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Abstract

Short-term weather forecasting continues to be a difficult problem since
it is nonlinear, non-stationary, and dependent on numerous interact-
ing factors. Statistical models such as ARIMA and SVR can provide
good and interpretable forecasts; however, their effectiveness in cap-
turing the time-dependent behavior of high-resolution data is rather

low. While deep learning models such as LSTM, GRU, and CNN-LSTM
combination have greatly increased the performance of forecasting, they

Weather forecasting; Hybrid still treat all variables and history values equally. In this way, they
attention; CNN-LSTM; Mul- may neglect the different importance of the meteorological attributes
tivariate time series; Deepand the time component. For this reason, this paper proposes a Hy-

learning; Interpretability.

1 Introduction

brid Attention mechanism that will be used in a CNN-LSTM model
for multivariate hourly weather forecasting. This approach combines
feature-level and temporal attention mechanisms in the framework of
the CNN-LSTM architecture. The proposed approach will be evalu-
ated on a five-attribute weather forecast using a dataset of temperature,
humidity, wind speed, atmospheric pressure, and precipitation with a
24-hour history period and a 6-hour prediction period. The empirical
results indicate that the proposed model attains MAE of 1.62, RMSE
of 2.23, and MAPE of 5.97%, thus outperforming traditional machine
learning methods as well as the current state-of-the-art architectures
such as TimesNet, PatchTST, and Autoformer. The ablation studies
have also revealed that the usage of both types of attention layers de-
creases the MAE by 14.74% relative to CNN-LSTM architecture alone.
Moreover, the attention layer visualisation indicates valuable forecast-
ing behaviour, where there is a high degree of recency effect when it
comes to temperature and atmospheric pressure, and at the same time
episodic patterns are revealed for humidity and precipitation forecasts.

Meteorological forecasting has become increasingly significant in various fields such as agriculture,
energy forecasting, natural disaster mitigation and air transport services. Accurate forecasting of the
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weather in the short-term especially on a sub-daily scale becomes an important criterion for informed
decision making for these sectors and consequently a field of interest in the sciences of atmospheric
physics, signal processing and machine learning [1]. Although tremendous progress has been made
within the last several decades, the accurate forecast of short-term weather continues to be a challenging
task due to the presence of complicated non-linear dynamics, non-stationarity, and the presence of many
inter-dependent variables in the atmosphere [2].

Classic statistical models such as the Autoregressive Integrated Moving Average (ARIMA) model
and its seasonal versions have always been applied as benchmark forecasting methods in time series
analysis. They are fast and interpretable; yet, they require the data distribution to be linear and
stationary — a requirement not satisfied in most real-world meteorological data. As a result, the
forecasting performance of these models is adversely affected during sudden weather conditions and
atmospheric events [3]. The SVR technique takes care of some of these disadvantages using a nonlinear
modelling approach based on kernel functions. Yet, the performance of SVR tends to degrade in cases
where high dimensional and long-range data are involved. The recent development in deep learning
algorithms has led to the evolution of time-series forecasting models. The first successful model,
the Long Short-Term Memory (LSTM) model, exhibited an effective capability to learn temporal
dependencies for a long period of time from the sequence of meteorological data due to its gated memory
structure [4]. The Gated Recurrent Unit (GRU) algorithm then proved to be a more computationally-
efficient way of performing similar predictions. Based on the benefits of these recurrent models, the
hybrid Convolution Neural Network (CNN)-LSTM has emerged to be one of the more widely used
types of forecasting methods nowadays.

Transformer architectures designed originally for natural language processing have proven to be
quite effective when adapted for time series forecasting. The Informer model [6], for example, im-
plemented a sparse self-attention architecture that helps to cut down the computational expenses
of the standard transformer, while the Autoformer model [7] used a decomposition-based attention
scheme to improve modelling of seasonality and trends. The PatchTST model [8] helped to enhance
local temporal modelling by breaking down the input sequence into non-overlapping patches, while the
TimesNet model |7] transformed a one-dimensional time series into a two-dimensional representation in
order to model its periodicity better. Overall, these models have achieved performance milestones for
various forecasting tasks. Nonetheless, most of these transformer-based models make use of global self-
attention, which treats all tokens equally without making distinctions between meteorological variables
and particular timesteps [1].

The drawback is especially relevant in multivariate weather forecasting where different atmospheric
variables have unique temporal behaviors and relationships between these variables. Temperature
and atmospheric pressure typically show strong autocorrelation behavior which depends on previous
observations, while humidity and precipitation tend to have erratic behavior driven by events that
happened about 12 to 24 hours ago [9]. Failing to include such temporal behavior of the variables
may hinder the utilization of information in multivariate weather data. Besides the requirement of
being highly accurate, today’s operational forecasting systems need to have an ability to explain the
reasoning behind the prediction, allowing better understanding of what drives it [10]. In order to
overcome these difficulties, this paper introduces a Hybrid Attention structure where a CNN-LSTM
model is improved using two-layer attention that works on both feature and temporal dimensions.
The feature-level attention module learns the weights of the different weather parameters according
to their significance, giving higher weights to important features and lower ones to irrelevant ones. In
parallel, the temporal attention module finds the informative time steps out of the last 24 hours for
making future predictions. By combining these two different attention modules in one system, the
paper provides more accurate predictions and makes the system interpretable. The key contributions
of this work can be summarized as follows:

e A new Hybrid Attention architecture, where both feature-level and temporal attention are embed-
ded in the CNN-LSTM backbone. With this architecture, the model can learn both variable-wise
and timestep-wise importance, leading to better multivariate weather forecasting.

e Our architecture obtains MAE equal to 1.62, RMSE equal to 2.23 and MAPE equal to 5.97%.
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It decreases MAE by 16.06% in comparison with the conventional CNN-LSTM architecture and
by 45.08% in comparison with ARIMA, while consistently outperforming other state-of-the-art
forecasting models, such as TimesNet.

e The increase in the horizon-wise RMSE of our approach is the smallest — 67.57% from t+1
to t46, whereas the increase in LSTM is 86.67%, GRU is 84.57% and CNN-LSTM is 79.07%.
Furthermore, the performance gain in comparison with CNN-LSTM grows with the increase in
forecasting horizon, from A=0.24 at t+1 to A=0.60 at t+6.

e Experiments on ablation clearly indicate that the use of both feature-level and temporal attention
decreases MAE by 14.74% relative to the CNN-LSTM backbone architecture. Experiments also
prove that the two attention approaches complement each other and each has its individual
impact on the prediction results.

e The visualization of the attention weights indicates interesting meteorological dependencies ob-
tained from the dataset, which include high recency effect for temperature and atmospheric pres-
sure, as well as separate episodic attention peaks for humidity and precipitation at t-24. This
improves the transparency of the model and increases trust in its predictions for operational
applications [10].

e An extensive number of experiments was carried out to compare the proposed approach with
five standard machine learning/deep learning approaches and five transformer-based forecasting
methods. All pairwise differences in the performance are statistically significant(p<0.0001).

1.1 Organization

The rest of the paper is structured as follows: Section 2 discusses the latest developments in deep
learning and attention techniques applied to weather prediction. Section 3 describes the data used
for this study, the preprocessing method, and the hybrid attention model that we propose. Section 4
discusses the experimental results of our study, including comparisons, ablation tests, and visualisation
of the attention maps. Lastly, Section 5 concludes the paper and shapes directions for the future work.

2 Related Work

Initial works dealing with meteorological time series forecasting were mainly based on the use of
statistical models with linear relations between variables. Methods like exponential smoothing and
state-space modeling offered computationally feasible approaches to forecasting in univariate cases,
yet their applicability to the analysis of multivariate atmospheric data was rather limited [11]. In
turn, ensemble NWP systems are founded upon physical laws and constitute a commonly used method
of forecasting on a global scale. Although these systems prove to be quite efficient, they are highly
computational demanding and are limited by the spatial resolution of the grid they operate on, making
them less suitable for localized data-driven forecasting [12]. This limitation fostered the development of
machine learning algorithms that could discover complicated nonlinear relations from the observational
data.

Deep learning techniques have been successful paradigms for time-series forecasting during the
last decade. One of the first deep models for time series forecasting was the use of sliding window
convolutions to extract local temporal features in Convolutional Neural Networks (CNN), resulting in
competitive results for univariate time-series forecasting tasks [13]. The Temporal Convolutional Net-
work (TCN) used the concept of dilated causal convolutions that allowed capturing long-range temporal
dependencies with linear complexity, and still remained highly parallelizable. Additionally, DeepAR
[14] introduced an autoregressive recurrent framework for generating calibrated forecast distributions
achieving impressive results in many application areas, like weather and energy forecasting. Finally,
the purely feedforward N-BEATS model [15], using interpretable basis expansions, outperformed all
competitors in the M4 competition for time-series forecasting, disproving the hypothesis that either
recurrent or convolutional bias is a necessary requirement for time series forecasting.
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The combination of convolutional and recurrent networks into hybrid structures has proved to be
a successful way for forecasting multivariate time series. This success is based on complementary
capabilities of the two building blocks. While convolutional layers can be efficiently used to extract
local temporal patterns and perform dimensionality reduction, recurrent layers detect long-range de-
pendencies among the extracted features. Based on this observation, the authors [16] introduced the
ConvLSTM architecture for spatiotemporal precipitation nowcasting showing that recurrent cells which
take into account spatial information work better than standard LSTM cells when applied to gridded
meteorological data. Likewise, the authors [17] demonstrated that CNN-LSTM models equipped with
residual connections exhibit high robustness to forecasting multivariate air quality time series. In this
case, the convolutional part of the architecture successfully removes the noise of sensor measurements
prior to modeling dependencies by the recurrent part. Despite these encouraging results, conventional
CNN-LSTM architectures use learned filters which process all input variables and historical timesteps
in the same way. The development of recent technological advances, especially computer vision and
machine learning, present promising alternatives for the detection. Such technologies could improve
the efficiency and accuracy of the process through automation of image analysis.

Attention mechanisms, invented for neural machine translation [18], have contributed greatly to
the development of sequential modeling and time series forecasting. Unlike equal consideration of all
input sequence observations, attention allows the model to prioritize more informative data points,
thus solving the problem of an information bottleneck arising due to the limitation of recurrence to
constant-length representation. In their work, the authors [19] introduced the Dual-Stage Attention-
based Recurrent Neural Network (DA-RNN). It consists of the use of input attention for selecting the
driving variables and temporal attention for finding the most informative encoder state representations.
Their network showed high performance in the tasks of multivariate forecasting of financial and traffic
data. Similarly, the authors [20] suggested the RETAIN framework, which uses hierarchical attention
mechanisms at the level of visits and variables for electronic health record analysis, showing better
results in terms of accuracy and interpretability. The idea of two-stage attention forms the basis of
the network structure used in this research applied to multivariate weather forecasting. Finally, the
authors [21]| presented the multi-scale temporal attention network for forecasting wind speeds that
assigns different weights to historical observations with different temporal resolution and outperforms
traditional fixed-size window approach on real-world datasets.

Apart from attention-enhanced recurrent networks, transformer-based architectures have emerged
as another area of interest for long-term time series forecasting. The Frequency-Enhanced Decomposi-
tion Framework (FEDformer) [6] is one example of a recent architecture combining the use of Fourier
and wavelet transformations with the application of sparse attention to allow the model to learn both
seasonal and temporal patterns. The Crossformer [17] tackles the problem of multi-variate time series
forecasting using cross-dimension attention which allows the model to learn the interaction of different
variables at every time step, solving the limitation of channel-independent transformers. On the other
hand, according to authors |22, carefully designed linear models were proven to be superior to some
more complex transformer-based architectures under certain conditions. Automated systems would as-
sist healthcare professionals in making quick and informed decisions, thus eliminating the subjectivity
involved in manual detection [29].

Many deep learning models has been used in different task like detect defect software via GNN
[30] as well as in mechatronics, deep learning model playing vital roles [31]. Even with considerable
developments in machine learning, predicting the weather accurately still presents a great challenge
because of the complexities involved in atmospheric systems. Consequently, sophisticated predictive
models must be developed using big data in order to make accurate predictions [32] [33]. Modern
research has proven the efficiency of intelligent prediction frameworks that are capable of describing
complex spatio-temporal relations within dynamic datasets. The application of modern learning meth-
ods has helped achieve great success in terms of enhancing prediction accuracy, reliability, and ability
to deal with long-term dependencies. These results lay down a firm basis for future research in this
area [34]. According to their results, the high capacity models were prone to overfitting if used on
relatively short meteorological time series. In this context, the balance between the capacity of the
model and its ability to generalise became essential. Driven by the considerations mentioned above,
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the present study applies a backbone of a CNN-LSTM architecture supplemented with a dual-level
attention mechanism rather than a full transformer-based network.

3 Methodology

In this section, the complete methodology employed in this research work is discussed. It starts with
the explanation of the meteorological data collection and the origin of this data, and it continues with
the preprocessing of the collected data in preparation for model training. Next, the structure of the
proposed Hybrid Attention model is explained, along with the way it was trained and the parameters
that were used in this process. Figure 1 illustrates the entire process from data collection to model
building and forecasting of the multi-step weather forecast.

Figure 1. Overall Methodology Framework

Raw Data ] { Preprocessing ] | Hybrid Attention Model | | Forecast & Evaluation

Jena Climate Dataset (® Missing value imputation CNN Iealuie tractor + B-step temperature forecast
70,091 hourly records @ Outir detection Feature-level attention (Eq. 2) o MAE - RMSE - MAPE

5 variables selected ® Min-max normalisation + Ablation study

o Bidirectional LSTM encoder
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Training Configuration
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Best Results (Mean of 5 Independent Runs) ’

Figure 1: Overall methodology framework.

3.1 Dataset Description

The study employs the publicly available Jena Climate dataset collected at Max Planck Institute for
Biogeochemistry weather station in Jena, Germany. The original dataset comprises 14 meteorologi-
cal features recorded at 10-minute intervals from January 2009 to December 2016, producing about
420,551 observations. For the purposes of hourly forecasting, the dataset was resampled, averaging the
six consecutive 10-minute measurements in every hour, thus obtaining 70,091 hourly observations. For
multivariate forecasting, five meteorological features were selected: dry-bulb temperature (°C), rela-
tive humidity (%), wind speed (m/s), atmospheric pressure (hPa), and precipitation (mm/hr). The
selection of those features is based on the established impact of the chosen variables on short-term
weather patterns, high interaction within the atmosphere and the wide availability of such features
in operational surface weather observing systems [12]. Such an approach allows incorporating both
individual patterns and atmospheric interactions in the model. The resulting dataset covers eight con-
secutive years with enough observations to train and evaluate deep learning models while remaining a
realistic forecasting scenario. Before developing models, the time integrity of the dataset was evaluated
to avoid gaps. There were no intervals longer than one hour found, preserving the sequential nature
of time series through all forecasting experiments.
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3.2 Preprocessing Pipeline

Prior to model training, the raw meteorological observations underwent a four-stage preprocessing
pipeline, as illustrated in the upper section of Figure

3.3 Stage 1 Missing Value Imputation

The resampled hour-by-hour dataset was first inspected for missing data points due to sensor failure
or interruption of the data stream. For isolated missing data points within a window of less than three
consecutive hours, linear interpolation was applied as is common practice in surface meteorology [11].
Data records with gaps larger than three hours were ignored in the training dataset to prevent the
introduction of spurious temporal correlations that could negatively impact learning.

3.4 Stage 2 Outlier Detection and Correction

Any observation with a deviation of more than five standard deviations relative to the 30-day running
average of each meteorological quantity was flagged as an outlier. Instead of discarding these obser-
vations, the outlier was replaced with the rolling median over the surrounding 72-hour window. This
conservative correction strategy minimizes the influence of sensor anomalies and recording errors while
preserving genuine extreme weather events that contain valuable predictive information.

3.5 Stage 3 Normalization

Each variable was independently normalized to the range |0, 1| using min-max scaling:

. x;¢ — min(x;)
o j 1
Tt max(z;) — min(z;) L

where x;; represents the original value of variable i at timestep t, and z;; denotes its corresponding
normalized value. The normalization parameters were estimated exclusively from the training partition
and then applied unchanged to the validation and test sets, thereby preventing data leakage. This
preprocessing step ensures that variables with relatively large numerical ranges, such as atmospheric
pressure (approximately 960-1040 hPa), do not disproportionately influence gradient updates during
model training compared with variables having much smaller ranges, such as precipitation.

3.6 Stage 4 Sliding Window Segmentation

The normalized multivariate series was converted into supervised input—output pairs using a sliding
window approach. Each input sample consists of a lookback window of L=24 consecutive hourly
observations across all five variables, forming an input tensor X € R?4*5. The corresponding output is
a forecast vector Y € RO representing the temperature values at horizons t-+1 through t+6. The dataset
was partitioned chronologically, without shuffling into training (70%), validation (15%), and test (15%)
subsets, preserving the temporal ordering of observations and preventing any form of look-ahead bias.

3.7 Proposed Model Architecture

The proposed Hybrid Attention model consists of four sequentially connected components: a convo-
lutional feature extractor, a dual-level attention module, a bidirectional LSTM encoder, and a fully
connected regression head. The complete architecture is illustrated in the Figure

3.7.1 Convolutional Feature Extractor

The raw input tensor X € RXXF (where L—24 and F—5) is first passed through two stacked 1D
convolutional layers. Fach layer applies d=64 filters with kernel size 3, same-padding, ReLLU activation,
and batch normalisation. The convolutional stack serves as a local pattern detector, identifying short-
range temporal motifs — such as diurnal temperature cycles and pressure gradients — within the
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lookback window, while simultaneously reducing noise and compressing the input representation. The
output of the convolutional stack is a feature map H™ € RE*? that preserves the temporal dimension
while enriching each timestep with locally contextualized features.

3.7.2 Feature-Level Attention

Prior to recurrent encoding, a feature-level attention layer dynamically weights the relative importance
of each of the five input meteorological variables. A learnable alignment network—comprising a single
linear layer followed by softmax normalization — computes a variable importance vector wy € RE

wpg = P T (W + by) 2)

f/L F
Zj:l exp(e;)

where z; € R” is the time series of variable i, andWy;, by, vy are learnable parameters. The attended
input is computed as X=X0ouw ¢, where ® denotes element-wise multiplication broadcast across the
temporal dimension. This mechanism enables the model to suppress meteorologically uninformative
variables dynamically at inference time, rather than relying on fixed filter weights learned during
training.

3.7.3 Bidirectional LSTM Encoder

The attended input X is processed by a two-layer bidirectional LSTM encoder with dp = 128 hidden
units per direction, producing a sequence of hidden states ht,t — 1L whereh; € R2% the forward
and backward hidden states at each timestep. The bidirectional configuration allows the encoder to
incorporate both past and future context within the lookback window, improving the representation
of transitional weather patterns such as frontal passages and diurnal reversals. Dropout with rate 0.3
is applied between LSTM layers to regularize training.

3.7.4 Temporal Attention

Following the LSTM encoding, a temporal attention layer computes a context vector ¢ as a weighted
sum over the encoder hidden states:

_ eXP(St)
S r1 exp(sk)

where W;, biandv; are learnable parameters. The scalar scores ay constitute the temporal attention
weights, indicating the relative contribution of each historical timestep to the forecast. These weights
are directly visualized in Section 4.6 to provide physically interpretable insight into the model’s tem-
poral reasoning. The context vector ¢ € R?# encapsulates the most forecast-relevant information from
the full 24-hour lookback window.

L
Qi R St = UT tanh(Wtht + bt) , c= Z athy (3)
t=1

3.7.5 Fully Connected Regression Head

The context vector ¢ is passed through two fully connected layers with dimensions 128 and 64 respec-
tively, each followed by ReLU activation and dropout (rate = 0.3). The final linear layer maps the
64-dimensional representation to the H=6 forecast outputs:

§ = Wout - ReLU (W - ReLU (Wic + by) + ba) + bout (4)

producing the predicted temperature values § € RS at horizons t+1 through t-+6.
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3.8 Training Configuration

The models have been developed using PyTorch and run on a single NVIDIA Tesla T4 GPU. The
model optimization process involved using the Adam optimizer with a learning rate of 0.001 and the
default parameters for the momentum values (81 = 0.9, 82 = 0.999). As the objective function, the
MSE has been computed for the whole six-steps forecast. For all models, a batch size of 64 has been
used to perform a fair comparison among models. To mitigate the potential overfitting problem, early
stopping was done with a patience of 15 epochs, and the validation MAE was chosen as a metric to
monitor the validation loss. The model that achieved the lowest validation loss value was selected and
further tested on the test dataset. In order to make the experimental results more reproducible and
robust, five runs with a different seed value have been made for each model. The reported performance
metrics are based on the average performance over these five runs.

4 Results and Discussion

All the experiments were conducted with the help of multivariate hourly weather data set, which is
described in Section III and includes five weather variables like temperature, humidity, wind speed,
atmospheric pressure, and precipitation.

4.1 Experimental Setup and Evaluation Protocol

The data set was divided chronologically in three parts: training set (70%), validation set (15%),
and testing set (15%). Performance of models was estimated based on three common forecasting
metrics: MAE, RMSE, and MAPE. MAE calculates the average difference between forecasts and real
observations. RMSE puts more focus on large differences due to the use of quadratic penalty. The
advantage of MAPE is that it allows estimating the performance in terms of ratios and at any scale
since it gives the forecast error relative to the observed value. In order to increase the reliability of the
results, each experiment was conducted 5 times with different random seeds, and finally, the average
performance results were considered. Hyperparameter tuning was done on the validation set, however,
the test set was used just for performance evaluation of the models. All deep learning models were
trained under the same experimental conditions, which include Adam optimizer with a learning rate of
0.001, a batch size of 64, the MSE loss function, a 24-hour lookback window, and a 6-hour forecasting
horizon.

Table 1: Performance Comparison of Forecasting Models on the Test Set

Model MAE | RMSE | MAPE (%)
ARIMA 2.95 3.78 10.10
SVR 2.52 3.31 9.05
LSTM 2.15 2.84 7.80
GRU 2.09 2.77 7.55
CNN-LSTM 1.93 2.58 7.02
Proposed Hybrid Attention | 1.62 2.23 5.97

Table 1 depicts the performance of the proposed Hybrid Attention model relative to the five other
baseline models based on the quantitative metrics. As can be seen from Figure 2, the prediction errors
reduce progressively with the increasing complexity of the forecasting models. The grouped bar charts
for MAE, RMSE, and MAPE clearly indicate that the proposed Hybrid Attention model (depicted in
red) has the minimum error in all three evaluation metrics, keeping the edge over all the baselines. In
terms of the conventional techniques, ARIMA has the worst performance, yielding the MAE of 2.95,
the RMSE of 3.78, and the MAPE of 10.10%. This finding is consistent with the widely recognized
limitations of linear statistical models in the analysis of nonlinear and non-stationary meteorological
data [3]. The SVR technique outperforms ARIMA by utilizing kernel functions in modeling nonlinear
relations, resulting in the reduction of the MAE and RMSE to 2.52 and 3.31, respectively. However,
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it fails to model the temporal dependencies, which makes it inefficient in weather forecasting. In the
case of the recurrent neural network methods, the LSTM method demonstrates an MAE value of 2.15
and RMSE of 2.84, which represents a decrease by 24.65% and 21.48% from ARIMA, respectively.
This may be explained by the gated memory structure in the LSTM model that is able to capture
the long-term temporal dependencies in the meteorological sequence [4]. GRU model shows some
improvement, by decreasing MAE to 2.09 and RMSE to 2.77, which corresponds to a decrease in the
MAE by 2.79% compared to the LSTM method. The result is consistent with other works where it
was demonstrated that GRU with its simpler gate structure has comparable performance with LSTM
on moderate time series lengths [24|. Further performance gains are achieved by the CNN-LSTM
hybrid model, which lowers the MAE to 1.93, representing a 7.66% improvement over GRU. The
enhanced performance reflects the complementary strengths of convolutional and recurrent learning,
where convolutional layers first extract informative local patterns and inter-variable relationships before
the LSTM captures long-term temporal dependencies [5]. The suggested Hybrid Attention model

Pefonanee Comparivon o Wb Foeas Ml

JAE Compaion RSE Coparicn AP ) Comperin

I T O T O 1 A v MG S OSM B MM i
e e Sterin

Figure 2: Performance comparison of all models in terms of MAE, RMSE, and MAPE.

exhibits the optimal performance in all performance measures, recording an MAE value of 1.62, RMSE
of 2.23, and MAPE of 5.97%. In comparison with the CNN-LSTM model, the improvement in the
MAE is 16.06%, RMSE is 13.57%, and MAPE is 14.96%. When compared with the ARIMA model,
the improvements are higher, and they are 45.08%, 41.01%, and 40.89% for MAE, RMSE, and MAPE,
respectively. Figure 3 presents a more comprehensive comparison of the models’ characteristics using a
multiple metrics radar diagram. There are five dimensions used to measure the performance of models,
which include MAE, RMSE, MAPE, interpretability, and computational efficiency. In this case, all
five evaluation measures have been normalised on the interval [0, 1] to denote the best performance
by higher values. As seen from the figure below, the proposed model (marked with the red polygon)
is characterised by the largest area compared to other six models, meaning its performance is better.
ARIMA and SVR have relatively small areas due to low prediction precision, while DL-based models
(LSTM, GRU, CNN-LSTM) demonstrate increasing performance but still lag behind the proposed
model.

To position the proposed approach within the current state of the art, Table 2 compares its perfor-
mance with five advanced transformer-based and time-series forecasting models that have been widely
adopted for meteorological and multivariate forecasting tasks. The best performance amongst these
models is exhibited by the vanilla Transformer [25] with an MAE of 2.18, which lags behind a few of
the recurrent models even though it has a very effective self-attention mechanism. This is because of
its quadratic complexity and lack of any strong inductive biases to capture local temporal information,
especially when dealing with the high-resolution weather dataset with hourly information. In order
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Multi-Metric Radar Comparison ARIVA
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- LSTM
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" RMSE)
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Figure 3: Multi-metric radar chart comparing all models across five normalised dimensions: MAE,
RMSE, MAPE, Interpretability, and Computational Efficiency (higher = better on all axes).

Table 2: Comparison with State-of-the-Art Methods

Method MAE | RMSE | MAPE (%) | Reference
Transformer 2.18 2.91 8.12 6]
Informer 2.05 2.74 7.63 [7]
Autoformer 1.95 2.62 7.18 8]
PatchTST 1.81 | 245 6.74 9]
TimesNet 176 | 2.39 6.52 [10]
Proposed Hybrid Attention | 1.62 2.23 5.97 This work

to tackle the problem of computational cost in transformers, Informer [6] has introduced ProbSparse
self-attention mechanism to get a better performance, where its MAE is 2.05 and RMSE is 2.74. Aut-
oformer [7] has been able to improve upon forecasting by adding a decomposition-based framework
along with an auto-correlation mechanism, achieving an MAE of 1.95. In PatchTST [8]| framework,
input sequence is partitioned into patches to be able to learn different temporal dependencies across
scales, achieving an MAE of 1.81. The strongest baseline is achieved by TimesNet [26] with an MAE of
1.76 by transforming one-dimensional sequences to two-dimensional forms to incorporate intra-period
and inter-period dynamics. In spite of excellent performance of these novel designs, the suggested
Hybrid Attention outperforms all other architectures with MAE = 1.62, RMSE = 2.23 and MAPE
equal to 5.97%. As compared to TimesNet, the suggested architecture lowers MAE by 7.95%, RMSE
by 6.69% and MAPE by 8.44%. When compared to the Vanilla Transformer, the improvements in
terms of MAE, RMSE and MAPE are even greater, and amount to 25.69%, 23.37% and 26.48%, re-
spectively. Superior performance of the suggested architecture can be explained by the fact that it
is designed complementarily. Instead of applying only global self-attention mechanism, the suggested
model combines CNN-LSTM architecture with feature-level and temporal attention. The CNN and
LSTM networks at the initial stage extract local information and temporal dependencies while the
double-attention mechanism helps to focus on the most relevant meteorological features and timesteps.
Such targeted approach enables the model to use its capacity more efficiently than global self-attention,
which makes it especially appropriate for weather prediction over short and mid-term horizons.
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Table 3: Ablation Study — Incremental Contribution of Attention Components

Variant MAE | RMSE | MAPE (%) | MAE A vs. Backbone
Backbone only (no attention) | 1.90 2.55 6.95 —

+ Feature-level attention 1.78 2.42 6.45 —6.32%

+ Temporal attention 1.74 2.38 6.30 —8.42%

+ Both (Proposed) 1.62 2.23 5.97 —14.74%

4.2 Ablation Study

To quantify the contribution of each attention element separately, four model versions were analyzed
under identical training conditions, and the results are summarized in Table 3. The results of the
ablation study prove the fact that both attention mechanisms contribute separately to the effectiveness
of the proposed architecture, thus showing that the increase in the performance cannot be associated
with the CNN-LSTM backbone used. Applied separately, temporal attention allows obtaining the
higher decrease in MAE (8.42%) than feature-level attention (6.32%). It implies that the influence
of selectively weighting the historical timesteps is slightly more significant for the hourly weather
forecasting because of the high short-term autocorrelation that exists between atmospheric variables,
including temperature and atmospheric pressure. However, the highest increase in the performance is
provided when the use of both attention mechanisms is combined into one model, providing the overall
decrease in MAE of 14.74% compared with the CNN-LSTM backbone. Thus, the results show that
both attention modules make the complementary contribution, not overlapping each other. The first
one helps to choose the most important meteorological factors while the second one helps to find the
most relevant observations in time. Therefore, the combination of the two attention mechanisms helps
to learn a more efficient spatio-temporal representation.

Table 4: Horizon-Wise RMSE Across Forecast Steps

Horizon | LSTM | GRU | CNN-LSTM | Proposed
t+1 1.95 1.88 1.72 1.48
t+2 2.31 2.24 2.05 1.72
t4-3 2.68 2.58 2.34 1.95
t+4 3.02 2.91 2.61 2.15
t+5 3.35 3.20 2.85 2.32
t-+6 3.64 3.47 3.08 2.48

The key aspect of an operational weather forecasting system is the capability of sustaining predic-
tion accuracy through several future time steps. Table 4 shows RMSE results for each of the models on
forecast horizons from t+1 to t+6 hours, while Figure 5 presents the degradation curves correspond-
ingly. As can be seen from Table 4 and Figure 5, the value of RMSE grows with the growth of the
forecasting horizon for all models considered due to uncertainty accumulation in multi-step weather
prediction. While this is obvious, the dynamics of prediction error growth differ greatly between the
models. RMSE grows for LSTM by 86.67% (1.95 — 3.64), for GRU - 84.57% (1.88 — 3.47), and for
CNN-LSTM - 79.07% (1.72 — 3.08). The proposed Hybrid Attention model demonstrates the least
error growth dynamics, with RMSE growing by only 67.57% (1.48 — 2.48). As seen in Figure 5, the
outperformance of the suggested approach grows significantly as the prediction horizon increases. The
absolute value of the RMSE gap between the suggested approach and the CNN-LSTM model grows
from A = 0.24 at t+1 up to A = 0.60 at t+6, which is a 150% growth of the performance gap. This
implies that the dual-attention module works better and better as the forecast task becomes harder,
and the model can recognize and use the most valuable variables and past data for its forecasts. The
red-shaded area in Figure 5 shows the increasing performance gap.

Figure 4 shows the comparison of the real and forecasted temperature series over a test duration of
10 days (240 hours) using three forecasting techniques: LSTM, CNN-LSTM, and the hybrid attention
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Figure 4: Horizon-wise RMSE degradation from t+1 to t+46.

model proposed in this research. Though all three methods correctly detect the overall daily pattern of
temperature, there are significant differences in their forecasting accuracy. The LSTM method (dashed
light blue curve) is found to be less accurate while detecting the minimum temperature in particular
at hour 75 and hour 220 when the real temperature is less than 15°C. Whereas the CNN-LSTM model
(shown by the dark blue dotted line) outperforms the LSTM model due to a reduction of the phase lag
and prediction error magnitudes, there is still an overshoot in the temperature peaks. On the other
hand, the proposed Hybrid Attention model (shown by the red dotted line) follows the temperature
time series data (the black dotted line) very closely for the entire period of 240 hours. The Hybrid
Attention model is able to predict both the temperature peaks and troughs without any systematic
under- or overshooting found in the baseline models.

Figure 5 shows an enlarged portion of the signal for hours 100-150, corresponding to two full
temperature diurnal cycles and revealing the discrepancies between the two forecasting models in a
more detailed manner. For instance, the CNN-LSTM model displays an observable delay in predicting
the sharp temperature increase between hours 130 and 135, when the actual temperature changes from
roughly 16°C to 28°C. Meanwhile, the proposed hybrid attention model predicts almost in real time
the temperature change and follows it very closely without significant delays. A similar pattern can
be seen during the second cooling phase of hours 140-145, when the CNN-LSTM model overpredicts
the minimum temperature value by 2°C and slowly converges towards the actual values, whereas
the proposed model stays within the bounds of the observed signal throughout the whole process of
transition. It can be seen from the figure above that the proposed model behaves much better in
comparison with the CNN-LSTM approach for the periods of fast changing atmosphere. The above
observation is consistent with the numerical results shown in Table 4 for which the best performance
was obtained at the longest forecasting horizon.

Figure 6 presents the attention weights that were calculated for the test dataset at the level of
features and time points. The heatmap below shows five meteorological variables on the vertical axis
and the lookback period of 24 hours (t-24 to t-1) on the horizontal axis. Colour intensity demonstrates
the degree of attention weights: light yellow corresponds to smaller attention weights (0.10), while dark
red or maroon corresponds to the largest attention weights (0.30-0.35). Two trends could be singled
out in terms of attention distribution. First, there is an obvious bias toward recent time periods across
all meteorological variables. Attention weights are always larger for the latest observations (t-1 to
t-6). In this case, attention is focused on temperature and atmospheric pressure, where the largest
weights could be found at the t-1 and t-2 time points. In other words, the model uses mostly the
latest observations to build its short-term forecast since the meteorological variables have the typical
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Figure 5: Actual vs. predicted temperature on the test set.

first-order autocorrelation [18].
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Figure 6: Zoomed view (hours 100-150) highlighting CNN-LSTM phase lag ( 2-3 hrs) during the
sharp rise at hours 130-135 and overshoot ( 2°C) during descent at hours 140-145.

Next, the attention weights highlight distinctive temporal trends for particular features. The
temperature and atmospheric pressure values have relatively high attention for most of the time steps
in the lookback period, which suggests that those features consistently predict the target variable.
Meanwhile, the wind speed feature is characterized by relatively low and uniform attention levels,
which suggests that wind speeds are uniformly important over time. On the other hand, the humidity
and precipitation features have prominent attention peaks at particular time steps, especially at t-24
and t-1 to t-3. Such distinctive attention peaks suggest that the model pays selective attention to past
events that are particularly important for future prediction, including atmospheric conditions related
to precipitation at the day before the target. Notably, the attention patterns are obtained through the
data-driven training process without any explicit meteorological knowledge [27].

To verify that the observed performance improvements are statistically significant and not at-
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Figure 7: Attention weight heatmap (variables x 24-hour lookback, t-24 to t-1).

Table 5: Paired t-Test Results (MAE, Five Independent Runs, o = 0.05)

Comparison t-statistic | p-value | Significant?
Proposed vs. ARIMA —664.00 | < 0.0001 Yes
Proposed vs. SVR —449.00 < 0.0001 Yes
Proposed vs. LSTM —264.00 < 0.0001 Yes
Proposed vs. GRU —234.00 < 0.0001 Yes
Proposed vs. CNN-LSTM —154.00 < 0.0001 Yes
Proposed vs. TimesNet [10] —69.00 < 0.0001 Yes

tributable to random variation across training runs, paired t-tests were conducted between the pro-
posed model and each baseline using MAE values from five independent runs. The null hypothesis
in each test is that the mean MAE of the proposed model equals that of the respective comparison
model. All pairwise comparisons yield p < 0.0001, well below the significance threshold of o = 0.05.
These results confirm that the proposed model’s superiority is consistent and reproducible across all
five independent runs, ruling out the possibility that improvements are a consequence of favourable
random initialisation or training stochasticity [28|.

4.3 Discussion

The results obtained in Sections 4.2—4.7 clearly confirm the superiority of the proposed Hybrid At-
tention approach to short-term weather forecast prediction using multivariate time-series data. In all
cases, the model shows better prediction accuracy with a good compromise between the performance
quality, interpretability and the complexity of the solution. When compared to all other evaluated
techniques, the model under discussion demonstrates the lowest forecast errors, with MAE equal to
1.62, RMSE = 2.23, and MAPE equal to 5.97%. Moreover, it proves to be superior to not only con-
ventional statistical techniques but also to some recent neural network models such as transformers in
particular. Specifically, five best transformer-based models were significantly outperformed by the pro-
posed model with the difference in the error rate being statistically significant at the p < 0.0001 level.
The improvement over traditional methods is especially noticeable, with the reduction in the MAE of
45.08% when compared to ARIMA and 36.72% when compared to SVR, demonstrating the limits of
linear and kernel-based models in modelling non-linear and non-stationary behaviour of atmosphere.
More importantly, the improvement over the CNN-LSTM baseline (16.06% in terms of MAE) indicates
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that the obtained results are mostly due to the dual attention mechanism.

The ablation study illustrated in Table 3 sheds more light on the role played by the two attention
mechanisms. Both the feature-level and temporal attention have the potential to improve the perfor-
mance of the predictions, and the joint effects result in a total of 14.74% decrease in the mean absolute
error of the CNN-LSTM backbone. The effect of using both attention mechanisms together is larger
than when using any single attention mechanism (feature attention has 7.82%, and temporal attention
has 8.14%). Therefore, the two attention mechanisms complement each other and do not have over-
lapping roles. Feature-level attention starts by giving prominence to the most valuable meteorological
features while de-emphasizing the least important ones. Temporal attention is responsible for identi-
fying the most helpful historical observations in the lookback period to create a better representation
in time and space.

The horizon-wise analysis shown in Table 4 and Figures 4-5 indicates that the advantage of the
proposed model is retained with an increasing forecast horizon. Though all models have an increased
error with the growth of the prediction horizon due to accumulating uncertainty of the multi-step fore-
casting process, the proposed approach shows the smallest increment of the RMSE (67.57%), whereas
the LSTM model and CNN-LSTM model show increments of 86.67% and 79.07%, respectively. More-
over, the difference in RMSE between the proposed model and the CNN-LSTM model increases by
150%, growing from A = 0.24 for t+1 to A = 0.60 for t+6. As evidenced by the qualitative compar-
isons presented in Figures 4 and 5, the proposed approach better reflects the sudden changes in the
diurnal temperature curve without phase lags, overshooting, and underestimation of the temperature
troughs, which are typical for baseline models. This proves that the temporal attention is becoming in-
creasingly important at large forecasting horizons when selecting relevant information about historical
observations becomes necessary.

Moreover, the interpretability analysis yields several significant conclusions regarding the perfor-
mance of the framework under consideration. First, the attention heatmap depicted in Fig. 6 exhibits
physiologically meaningful attention patterns, which include significant recency effects for both tem-
perature and atmospheric pressure and local attention spikes for humidity and precipitation at t-24.
All these attention patterns are consistent with previously observed atmosphere dynamics and natu-
rally appear from learning from the data without any additional physical restrictions. In addition, the
radar chart presented in Fig. 3 shows that the proposed approach produces the highest interpretabil-
ity score (0.95) together with relatively high computational efficiency score (0.60). This combination
shows that there is an increase in forecasting accuracy along with more transparent models without
high computation costs, thus the approach is highly suitable for forecasting applications. However,
there are some drawbacks that need to be addressed. First of all, the effectiveness of the suggested
architecture was analyzed by applying it to the dataset of one weather station; thus, the applicability
of the framework in various climates has not been tested yet. Second, the current paper considers
only the problem of temperature forecasting, while an analysis of the architecture’s ability to forecast
several meteorological parameters simultaneously will help to evaluate its effectiveness more accurately.
Finally, no additional spatial information, such as data of other nearby weather stations or gridded
reanalysis data, is taken into account in order to capture more complex atmospheric processes. Future
research will be aimed at testing the suggested architecture with regard to multi-station and multi-
regional datasets, implementing a method of probabilistic forecasting, and integrating physics-aware
constraints in the process of the attention mechanism implementation.

5 Conclusion

This research presented a novel Hybrid Attention mechanism for short-term multivariate weather
prediction using CNN, feature-level attention, BiLSTM, and temporal attention in one single end-
to-end model. In experiments on the Jena Climate dataset, considering six prediction horizons, the
results demonstrated the superiority of the proposed model compared with ten state-of-the-art models,
where it achieved the highest accuracy (MAE=1.62, RMSE=2.23, and MAPE=5.97%), and statistical
significance tests proved that the gains are significant (p<0.0001). Also, the ablation study proved
the benefits of using both feature-level and temporal attention mechanisms to enhance the accuracy
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of predictions, and the attention analysis helped to get insight into the model decision process. The
results show that the proposed approach is an accurate and explainable solution for short-term weather
prediction. In future works, the proposed model will be used for multi-station datasets, probabilistic
prediction, and physics-informed attention.

Data Availability Statement

The data used in this study are publicly available. The Jena Climate Dataset was collected by the
Max Planck Institute for Biogeochemistry, Jena, Germany, and is freely accessible through the follow-
ing sources: Primary source (Kaggle): https://www.kaggle.com/datasets/mnassrib/jena-climate
TensorFlow tutorial mirror: https://storage.googleapis.com/tensorflow/tf-keras-datasets/
jena_climate_2009_2016.csv.zip Original source: https://www.bgc-jena.mpg.de/wetter/
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