], [15]. Another significant issue is
the limited spatial and temporal resolution of traditional
forecasting methods. In most cases, they operate with
restricted data, complicating accurate temperature prediction
on fine spatial and temporal scales. This is especially critical
when forecasting extreme events like frosts, heatwaves, and
floods [16], [17].

Traditional methods are also susceptible to limitations in
accounting for the complex interrelations between various
natural processes influencing temperature conditions [3]. For
instance, they might underestimate the impact of land-use
change on temperature, critically important for understanding
global climate changes [18], [19], [20]. Moreover, traditional
methods might exert limited influence on enhancing the
accuracy and reliability of forecasts, especially when
analyzing large data volumes with high variability. Methods
like statistical and empirical models often have a restricted
ability to capture intricate nonlinear dependencies.

The challenges and limitations associated with traditional
temperature forecasting methods underscore the imperative
need for the development and application of more advanced
and precise forecasting techniques, particularly those based
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on state-of-the-art deep neural network architectures.
Approaches leveraging these architectures can represent a
significant advancement in the domain of temperature
condition forecasting.

The significance and relevance of employing deep neural
networks, including Long Short-Term Memory (LSTM) and
Gated Recurrent Unit (GRU), in the context of air
temperature forecasting are underpinned by several
fundamental factors. Foremost, deep neural networks possess
the capability to automatically extract intricate hierarchical
dependencies from data, becoming good tools in time series
analysis [21], [22], [23]. This is especially pivotal when
working with meteorological data, characterized by
interrelations and nonlinear dependencies among various
meteorological variables.

A key aspect underscoring the importance of deep neural
networks is their aptitude to account for long-term
dependencies in data. LSTM and GRU, as recurrent neural
network architectures, are designed to retain and update
information over extended temporal intervals, enabling them
to capture long-term patterns and trends in temperature data
[21], [24]. This becomes especially crucial when forecasting
climatic changes and extreme weather events with long-term
results.

Deep neural networks also enhance forecast accuracy
through their inherent adaptability to evolving conditions.
Their capacity to train on vast data volumes allows them to
discern minute details in weather variations [25], [26].
Furthermore, their ability to process data of diverse natures,
encompassing climate change information, land-use
alterations, and other factors, renders them promising in
integrating multifarious information sources for more
accurate predictions.

It's noteworthy that deep neural networks can
substantially mitigate the impacts of spatial and temporal data
resolution constraints. Their memory and analysis
capabilities across numerous time steps facilitate predictions
with high sensitivity to changes on temporal and spatial
scales [21]. This opens new avenues for enhancing the
precision and predictive power of models.

Recent advances in deep learning have markedly
improved air temperature forecasting, offering nuanced
insights into the accuracy and applicability of various models.
For instance, studies such as the [27] and [28] illustrate the
efficacy of deep learning approaches in capturing complex
climatic patterns. These studies underscore the significance
of employing models like U-Net and artificial intelligence
algorithms for forecasting, emphasizing their potential in
improving predictive accuracy over traditional statistical
methods. However, while these works have laid a solid
foundation, the presented study introduces a novel
comparative analysis focusing on the specific efficacy of
deep recurrent neural networks (DRNN) and DRNN with
Gated Recurrent Unit (DRNN-GRU) models against those
incorporating attention mechanisms for air temperature
forecasting. This comparative insight is particularly novel in
identifying the DRNN and DRNN-GRU models as not only
highly accurate but also more contextually adaptable for real-
world applications in sectors like agriculture, energy

management, and environmental monitoring. By directly
comparing these models within the framework of air
temperature forecasting, this research fills a critical gap,
offering both a methodological advancement in forecasting
technology and practical recommendations for its application
across various sectors affected by climatic conditions. This
unique contribution, set against the backdrop of existing
machine learning approaches to climate forecasting,
highlights the practical implications of choosing specific
deep learning architecture based on their performance and
applicability to real-world scenarios.

The dataset used in this study is derived from the
meteorological station affiliated with the Institute of Earth
Sciences at Southern Federal University, covering an
extensive period from 1961 to 2023. This dataset's temporal
span is particularly noteworthy, offering a rich historical
record that captures a wide range of climatic variability. Such
a comprehensive dataset is crucial for training deep learning
models to recognize and predict complex patterns over long
temporal scales, which is often a challenge with shorter or
less diverse datasets. The inclusion of variables such as
atmospheric air temperature, partial pressure, and
atmospheric precipitation levels adds to the dataset's
uniqueness, providing a multifaceted view of the climatic
conditions that influence air temperature. These
characteristics make the dataset an ideal candidate for
exploring the efficacy of deep neural network architectures in
forecasting air temperature with high precision.

This research explores the utility of advanced deep
learning architectures, including Deep Recurrent Neural
Networks (DRNN) and DRNN with Gated Recurrent Unit
(DRNN-GRU), in the domain of air temperature forecasting.
Deep learning, a subset of machine learning, excels in
identifying complex patterns in large datasets, making it
particularly suitable for climate data characterized by
nonlinear relationships and high-dimensional variability. The
chosen architectures, DRNN and DRNN-GRU, are renowned
for their ability to process sequential data, capturing temporal
dependencies that are critical in forecasting tasks.

The DRNN model, with its multiple layers of recurrent
units, is designed to model time series data efficiently,
making it well-suited for analyzing the temporal sequences
found in meteorological data. The addition of Gated
Recurrent Units (GRU) in the DRNN-GRU model enhances
the network's ability to remember long-term dependencies,
addressing one of the critical challenges in temperature
forecasting: capturing the influence of past climatic
conditions on future temperatures. This capability is pivotal
for improving the accuracy of long-term forecasts, as it
allows for a more nuanced understanding of climatic trends
and patterns.

The deployment of these deep learning methodologies
aligns closely with the study's objectives to enhance the
accuracy and reliability of long-term air temperature
forecasts. By harnessing the predictive power of DRNN and
DRNN-GRU models, this research aims to overcome the
limitations of traditional forecasting methods, which often
struggle with the complex dynamics of climate systems. The
anticipated outcome is not only methodological advancement
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in the field of climate science but also a practical tool for
stakeholders in agriculture, energy, and urban planning to
make informed decisions based on accurate and reliable
temperature forecasts.

1I. MATERIALS AND METHODS

For the subsequent analysis and training of the forecasting
models, a series of preprocessing steps were undertaken. The
foundational data consisted of climatic observations,
encompassing information on temperature, precipitation, and
atmospheric pressure.

In the initial phase, the parameters of the data sequence,
essential for neural network training, were delineated. The
length of the step sequence (sequence length), was
determined to be 7 steps. Additionally, the number of features
(num_features), was established to be 3, encompassing
temperature, precipitation, and pressure. Subsequently, data
normalization was executed utilizing the Min-Max Scaling
method [27]-[35]. This procedure facilitated the scaling of all
features to a uniform range, thereby enhancing the
convergence efficiency of the neural network training
process.  Post-normalization, sequences and their
corresponding target labels were generated. By iterating
through the normalized data and forming sequences of a
length of 7-time steps, the foundational data was transformed
into a format appropriate to training. Each sequence
encapsulated information on temperature, precipitation, and
pressure over 7-time steps, while the corresponding target
label represented the temperature for the ensuing time step.

The derived sequences and labels were then converted
into numpy arrays for further utilization. To evaluate the
efficacy of the models, the data was divided into training and
testing datasets. The training dataset constituted 80% of the
total data, whereas the testing dataset was employed to assess
the proficiency of the trained models.

A. Architecture of the Models

The Deep Recurrent Neural Network. One of the neural
network architectures created is a variation of the deep
recurrent network, termed the “Deep Recurrent Neural
Network” (DRNN) [36]-[45]. This architecture is created to
accommodate the peculiarities of temporal data, such as
climatic observations, and is designed to analyze sequences
of variable lengths.

The DRNN encompasses multiple Long Short-Term
Memory (LSTM) layers, each endowed with a distinct
number of hidden units. This configuration empowers the
model to discern intricate temporal dependencies and
interrelationships among various climatic data features. Each
LSTM layer relates to a Dropout layer, with a dropout rate of
0.2. This inclusion aids in mitigating the model's
susceptibility to overfitting. Such an approach ensures a
harmonious balance between the model's complexity and its
generalization capability. In its final phase, the DRNN ends
with a fully connected Dense layer, equipped with a single
output unit. This is purposed for forecasting the temperature
for the subsequent time step. For the model's training phase,
the “Adam” optimizer was employed in conjunction with the
Mean Squared Error loss function. This combination
facilitates the minimization of the mean squared error

between the model's temperature predictions and the actual
temperature values.

The Deep Recurrent Network with Gated Recurrent Unit.
The second neural network architecture presented in this
research is characterized as the “Deep Recurrent Network
with Gated Recurrent Unit” (DRNN-GRU). This architecture
is created for the task of air temperature forecasting,
leveraging temporal data amassed from a meteorological
station [46]-[51].

The DRNN-GRU encompasses multiple Gated Recurrent
Unit (GRU) layers, each endowed with a distinct number of
hidden units. The GRU is a variant of recurrent neural
networks, purposed for processing temporal sequences. They
are distinguished by their capability to model long-term
dependencies in data, a pivotal facet in the analysis of
climatic time series. Each GRU layer relates to a Dropout
layer, with a dropout rate of 0.2. This inclusion aids in
mitigating the model's susceptibility to overfitting, thereby
enhancing its generalization capability. In its final stage, the
DRNN-GRU ends in a fully connected Dense layer with a
singular output unit. As an optimizer model used “Adam”
and loss function, based on MSE.

The Long Short-Term Memory with Attention
Mechanism (LSTM-Attention). The third neural network
architecture analyzed in this research called “Long Short-
Term Memory with Attention Mechanism” (LSTM-
Attention).

The model initiates with an input layer, representing
temporal data sequences, considering the predefined
sequence length and the number of features. After this, the
architecture incorporates an LSTM layer with 64 units, which
returns sequences. The LSTM is a variant of recurrent neural
networks, renowned for their capability to model long-term
dependencies in data. Main feature of this architecture is the
attention mechanism. This mechanism furnishes the model
with the capacity to focus on specific segments of the data.
Such a capability can be critically pivotal in enhancing
forecasts, especially in scenarios inundated with interrelated
variables.

The outputs from the LSTM layer and the attention
mechanism are concatenated into a unified sequence. This
amalgamation empowers the model to discern both short-
term and long-term dependencies within the data. The
architecture ends with a fully connected Dense layer with a
singular output unit, purposed for the task of temperature
forecasting. The LSTM-Attention architecture also employs
the "Adam" optimizer and the MSE loss function during
training, facilitating the minimization of discrepancies
between the forecasted and actual temperature values.

Robust Stacked LSTM (RSLSTM). The fourth neural
network architecture delineated in this research is
characterized as the “Robust Stacked LSTM” (RSLSTM).
The model initiates with an input layer, designed to accept
input data in the form of temporal sequences, considering the
predefined sequence length and the number of features. After
this, the architecture incorporates a primary LSTM layer with
128 wunits, which returns sequences. At this juncture,
methodologies such as Dropout (with a coefficient of 0.2) and

Denis Krivoguz, Enhancing Long-Term Air Temperature Forecasting with Deep Learning Architectures



Journal of Robotics and Control (JRC)

ISSN: 2715-5072 709

Batch Normalization are employed. The Dropout helps in
mitigating the risk of model overfitting, while Batch
Normalization contributes to the stabilization of the training
process.

Following this, the architecture integrates a secondary
LSTM layer with 64 units, also augmented with Dropout
(0.2) and Batch Normalization. While additional layers can
be incorporated at the discretion of the researcher, in this
architecture, only an output Dense layer is presented with a
single unit, purposed for the task of temperature forecasting.
The RSLSTM architecture also employs the “Adam”
optimizer and the MSE loss function during training,
facilitating the minimization of discrepancies between the
forecasted and actual temperature values.

Robust Stacked LSTM with Attention Mechanism. The
fifth neural network architecture presented in this research is
termed Robust Stacked LSTM with Attention” (RSLSTM-
Attention). The model commences with an input layer,
designed to accommodate temporal data sequences, factoring
in the predetermined sequence length and the number of
features. After this, the architecture integrates three
sequential LSTM layers: the primary LSTM layer with 128
units, which returns sequences; the secondary LSTM layer
with 64 units, also returning sequences; and the tertiary
LSTM layer with 32 units, which too returns sequences.
These layers are pivotal in extracting temporal dependencies
and key features from the input data. Following this, an
attention mechanism is embedded between the last LSTM
layer and the input. This mechanism endows the model with
the capability to focus on the most pertinent segments of the
input data, considering their respective weights [52]-[55].

After this, a concatenation of the outputs from the last
LSTM layer and the attention mechanism is executed,
combining the information. Additionally, a Flatten layer is
incorporated to transform the output into a two-dimensional
format. The RLSTM-Attention architecture employs the
“Adam” optimizer and the MSE loss function during its
training phase, with the overarching objective of minimizing
discrepancies between the forecasted and actual temperature
values.

The selection of these architectures was guided by their
theoretical capabilities and empirical successes in processing
sequential and time-series data, which are critical in
forecasting tasks such as air temperature prediction.

The choice of DRNNs was motivated by their design to
handle sequential data, making them particularly apt for time-
series forecasting tasks like air temperature prediction.
DRNNSs can learn from the temporal dependencies of data,
which is crucial for understanding the dynamics of climate
variables over time. Theoretically, DRNNs can maintain
information in “memory” over long sequences, enabling the
model to leverage past climate data effectively when making
predictions. This characteristic addresses a fundamental
challenge in meteorological forecasting — the need to
incorporate historical climate conditions to accurately
forecast future temperatures. Empirically, DRNNs have
shown promising results in various time-series forecasting
applications, ranging from financial market predictions to
energy demand forecasting. Their ability to capture temporal

dynamics and adapt to time-dependent data variance has been
well-documented, providing a strong foundation for their
application in air temperature forecasting.

The integration of Gated Recurrent Units (GRU) into
DRNN architectures represents a targeted enhancement
aimed at overcoming some of the limitations associated with
traditional RNNs, particularly in handling long-term
dependencies. GRUs introduced a gating mechanism that
regulates the flow of information, allowing the model to
better retain relevant information over longer sequences
without the vanishing gradient problem that often plagues
standard RNNs. The selection of DRNN-GRU was further
reinforced by empirical evidence demonstrating their
effectiveness in similar environmental and climatic
forecasting scenarios. Studies have highlighted GRU-based
models' superior performance in capturing complex,
nonlinear relationships inherent in climatic data, offering
significant improvements in predictive accuracy and
reliability. The theoretical advantages of GRUs, coupled with
their empirical success in managing sequential data with
long-term dependences, underscored their suitability for the
objectives of this study. By adopting DRNN-GRU, we aimed
to leverage these attributes to achieve more accurate and
reliable long-term temperature forecasts, contributing
valuable insights into the domain of climate change
forecasting.

LSTM models are renowned for their ability to capture
long-term dependencies, addressing a significant limitation
of traditional RNNs through a sophisticated gating
mechanism. The addition of the Attention Mechanism allows
the LSTM-Attention model to focus on specific parts of the
input sequence that are most relevant for the prediction,
enhancing the model's interpretability and performance. This
selective focus is particularly useful in meteorological
forecasting, where certain historical patterns may be more
indicative of future conditions than others. Theoretical
insights into attention mechanisms' capacity to weigh inputs
dynamically, coupled with empirical evidence of their
success in enhancing prediction tasks in natural language
processing and sequence modeling, motivated their inclusion
in our study.

The RSLSTM architecture builds on the strengths of
LSTM models by stacking multiple LSTM layers, which
allows for a more nuanced representation of data by capturing
a broader range of dependencies across different scales. This
multilayer approach is particularly beneficial for complex,
nonlinear time-series data like climatic records, enabling the
model to learn from the intricacies of the data more
effectively.

Incorporating an Attention Mechanism into the RSLSTM
architecture (RSLSTM-Attention) further refines the model's
ability to prioritize crucial information within the input
sequence. This architecture is designed to not only leverage
the deep, stacked structure for capturing complex patterns but
also to apply focused attention on elements of the sequence
that significantly impact forecasting accuracy. This dual
strategy of depth and focus aims to address the challenges of
forecasting in the highly variable and complex domain of
climate science.
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The choice of these architectures was motivated by their
alignment with the core challenges of long-term air
temperature forecasting. Theoretical advantages, such as the
ability of LSTM and GRU units to handle long-term
dependencies and the attention mechanism's capability to
enhance model focus and interpretability, are complemented
by empirical evidence from their application in similar
forecasting scenarios. Together, these architectures represent
a comprehensive approach to addressing the multifaceted
nature of climatic data and its prediction, underscoring our
methodology's potential to advance the accuracy and
reliability of air temperature forecasts.

B. Data Description

The dataset employed for this research was procured from
a meteorological station operating under the Institute of Earth
Sciences of the Southern Federal University. The data
embodies temporal sequences spanning from January 1961 to
2023 (see in Fig. 1). This extensive temporal span facilitates
the analysis of long-term trends and seasonal fluctuations.
The observations encapsulate the following variables [40]-
[50]:

e Date. A chronological marker for each observation. The
date format adheres to the standard representation
YYYY-MM-DD HH:MM:SS.

e Temperature. Measured in degrees Celsius, this stands as
the pivotal dependent variable in presented deep learning
models.

e Precipitation. Expressed in millimeters, this variable can
serve as an indicator of humidity and rainfall.

e Pressure. Recorded in hectopascals (hPa), this parameter
can be associated with atmospheric conditions and
high/low-pressure systems.
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Fig. 1. Distribution of the dataset variables over time

Data collection was processed via a specialized
meteorological station situated at the Institute of Earth
Sciences of the Southern Federal University. The

instrumentation of the meteorological station underwent
myriad calibration and validation stages, ensuring the
precision and reliability of measurements. These procedures,
in turn, fortify the empirical foundation of the research and
augment the gravitas of its conclusions [55]-[60].

Prior to integration into machine learning models, the data
underwent a series of preliminary processing stages. Initially,
a data audit was conducted to outliers, missing values, and
other anomalies. These facets were critically imperative to
ensure statistical validity and avert model result distortions.
Subsequently, the data was normalized to enhance its
statistical properties and ensure the convergence of learning
algorithms. These measures are instituted to improve data
quality and elevate the accuracy of predictive models.

C. Data Preprocessing

In this study, the preprocessing of the dataset is crucial for
the success of the applied deep learning models. Our
preprocessing strategy encompasses several critical steps:
outlier detection and management, data normalization, and
sequence generation, each tailored to the unique
characteristics of the dataset spanning from 1961 to 2023.

Given the long-term nature of the dataset, outlier
detection was paramount to ensure data integrity and model
reliability. We employed an IQR (Interquartile Range)
method to identify and scrutinize outliers [30]. This method
calculates the IQR as the difference between the 75th and
25th percentiles and designates data points falling outside 1.5
times the IQR above the 75th percentile and below the 25th
percentile as outliers. This approach was chosen due to its
robustness in handling large datasets with potential non-
Gaussian distributions. Upon identification, outliers were
assessed with respect to historical climatic events and
measurement anomalies. Outliers corresponding to known
extreme weather events were retained, recognizing their
importance in training models to predict under varying
conditions.

Normalization is vital for aligning the scales of the
various meteorological measurements, thus enhancing model
training efficiency. We utilized Min-Max Scaling to adjust
the features into a [0, 1] range, ensuring that no single
variable would dominate the model's learning process due to
scale differences [31].

The generation of input sequences for the deep learning
models was based on a fixed-length sliding window
approach, reflecting the sequential nature of time-series data.
Each sequence, set to a length of 7, was constructed to predict
the temperature on the following time. This sequence length
was determined empirically, balancing the need to capture
relevant temporal dynamics without introducing excessive
complexity that could hinder model performance.

I1I1. RESULTS

A. Comparison of Different Architecture Performances

The research was conducted on an ASUS Vivobook Pro
14X laptop, equipped with an 11th Gen Intel(R) Core(TM)
17-11370H processor from the H-series and an NVIDIA
GeForce RTX 3050 graphics card. The system operated
under the Windows 11 Pro operating system, version 22H2.
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The device boasted RAM capacity of 16.0 GB and was
equipped with a 64-bit operating system with an x64-based
processor. These technical specifications ensured high
performance and efficiency during the execution of the air
temperature forecasting study using deep neural networks.

Several pivotal libraries, specifically created for data
processing and analysis in the realm of scientific research,
were employed in this study. Pandas (version 2.1.1) provides
efficient tools for data manipulation and analysis, facilitating
ease of interaction with diverse data types, NumPy (version
1.25.2) offers functionalities for computational operations on
multidimensional data arrays, TensorFlow (version 2.14.0) is
a robust tool for the creation and training of deep neural
networks and its versatile functionalities cater to a broad
spectrum of machine learning tasks, Scikit-learn (version
1.3.1) provides an extensive range of machine learning
algorithms and tools for their effective implementation,
enabling the resolution of a myriad of forecasting and
classification tasks, keras (version 2.14.0) serves as a high-
level interface for neural network construction, scienceplots
(version 2.1.0) offers a suite of stylized graphical elements
optimized for scientific data representation, enhancing the
visual clarity of research outcomes and Matplotlib (version
3.8.0) as an instrumental tool for data visualization and chart
creation.

The consolidation of these libraries, in conjunction with
the technical infrastructure, provided a robust foundation for
the research, ensuring precision, efficiency, and
reproducibility in the study's outcomes.

The analysis of the results from the five different
experiments, which determined the corresponding values of
MAE, MSE, and RMSE for each of the models, reveals
insightful patterns in the predictive accuracy of the deep
learning architectures employed. The results are presented in
Table 1.

TABLE I. RESULTS OF THE DIFFERENT DEEP LEARNING ARCHITECTURES
PERFORMANCE IN THE TASK OF AIR TEMPERATURE PREDICTION

Model MAE MSE RMSE
DRNN 0.07 0.006 0.08
DRNN-GRU 0.06 0.005 0.08
LSTM-Attention 0.22 0.06 0.25
RSLSTM 0.28 0.12 0.34
RSLSTM-Attention 0.27 0.11 0.33

From the data presented, it is observable that the DRNN
model exhibits a low MAE value (0.07), indicating relatively
minor errors in its forecasts. Additionally, the MSE and
RMSE for this model remain at a considerably low level
(0.006 and 0.08 respectively), signifying a high accuracy in
predictions. The DRNN-GRU model also demonstrates
commendable results with an MAE of 0.06 and an MSE of
0.005. The RMSE remains at 0.08. These metrics indicate a
low degree of error in the forecasts for this architecture.
However, the LSTM-Attention model exhibits higher values
of MAE (0.22), MSE (0.06), and RMSE (0.25). These results
suggest more significant errors in the forecasts, which could
be attributed to the architecture's insufficient adaptation to the
specific data set. The RSLSTM and RSLSTM-Attention
models also display intermediate MAE values (0.28 and 0.27

respectively) and higher MSE and RMSE values (0.12 and
0.34 for RSLSTM, 0.11 and 0.33 for RSLSTM-Attention).
This indicates relatively larger errors in the forecasts for these
architectures.

Based on the analysis, it can be concluded that the DRNN
and DRNN-GRU models achieved the best results in
assessing the accuracy of air temperature forecasts,
possessing lower values of MAE, MSE, and RMSE. These
models can be considered the most effective in this context
and may be found in tasks related to forecasting climatic
changes and studying natural systems [37]-[45].

B. Comparison of the Temperature Prediction

The analysis of temperature forecasting results using
different models and their juxtaposition with actual data
reveals intriguing aspects and facilitates a comparative
evaluation.

Based on the presented graphs (Fig. 2 and Fig. 3.)
examining temperature anomalies by various neural
networks, several conclusions can be drawn concerning their
efficacy. The DRNN model, a relatively simple recurrent
network, performs commendably throughout the entire time
series. The fluctuations in the predicted anomalies range from
-5 to 5 degrees. However, by 2023, these fluctuations
escalate, reaching an amplitude of approximately 8 degrees.

30—
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3[ — DRNN
DRNN-GRIL
—— LSTM-Attention
RSLSTM
—— RSLSTM-Attention
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Fig. 2. Prediction of the temperature by different architectures

2 e . e

—— DRNN
DRNN-GRL
LSTM. ion
RSLSTM
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2015 2016 2017 2018 2019 20020 2021 2022 2023
Time

Fig. 3. Comparison of temperature anomalies from prediction of different
models

The DRNN-GRU model, which integrates GRU elements
into the DRNN architecture, exhibits slightly more stability.
The fluctuations in predictions throughout the entire time
series range from -3 to 3 degrees, but by 2023, the
discrepancy between the predicted and actual data expands to
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6 degrees. Despite its complexity and the incorporation of an
attention mechanism, the LSTM-Attention model does not
yield satisfactory results. During specific periods, especially
in 2022, deviations from actual data exceed 15 degrees,
representing a significant error for such tasks. Both the
RSLSTM and RSLSTM-Attention models represent the
highest efficacy. Specifically, the RSLSTM-Attention model
displays anomaly fluctuations merely within 2-3 degrees of
the actual data, attesting to its high predictive accuracy. In
contrast, the RSLSTM model exhibits fluctuations around 5
degrees. In summation, based on quantitative assessment, the
RSLSTM-Attention model boasts the highest accuracy, while
the LSTM-Attention model yielded the least precise results.

Within our study, we employed Local Interpretable
Model-agnostic Explanations (LIME) to demystify the
decision-making processes of our models.

The plot (Fig. 4) for a specific prediction made by the
DRNN architecture reveals a nuanced interplay of features
across the temporal sequence. Notably, “Pressure” at the
initial timestep (Timestep 0) appears to be a significant driver
of the model's output, indicating that early atmospheric
pressure readings weigh heavily in the model's predictive
synthesis.

Local explanation

Timestep_0_Pressure <= 0.20 -
Timestep_1_Pressure <= 0.20 4
Timestep_2_Pressure <= 1 B
Timestep_2_Precip <= B

0.36 < Timestep_3_Pressure <= 0. 60 1
Timestep_4_Precip > 0.38
Timestep_5_Pressure > 0.61 -

0.23 < Timestep_1_Precip <= 0.38
0.12 < Timestep_3_Precip <= 0.23 1
Timestep_0_Temp <= B

0.36 < Timestep_4_Pressure <=
0.57 < Timestep_3_Temp <=
Timestep_1_Temp

0.23 < Timestep_0_Precip B
0.23 < Timestep_5_Precip <= o 38 R
0.23 < Timestep_6_Precip <= 0.38 1
Timestep_6_Pressure > 0.61
Timestep_6_Temp > 0.86
Timestep_5_Temp > 0.85 -
Timestep_2_Temp <= 0.37 4

0.58 < Timestep_4_Temp <= 0.85

-0.025 0000 0025 0050 0075 0100 0125 0150

Fig. 4. Feature importance for DRNN architecture

Additionally, “'Precipitation” at Timestep 4 emerges as a
substantial positive contributor, suggesting that mid-
sequence precipitation levels are critically informative for the
prediction at hand. Conversely, “Temperature” at Timestep 6
exhibits a strong negative influence on the prediction. This
may imply a temporal relationship where temperature
readings toward the end of the sequence serve as a corrective
mechanism within the model's architecture, potentially
overriding earlier cues to refine the prediction.

From the plot (Fig. 5) provided for the DRNN-GRU
model, we observe a detailed attribution of feature
importance across the sequences.

Local explanation

Timestep_0_Pressure > 0.60 -
Timestep_1_Pressure > 0.60 -
Timestep_3_Pressure <= 0.21 1
Timestep_5_Temp <= 0.37
Timestep_6_Temp <= 0.37 1
Timestep_0_Temp > 0.84 1

0.35 < Timestep_2_Pressure <= 0.60
0.22 < Timestep_4_Pressure <= 0.36
Timestep_1_Precip > 0.38

0.37 < Timestep_4_Temp <= 0.58 -
0.57 < Timestep_1_Temp <= 0.84
Timestep_5_Pressure <= 0.22 4

0.37 < Timestep_2_Temp <= 0.57
Timestep_6_Pressure <= 0.22 4

0.12 < Timestep_3_Precip <= 0.23
0.23 < Timestep_0_Precip <= 0 35 1
0.23 < Timestep_5_Precip <= 0.38
0.23 < Timestep_6_Precip <= 0. 35 1
0.23 < Timestep_2_Precip <= 0.38
Timestep_3_Temp <= 0.37 4

0.23 < Timestep_4_Precip <= 0.38
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Fig. 5. Feature importance for DRNN-GRU architecture

The analysis underscores a substantial negative impact
from the features “Pressure” at Timesteps 0, 1, and 6 and
“Temperature” at Timesteps 2, 3, and 4. The temporal
placement and influence of these features suggest that the
DRNN-GRU model assigns significant predictive weight to
atmospheric pressure at the start and end of the sequence and
to mid-sequence temperatures, potentially alluding to a
mechanistic understanding of the target phenomenon that
penalizes certain conditions at key temporal junctures.
Conversely, “Precipitation” at Timestep 1 and “Pressure” at
Timestep 5 contribute positively, albeit to a lesser degree than
the negative contributors. This hints at a model sensitivity to
climatic variables that, when occurring at specific times, are
deemed conducive to a rise in the predicted variable.

The gated architecture of the DRNN-GRU, which
facilitates selective memory retention and deletion, likely
contributes to the distinct pattern of feature importance
observed. It endows the model with the ability to modulate its
focus across the temporal spectrum of the data, affording each
input feature a different degree of influence depending on its
timestep. Our findings through LIME suggest that the
DRNN-GRU model’s predictions are not merely a function
of the immediate input state but rather a composite reflection
of the sequential data narrative. The gating mechanisms
intrinsic to the GRU units appear to filter the temporal
information flow, enabling the model to capture and prioritize
complex, time-dependent relationships within the data.

From the plot (Fig. 6) reveals the LSTM-Attention
model's interpretative mechanisms at a granular level. certain
variables such as “Pressure” and “Precipitation” at Timestep
4, and “Temperature” at Timestep 1 have a positive effect on
the output of the model. Notably, “Pressure” at Timestep 4
has the most substantial positive impact, suggesting that the
model has learned to associate the state of atmospheric
pressure at this point in the sequence with an increase in the
target variable.

Local explanation

Timestep_2_Pressure > 0.60 q
Timestep_3_Temp > 0.84 -
Timestep_3_Pressure > 0.60 1
Timestep_4_Pressure > 0.60 1
Timestep_2_Precip > 0.38 1
Timestep_d_Temp > 0.85 |
Timestep_3_Precip <= 0.12 -

0.20 < Timestep_1_Pressure <= 0. 34 1
0.36 < Timestep_0_Temp <= B
0.57 < Timestep_2_Temp <= 0. 84’
0.57 < Timestep_1_Temp <= 0.84 1
Timestep_5_Temp > 0.85 |

0.20 < Timestep_0_Pressure <= 0.34 4
0.12 < Timestep_1_Precip <= 0.23
Timestep_5_Precip < 1

0.23 < Timestep_4_Precip <= !
0.39 < Timestep_5_Pressure <= 0.61
0.58 < Timestep_6_Temp <= 0.86
0.39 < Timestep_6_Pressure <= 0.61 -
0.23 < Timestep_0_Precip <= 0.38
0.11 < Timestep_6_Precip <= 0.23
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Fig. 6. Feature importance for LSTM-Attention architecture

“Pressure” at Timestep 2 and “Temp” at Timestep 3 are
among the features that lead to a decrease in the predicted
value. This negative attribution implies that higher pressure
at Timestep 2 or higher temperatures at Timestep 3 are
interpreted by the model as signals to decrease the prediction
outcome. The LSTM-Attention model integrates an attention
mechanism, which allows the model to assign varying
degrees of importance to different parts of the input sequence.
The strong positive impact of “Pressure” at Timestep 4, for
instance, could be a manifestation of the attention mechanism
identifying a key moment in the sequence that is crucial for
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prediction. In contrast to the DRNN and DRNN-GRU
models, the LSTM-Attention architecture's interpretability is
characterized by its ability to assign and visualize such
differential weights to sequential data. This capability allows
for a more nuanced understanding of temporal dependencies
and the importance of sequential context in influencing the
model's output.

The plot for RSLSTM model (Fig. 7) offers insights into
the specific influences of sequential input features on a single
prediction.

Local explanation

Timestep_2_Pressure > 0.60 -
Timestep_2_Temp > 0.84 -
Timestep_3_Pressure > 0.60
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Fig. 7. Feature importance for RSLSTM architecture

Here, “Pressure” at Timesteps 2 and 3, and “Temp” at
Timestep 1, appear to significantly reduce the predicted
value, suggesting that the model is sensitive to higher values
of these features within the early to middle parts of the
sequence. Conversely, “Temp” at Timestep 6, demonstrate a
positive influence, although these effects are less pronounced
compared to the negative ones. This pattern of feature
attribution reflects the RSLSTM's ability to leverage both the
direct input data and the residuals of this data over time, likely
allowing it to capture complex temporal behaviors more
effectively.

In case of RSLSTM-Attention architecture (Fig. 8) we
observe a predominant impact of “Pressure” at Timesteps 1
and 2, along with “Temperature” at Timestep 1, which
strongly elevate the prediction value.

Local explanation
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Timestep_2_Precip > 0.38 -
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Fig. 8. Feature importance for RSLSTM-Attention architecture

This suggests the model associates early timesteps'
pressure and temperature with an increase in the output
variable, indicating a model sensitivity to initial sequence
conditions. Conversely, “Pressure” at Timestep 3 and
“Precipitation” at Timestep 6, indicate negative
contributions, albeit with a lesser influence than the positive
ones. The integration of an attention mechanism likely refines
the model’s focus, allowing it to selectively weigh these
inputs and their residuals at pivotal timesteps, which aligns

with the attentional dynamics that RSLSTM-Attention is
designed to capture. The analysis thereby enhances
interpretability by revealing how the model's attention-based
processing differentially weighs temporal inputs to arrive at
its forecasts.

Iv. DiscussioN

A. Study Results and Their Strategic Implications

The interpretation of the results presented in this study
extends beyond mere statistical analysis; it also holds
strategic  significance for various applied domains.
Specifically, the DRNN and DRNN-GRU models, which
showcased the best results based on metrics MAE (0.07 and
0.06 respectively), MSE (0.006 and 0.005), and RMSE (0.08
for both), are of particular interest for tasks related to climate
change forecasting and the study of natural systems. These
models can be integrated into Geographic Information
Systems (GIS) for real-time resource monitoring and
management, potentially influencing policies in sustainable
development and environmental safety.

Furthermore, given the high accuracy of these models,
they can be employed in agriculture to optimize water
resource management systems and regulate microclimates in
both open and enclosed areas. In the medical realm, these
models can be utilized to assess the impact of climatic
conditions on the spread of infectious diseases. At the
macroeconomic level, precise climate condition forecasts can
underpin strategic planning in sectors like energy, logistics,
and insurance.

Models with high error values, such as the LSTM-
Attention with MAE 0.22, MSE 0.06, and RMSE 0.25, or the
RSLSTM and RSLSTM-Attention with MAE 0.28 and 0.27
respectively, as well as MSE 0.12 and 0.11 and RMSE 0.34
and 0.33, offer valuable insights for the further refinement of
machine learning algorithms. They highlight the need for
additional research into the influence of various factors on
predictive accuracy, including data structure, loss function
characteristics, and optimization strategies. These models can
be enhanced for more specialized applications where the
consideration of additional parameters or conditions is
required.

B. Research Limitations and Opportunities of their
Overcoming

During this study, certain limitations were identified that
need to be considered when interpreting the results and
planning future research endeavors. Firstly, although the
DRNN and DRNN-GRU models showcased exemplary
results based on the MAE, MSE, and RMSE metrics, these
models were trained and tested solely on data obtained from
a single meteorological station. This constrains the
generalizability of the results and their applicability across
diverse geographical and climatic conditions. To overcome
this limitation, it is recommended to expand the dataset by
incorporating data from multiple meteorological stations
distributed across various climatic zones.

The second limitation pertains to the choice of evaluation
metrics. While the use of MAE, MSE, and RMSE is a
standard approach, they do not always fully encapsulate the
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nuances of forecasting tasks in the context of climate change.
For instance, these metrics do not account for potential
nonlinear dependencies and data asymmetries. For a more
comprehensive analysis, the application of additional metrics
and evaluation methods, such as cross-validation or bootstrap
analysis, might be beneficial.

The third limitation is related to the network architectures
employed. While the study encompasses diverse
architectures like DRNN, DRNN-GRU, and LSTM with
attention mechanisms, it does not explore other approaches
like convolutional neural networks or GANs that might also
be effective for forecasting tasks. To address this limitation,
the research can be expanded to include these and other
contemporary architectures.

Lastly, the study focuses exclusively on temperature
forecasting, neglecting other crucial climatic parameters such
as humidity, wind speed, or pollutant concentration.
Incorporating these parameters could significantly influence
the accuracy and reliability of forecasts, especially in the
context of intricate ecosystems. In summary, these limitations
highlight avenues for future research and offer opportunities
for both methodological enhancements and the precision
improvement of predictive models.

C. Future Research Directions

Future research in the realm of temperature forecasting
using deep learning could progress significantly by building
upon the interpretability insights gained from current model
architectures. One promising direction is the exploration of
hybrid models that capitalize on the complementary strengths
of diverse neural network designs. Envisioning a model that
combines the nuanced spatial pattern recognition capabilities
of convolutional neural networks with the intricate temporal
dependencies captured by recurrent networks might yield a
tool of enhanced predictive power and deeper climatic
insight. Additionally, the field stands to benefit from an
investigation into advanced attention mechanisms. Beyond
the LSTM-Attention and RSLSTM-Attention models,
delving into more sophisticated variants, such as multi-
headed attention, could provide a more granular
understanding of which aspects of the data are most
informative and when. This could lead to the development of
attention mechanisms that adapt not just to different features
within the data but also to different temporal scales,
recognizing patterns that evolve over both short and extended
periods.

Another promising research trajectory involves
augmenting deep learning models with domain-specific
knowledge. Integrating principles from atmospheric science
into the structure and training of neural networks might guide
the learning process, resulting in models that not only
perform well empirically but also align more closely with
theoretical expectations and physical laws. Moreover, the
pursuit of novel attention mechanisms that can dynamically
adjust to changing atmospheric conditions could offer
breakthroughs in how models handle abrupt climatic shifts or
rare events. Such mechanisms would ideally provide the
model with the capacity to discern and respond to the onset
of significant weather phenomena, potentially improving
forecasting accuracy and timeliness.

In light of the interpretability analyses conducted, future
research should also emphasize the importance of model
trustworthiness and user comprehension. Ensuring that
predictive models remain interpretable to human experts is
crucial, as it underpins the models' practical applicability and
the confidence with which their output can be utilized in
decision-making processes.

Altogether, these future research directions aim not just to
enhance predictive accuracy but also to ensure that
advancements in machine learning resonate with and are
informed by the rich tapestry of knowledge in atmospheric
science, leading to robust, reliable, and interpretable
forecasting tools for meteorology.

V. CONCLUSION

Within the scope of the conducted research, a
comparative analysis of the effectiveness of various deep
neural network architectures for temperature forecasting
based on meteorological station data was carried out. The
results showcase significant disparities in forecast accuracy
among the models examined. Specifically, the DRNN and
DRNN-GRU models exhibited the highest accuracy
according to the MAE, MSE, and RMSE metrics, while
architectures with attention mechanisms (LSTM-Attention,
RSLSTM-Attention) displayed a relatively high level of
errors. These findings can serve as a foundation for the
further advancement and optimization of machine learning
methods in predicting climatic parameters.

Based on the results obtained, several practical
recommendations can be made. Firstly, the DRNN and
DRNN-GRU models, which demonstrated high precision,
can be recommended for integration into Geographic
Information Systems (GIS) with the aim of monitoring and
managing climatic resources. They may also find application
in agriculture for optimizing water resource management and
in medical research for analyzing the influence of climatic
factors on disease spread.

Secondly, there is a need for further research into
architecture with attention mechanisms. Despite their relative
inefficiency in the current study, these models possess the
potential to process complex nonlinear dependencies and can
be optimized for specific forecasting tasks.

Additionally, the necessity to expand the initial dataset by
incorporating data from multiple meteorological stations can
be highlighted. This would enhance the generalizability of the
results, rendering them more universal.
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