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Abstract: Short-term weather forecasting refers to the prediction of meteorological conditions over a relatively short period. The
development of short-term weather forecasting is assessed as having the potential to facilitate the development of dynamic models or
methods within the local weather forecasting system. In this research, we propose the incorporation of an attention mechanism into the
encoder-decoder architecture of Recurrent Neural Network (RNN)-based models. The purpose of adding this attention mechanism is to
enable the model to acquire knowledge regarding the interdependencies among weather parameters, thereby facilitating the capture of
abrupt weather fluctuations. This research specifically focuses on the prediction of several weather parameters, including temperature,
relative humidity, and wind speed. In this study, a performance comparison was conducted among several types of RNN-based models,
namely Long Short-Term Memory (LSTM), Gated Recurrent Unit (GRU), Bidirectional LSTM (Bi-LSTM), Bidirectional GRU (Bi-GRU),
and the combination of each RNN model with an attention mechanism. The research results indicate that the model with the best
performance is the Attention GRU for temperature prediction, with an RMSE value of 0.02681. For relative humidity prediction, the
Attention Bi-LSTM performs the best with an RMSE value of 0.18343, and the Attention Bi-GRU achieves the highest performance for
wind speed prediction with an RMSE value of 0.00395. The outcomes of this investigation demonstrate the efficacy of the attention
mechanism in enhancing the accuracy of several encoder-decoder RNN models.

Keywords: Attention mechanism, Encoder-decoder architecture, Recurrent Neural Network, Short-term weather forecasting, Weather
parameters interdependencies

e Long-term weather parameter forecasting predicts weather
1. Introduction conditions from 10 to 30 days in advance.
Under the circumstances of extreme weather, the likelihood of
natural disasters escalates. Storm related disasters are among the
most frequent occurrences in Indonesia [6]. Consequently, wind
speed assumes paramount importance as a weather parameter to
forecast, aiming to alleviate the detrimental impacts of storms.
Temperature, another influential weather parameter, exerts a
profound influence on various aspects of human life, including
sustainable development, environmental protection, agriculture,
water resource management, and early weather warnings [7].
Additionally, air humidity, as a weather parameter, plays a pivotal
role in determining air quality levels [8]. Accurate information
concerning air quality becomes particularly significant in regions
susceptible to forest fires, such as Riau. Based on these
explanations, this research focuses on the prediction of weather
parameters, specifically temperature, wind speed, and air
humidity.
Weather forecasting globally predominantly relies on the
Numerical Weather Prediction (NWP) model. However, NWP is
considered to require high computational resources. Deep learning
can serve as an alternative method for weather forecasting
processes. Deep learning relies on artificial neural networks that
— Master of Computer Science, Bina Nusantara University, mimic the functioning of the human brain through interconnected

Weather parameter forecasting is the prediction of atmospheric
conditions within a specific temporal and spatial domain through
the utilization of scientific methodologies and technological
advancements [1]. Weather parameter forecasting is one type of
time series forecasting that predicts the future values of a target
y; ¢ for a given i at time t [2]. The forecast result can be a map of
a particular weather variable, a time series of one or more weather
variables at a specific location or aggregated over a region, some
aggregate statistics of a particular variable over a certain time
range, or an index of categorical warnings [3]. Methods for
weather parameter forecasting that utilize numerical models are
designed to operate at specific spatial scales depending on the
forecasted weather timeframe. These methods can be categorized
based on the forecasted weather timeframes as follows [4]:
e Short-term weather parameter forecasting predicts weather
conditions up to a maximum of 3 days in advance.
e Medium-term weather parameter forecasting predicts weather
conditions up to 10 days in advance.
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Jakarta — 11480, Indonesia artificial neurons, enabling communication between neurons [10].
’ ' Deep learning presents an alternative approach for weather
ORCID ID: 0009-0004-7793-628 forecasting tasks, exhibiting success in handling extensive datasets

such as long-term weather parameters. One of the deep learning
models, the Recurrent Neural Network (RNN), is specifically
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designed for learning time-dependent data features [3]. P. Hewage
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compared the accuracy of short- term weather forecasts derived
from the Weather Research and Forecasting (WRF) model, an
NWP model, with those obtained using the Long Short- Term
Memory (LSTM) model, an RNN variant. The results
demonstrated that LSTM-based short-term weather forecasting
exhibited improved computational efficiency and lower Mean
Squared Error (MSE) compared to WRF model forecasts [11].
Masooma A. R. S (2022) compared several RNN architectures,
including Transductive LSTM, Bi-LSTM, ConvLSTM, and
Spatial Feature Attention based LSTM. The research findings
indicated that weather forecasts were less accurate when sudden
changes occurred in weather parameters [12]. Meteorological
studies have shown that changes in weather conditions are caused
by variations in interrelated weather parameters. Accordingly, this
research proposes the use of an attention mechanism to capture
sudden weather changes by facilitating the learning of interactions
among weather parameters. The attention mechanism assigns
varying weights to input weather parameter data based on the
model’s evaluation of which weather parameters necessitate
greater focus [12]. In this research, the addition of an attention
mechanism is proposed to enhance the performance of encoder-
decoder models in RNN. The RNN models utilized in this research
include Long Short-Term Memory (LSTM), Bidirectional LSTM
(Bi-LSTM), Gated Recurrent Unit, and Bidirectional GRU (Bi-
GRU). The objective of incorporating the attention mechanism is
to enable the model to capture sudden weather changes,
considering the dynamic nature of weather data.

2. Literature Review
2.1. Related Works

In the advancement of modern weather forecasting methods,
numerous studies have been conducted concerning the
implementation of deep learning in weather prediction systems,
aiming to establish more accurate weather forecasting systems.
Several researchers have demonstrated that deep learning methods
exhibit superior performance in weather parameter prediction
compared to statistical models [13], [14]. LeeCun and Hinton also
proved that in weather forecasting models, deep learning methods
yield models with superior performance compared to machine
learning methods [15]. In their research, deep neural networks are
seen to outperform the classical Support Vector Regression Model.
The LSTM model has been deemed effective for weather
parameter forecasting. However, it has limitations in accurately
predicting weather parameters when sudden changes occur. A.R
Suleman conducted a study on short-term weather parameter
forecasting using the Spatial Feature Attention based LSTM model
[12]. The research dataset was obtained from the Saskatoon John
G. Diefenbaker Intl. Airport weather observation station, covering
the data period from January 2012 to December 2021. The dataset
includes various weather parameters such as temperature, dew
points, wind chill, relative humidity, air pressure, sea level
pressure, and wind speed. The study captured accurate spatial and
temporal relationships of multiple meteorological features to
forecast air temperature by adding a spatial feature attention
module in the decoder. This module aimed to capture spatial
features from the input sequence and detect sudden changes in
weather parameter values. The research results showed that the
attention-based LSTM outperformed the LSTM model with MSE
and MAE values of 0.0871 and 0.2317, respectively.

2.2. Recurrent Neural Network (RNN)

RNN is one type of Artificial Neural Network (ANN) whose
neurons send feedback signals to each other [18]. RNN
demonstrates the capability to learn features and long-term
dependencies from sequential and time-series data [19]. A simple
RNN consists of an input layer, a recurrent hidden layer, and an
output layer. The input layer is composed of N input units, where
the input in this layer is a sequential vector series through time
t{...,x¢_1,X¢, X1 1} where x; = (x4, Xy, ..., xy). The connection
between the input unit and the hidden unit is defined by the weight
matrix Wjy. The hidden layer comprises M hidden units h, =
(hy, hy, ..., hy), with each hidden unit being interconnected. The
hidden layer defines the ‘memory’ of the system as follows:

he = fu (01) (D
where:
0t = Wiy, + Wypn,_, + by (@)

fu () represents the activation function of the hidden layer, and by,
is the bias vector value of the hidden units. The hidden units are
connected to the output layer through weight connections denoted
by Wyo. The output layer consists of P units y; = y1,¥2, ..., Vp,
which are calculated using the following equations:

Ve = fo(Whohe + bo) 3

fo () represent the activation function of the output layer and b,
is the bias vector value of the output layer.

There are several types of RNN architectures, including: Deep
RNN, recurrent memory networks, bidirectional RNN, structurally
constrained RNN, unitary RNN, gated orthogonal recurrent unit,
multidimensional RNN, Long Short-Term Memory (LSTM),
Gated Recurrent Unit, and hierarchical subsampling RNN [19].
LSTM is a type of Recurrent Neural Network that possesses the
capability to learn long-term dependencies, thereby mitigating the
gradient vanishing issue encountered in traditional RNNs [20].
LSTM retains information over long periods of time due to the
presence of inner cells, which enable the preservation and
transportation of information without altering its content [21]. The
bidirectional architecture of LSTM, known as Bi-LSTM,
represents one of the RNN models that allows for additional
training processes by traversing the input data [20]. The Bi-LSTM
architecture employs two LSTM models applied to the input data.
In the first stage, an LSTM is applied to the input sequence
(feedback layer), and then, in the second stage, the reverse form of
the input data is fed into another LSTM (backward layer). Another
architecture of Recurrent Neural Networks (RNNs) is the Gated
Recurrent Unit (GRU), which consists of gating units, without
distinct memory cells, that influence the flow of information within
the unit [19]. These gating units consist of an update gate z; and a
reset gate .. The main distinction between GRU and LSTM lies in
the fact that GRU has only two gates and lacks a cell state, which
is present in LSTM [22]. The bidirectional architecture of Gated
Recurrent Unit (GRU), known as Bi-GRU, represents another type
of Recurrent Neural Network (RNN) model consisting of two GRU
models, each processing data in both forward and backward
directions. The structure of Bi-GRU is determined by the interplay
of two unidirectional states with opposing directions [23]. One
GRU moving forward starts the process from the initial data, while
the other GRU moving backward initiates the process from the
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final data. This process enables information from both the future
and the past to influence the current state [24].

2.3. Attention Based Encoder-Decoder RNN

The attention mechanism was originally introduced in neural

machine translation systems to address challenges associated with

the encoder-decoder architecture, where the encoder compresses a

sentence into a fixed-length vector [25]. This limitation affects the

performance of neural network models when dealing with input
sequences of varying lengths, as the translation output needs to be
condensed into a fixed-length vector, regardless of the input
sequence length. To overcome this issue, an extension component
was introduced in the encoder-decoder architecture, which enables
the prediction of words based on a context vector that considers the
source data position and previously generated target words. The
attention mechanism differs from traditional encoder-decoder

architectures in that it does not translate the entire input into a

fixed-length vector. Instead, it translates the input data into a

sequence of vectors and selectively focuses on a subset of these

vectors while decoding the translation output [25]. The encoder
produces a context vector, which serves as input to the decoder.

The context vector enables the decoder to concentrate on the most

relevant information during the translation process. Each context

vector is a weighted sum of the encoder inputs, reflecting their
respective importance in generating the output. This research
utilizes a dot-product attention mechanism, which is known for its
computational efficiency achieved through highly optimized
matrix multiplication code [26]. The attention mechanism
comprises three key components: Queries (Q), Keys (K), and

Values (V). The dot product is employed to measure the similarity

between the query and key vectors. The mathematical equations

for computing these three components are as follows:

e Each query vector ¢ = s¢_q) is compared with the key
vectors in the database to compute the score value. This
comparison is accomplished through the dot product operation
between each query and key vector. Mathematically, it can be
expressed as follows:

Xk = 4 ki @

e The attention weight is obtained as the result of the score value
e(q, k;) and is then passed through the Softmax function to
obtain a normalized score value.

Aakn = Softmax(eqy,) ®)

e The context vector is then computed as the weighted sum of
the value vectors V), where each value vector is paired with
its corresponding key.

attention(q,K,V) = agxnVikn (©)

3. Data and Methods
3.1. Datasets

In this research, the historical daily weather data in Pekanbaru-
Riau, positioned at longitude 101.4190 E and latitude 0.4920 N
was utilized. The data, which consists of actual weather data
recorded from January 1, 2012, to January 1, 2022, comprises
3,654 rows. The data was sourced from the online data repository
of the Indonesia Meteorology, Climatology, and Geophysics
Agency (BMKG). Historical weather data comprises various

weather parameters, which served as inputs for different recurrent
neural network (RNN) models. The data includes the following
information: date, month, year; temperature (°C); relative humidity
(%); wind speed (™/5); and sunshine duration (hour).

3.2. Methodology

Fig. 1 illustrates the detailed workflow of the models. The model
design process begins with data collection from the online data
repository of the Indonesia Meteorology, Climatology, and
Geophysics Agency (BMKG). The subsequent steps involved
imputing missing values using the linear interpolation technique
and normalizing the data. In this research, multiple Recurrent
Neural Network (RNN)-based models were used, including Long
Short-Term Memory (LSTM), Bidirectional LSTM (Bi-LSTM),
Gated Recurrent Unit (GRU), and Bidirectional GRU (Bi-GRU),
both with and without the incorporation of an attention mechanism.
The final step of this study was to evaluate the performance of each
RNN model with an attention mechanism and compare it with
RNN models without an attention mechanism. The objective of
this research is to assess whether the attention mechanism can
improve the performance of the RNN models.

BMKG weather
datasst

mpute missing valuss

v

Data normalization

o

Sliding window
mechanism

T

Data splitting

!

Data Training and
Evzluations

Without attention mechanism

LSTM GRU LSTM ‘ GRU

Bi_LSTM Bi-GRU Bi_LSTM ‘ Bi-GRU

.

Maodel Performance
Analysis

Fig. 1. Model Workflow

3.2.1. Data Preprocessing

The missing values in the data were imputed using the linear
interpolation method in the forward direction. In this technique,
missing values were filled in by using the values that were
available in the dataset prior to the missing value. The missing
value was interpolated based on the trend or pattern observed in
the preceding values. This approach assumes a linear relationship
between consecutive data points and extends the trend to estimate
the missing value.
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Weather parameter data can exhibit varying value ranges. For
instance, temperature data may span from 25 to 30, while relative
humidity percentages may range from 51 to 98. Data normalization
is employed to standardize the data within a consistent value range,
commonly between 0 and 1. In this research, the Min-Max
normalization technique was utilized for data normalization. The
mathematical equation utilized for Min-Max normalization is
expressed as follows:

% = X = Xmin (7)
Xmax — Xmin

Where X represents the normalized training data value, X,
represents the lowest value of the training data, and x4
represents the highest value of the training data.

In this research, a sliding window size of 30 was employed to
forecast the data for the subsequent time step. Weather patterns
often exhibit short-term variations and periodicities. By using a
window size equal to the approximate number of days in a month,
it ensures the model has enough historical data to learn from. Fig.
2 provides an illustration of the sliding windows, where a sliding
window size of 30 was utilized to predict the weather parameter
value at the next 1-day time step. As demonstrated in Fig. 2, the
input features consist of a vector x; through x3, representing the
weather parameter data. These features were employed to predict
the label data at the next 1-day time step, denoted as x3;, which
corresponds to the actual unnormalized weather parameter value.

Sliding window

Label
Input feature | X1 | X2 | X3 |Xzo | X31 | *on
- @@ 5
Input feature | x| 2 | X3 Xz0 | Xa1 | Xaz2 Xn

Fig. 2. Sliding Window with the size of 30 to predict the next 1-day time
step.

In this study, four types of weather parameters, namely
temperature, relative humidity, wind speed, and sunshine duration,
were utilized. These four weather parameters were subsequently
treated as input sequences for the model. The size of a single input
sequence is represented as a vector with dimensions of S X F,
where S corresponds to the sliding window size of 30, and F
signifies the number of input features, which totals 4. The
partitioning of time series data into training, validation, and test
sets was not conducted randomly but rather based on chronological
or sequential order according to time. The dataset was divided into
proportions of 60% training data (covering the period from 2012
to early 2018), 20% validation data (spanning from 2018 to early
2020), and 20% test data (encompassing the period from 2020 to
early 2022). The training data was utilized to train multiple RNN
models with their corresponding hyperparameter values. The
performance of these RNN models was subsequently assessed
using validation data to detect any signs of overfitting. Once it was
ensured that overfitting was not present, the RNN models were
subjected to further testing using the test data. The test data was
employed to evaluate the forecasting model for weather
parameters.

3.2.2. Proposed Models
In this research, the addition of an attention mechanism to the

encoder-decoder architecture of multiple RNN models is proposed.
The objective is to enhance the model’s ability to focus on the most

relevant weather parameter information, beyond solely relying on
the last hidden state. This addition aims to improve the accuracy of
weather parameter forecasting models. The attention module was
positioned between the encoder and decoder modules of the RNN.
Its output is a context vector, enabling the decoder to concentrate
on specific segments of the input sequence during the prediction
process.

Decoder J —\ u S

weighted sum of

the vector wabst

Key, Value  emmesin

Encoder &,

j j

Fig. 3. Attentlon Mechanism

The initial step involved calculating the score or weight values,
which were scalar values. These scores were computed by taking
the dot product between each key value (representing the hidden
states of the encoder) and the query value (representing the hidden
states of the decoder). The resulting scores were then passed
through the Softmax function. In Fig. 3, the key and value values
corresponded to the encoder’s hidden states, while the query value
corresponded to the decoder’s hidden state. Subsequently, each
score value was multiplied by its corresponding value vector to
generate the context vector. This context vector combined all the
hidden states from the input, representing a weighted sum of the
value vectors.

The architecture of the attention based RNN is depicted in Fig. 4.
The input layer represents the input sequence data, which has a
length of 30 in accordance with the sliding window size. The
number of neurons in the input layer is equal to the number of input
features, which is 4 in this research. The input data was processed
through the attention-based encoder and decoder. Specifically, a
single hidden layer RNN was utilized in the encoder, while a single
hidden layer RNN was employed in the decoder. The output of the
attention-based RNN encoder-decoder is a vector with a size
corresponding to the number of hidden states. Dropout layers were
incorporated to mitigate overfitting. The output from the dense
layer was then forwarded to the output layer of the model, which
consists of a single node responsible for predicting a specific type
of weather parameter at the target time step.

Yein

Output Layer |

| Dense Layer

T

ined with Context Vectar
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10 ¥2: 73, 0, 7]

x

Attention Mechanism L

Veim =

Y

Input Layer

Fig. 4. Model Architecture
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3.2.3. Model Training

We utilized the processed dataset, which included four weather
variables as described earlier, to make predictions for temperature,
humidity, and wind speed. The attention-based encoder-decoder
recurrent neural network (RNN) received the four weather variable
sequences as input variables. Subsequently, three distinct models
were employed to predict the output variables, namely
temperature, humidity, and wind speed.

Prior to the training phase, a hyperparameter optimization process
was performed to determine the optimal combination of
hyperparameters for the RNN models. Hyperparameters play a
crucial role in determining the model’s performance. Manual
hyperparameter search is deemed inefficient due to its
computational time requirements [27]. To address this issue, this
research employed automated Hyperparameter Optimization using
the Bayesian Optimization algorithm. In particular, Bayesian
Optimization first presupposes a functional link between the values
of the hyperparameters and the loss function that needs to be
optimized [28], formulated in the following equation:

p* = argminloss(p); p € P ®)

Where P is the set of all hyperparameters, and p is the set of
hyperparameter combinations within P. p* represents the most
optimal hyperparameter combination, and loss (.) is the objective
function that needs to be optimized. The loss function used in this
research is Mean Square Error (MSE). Bayesian optimization
involves constructing a probability model, or Surrogate Model
P (y|x) of the objective function based on previous observations.

This model is utilized to identify the most optimal hyperparameter
values using the information obtained from previous observations.
Bayesian optimization builds upon Random Search optimization
by considering the evaluation of hyperparameter configurations
from the previous observations. Evaluating hyperparameter
configurations from past observations aids the search by focusing
on areas with the most promising hyperparameters value.

The hyperparameters targeted for optimization in this research
include the dimension of the RNN hidden units, dropout rate, batch
size, learning rate, and the type of model optimizer. Keras Tuner
was employed to facilitate the looping process for the exploration
of the most optimal hyperparameter values. The looping process
iterated over the predefined range of hyperparameter values until
it identified the combination that yielded the highest performance
for the RNN model. Table 1 contains the initial value and domain
space of the Hyperparameters.

The combination of hyperparameter values from each model that
yielded the smallest MSE was chosen for application in the final
model during the model training process. During the model
training process, the early stopping method was utilized with an
epoch limit set to 100 and a patience value of 5. The epoch limit
defines the maximum number of epochs allowed in the training
procedure. Additionally, the patience value represents the
maximum number of epochs permitted after observing no
improvement in the validation error.

Table 1 Domain Range of Hyperparameters

Hyperparameter
RNN Hidden Unit Dimension
Dropout Rate
Batch Size
Optimizers

Domain Space
Min Value: 32; Max Value: 64
Min Value: 0.0; Max Value: 0.3
Min Value: 32; Max Value: 64
Adam, RMSProp

3.2.4. Model Evaluation

In this study, RNN models were developed both with and without
an attention mechanism. Additionally, several RNN models
incorporating various combinations of attention mechanisms were
compared against RNN models without attention mechanisms.
This comparative analysis aims to assess whether the inclusion of
an attention mechanism enhances the performance of weather
parameter forecasting models. The performance metric used to
evaluate the model’s performance is Root Mean Square Error
(RMSE). RMSE has been utilized as a statistical metric to assess
model performance in the field of meteorology and climate
research [29]. RMSE is a performance measure that quantifies the
standard deviation of residuals, which represent the discrepancies
between predicted and observed values. By measuring the spread
of residuals around the regression line, RMSE provides insights
into the extent of model fit. The RMSE is calculated as follows:

©

Z?:1(ypred - ytest)z
n

RMSE =

Yprea Tepresents the weather parameter forecast values, which are
the outputs of the model, while Y;.¢; corresponds to the test data
values. The weather forecasting model predicts weather
parameters, including temperature, air humidity, and wind speed,
with time steps of 1, 2, and 3 days ahead. The evaluation of weather
parameter forecast outputs was performed with varying
timestamps to analyze potential performance degradation in
predicting weather parameters over extended time horizons.

4. Result and Discussion

This research proposes the addition of an attention mechanism to
several encoder-decoder RNN-based models mentioned above.
The performance of these models was evaluated using the RMSE
performance metric. LSTM, Bi-LSTM, GRU, and Bi-GRU models
were developed with and without the inclusion of the attention
mechanism. Each model was trained to predict temperature,
humidity, and wind speed. Furthermore, the models were utilized
to forecast output variables at various time steps.

4.1. Result of Hyperparameter Tuning

The values of the hyperparameters utilized in the implemented
models and the RMSE score of the validation data are presented in
Table 2. From the results of the training process, the models that
yielded the lowest RMSE values in the validation data for
temperature forecasting, relative humidity, and wind speed,
respectively, are Bi-GRU, Attention Bi-LSTM, and Bi-LSTM. The
training and validation data curve during the training process of
each model is illustrated in Fig. 5, 6, 7. The figures represent the
performance of a model during the training process. The x-axis
represents the number of epochs, while the y-axis represents the
evaluation metric used during the training process, which is Mean
Square Error (MSE). The figures show good-fit learning curves, as
identified by both the training and validation curves exhibited a
decreasing trend over the course of training iterations or epochs.
The plot of validation loss decreased to a point of stability and had
a small gap with the training loss. These conditions indicated that
the model was effectively learning and improving its performance
on the training data.
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Table 2 Hyperparameters Value and Data Validation RMSE Score

Data Validation RMSE

Output Variable Models Hyperparameters
1-day ahead 2-days ahead 3-days ahead
Attention LSTM Hidden Unit: 48; Dropout Rate: 0; Batch Size: 32; Learning Rate: 0.001; Optimizer: adam; 0.03887 0.03743 0.03754
LSTM Hidden Unit: 48; Dropout Rate: 0; Batch Size: 32; Learning Rate: 0.001; Optimizer: adam; 0.07514 0.07233 0.0723
Attention GRU Hidden Unit: 32; Dropout Rate: 0; Batch Size: 32; Learning Rate: 0.001; Optimizer: adam; 0.02845 0.02578 0.02585
GRU Hidden Unit: 32; Dropout Rate: 0.2; Batch Size: 32; Learning Rate: 0.001; Optimizer: adam; 0.39564 0.51208 0.51222
Temperature Attention Bi-LSTM Hidden Unit: 48; Dropout Rate: 0; Batch Size: 32; Learning Rate: 0.001; Optimizer: adam; 0.02609 0.02763 0.02769
Bi-LSTM Hidden Unit: 32; Dropout Rate: 0.1; Batch Size: 64; Learning Rate: 0.001; Optimizer: rmsprop; 0.51221 0.4017 0.4058
Attention Bi-GRU Hidden Unit: 32; Dropout Rate: 0; Batch Size: 32; Learning Rate: 0.01; Optimizer: adam; 0.02266 0.02107 0.02134
Bi-GRU Hidden Unit: 48; Dropout Rate: 0; Batch Size: 32; Learning Rate: 0.001; Optimizer: adam; 0.02041 0.01932 0.0193
Attention LSTM Hidden Unit: 48; Dropout Rate: 0; Batch Size: 32; Learning Rate: 0.001; Optimizer: adam; 0.40784 0.40783 0.40776
LSTM Hidden Unit: 32; Dropout Rate: 0; Batch Size: 64; Learning Rate: 0.01; Optimizer: adam; 0.53356 0.53357 0.53363
Attention GRU Hidden Unit: 48; Dropout Rate: 0; Batch Size: 32; Learning Rate: 0.001; Optimizer: adam; 0.28877 0.28887 0.28894
GRU Hidden Unit: 48; Dropout Rate: 0; Batch Size: 64; Learning Rate: 0.01; Optimizer: adam; 1.5209 1.5209 1.52082
Relative Humidity
Attention Bi-LSTM Hidden Unit: 48; Dropout Rate: 0; Batch Size: 32; Learning Rate: 0.001; Optimizer: adam; 0.16592 0.16594 0.16593
Bi-LSTM Hidden Unit: 32; Dropout Rate: 0; Batch Size: 32; Learning Rate: 0.01; Optimizer: rmsprop; 2.95698 3.01198 3.03783
Attention Bi-GRU Hidden Unit: 48; Dropout Rate: 0; Batch Size: 32; Learning Rate: 0.001; Optimizer: adam; 0.23107 0.23105 0.23119
Bi-GRU Hidden Unit: 32; Dropout Rate: 0; Batch Size: 64; Learning Rate: 0.01; Optimizer: adam; 0.48874 0.48873 0.48873
Attention LSTM Hidden Unit: 48; Dropout Rate: 0; Batch Size: 32; Learning Rate: 0.001; Optimizer: adam; 0.00848 0.0086 0.00856
LSTM Hidden Unit: 64; Dropout Rate: 0; Batch Size: 32; Learning Rate: 0.01; Optimizer: adam; 0.01069 0.01075 0.0107
Attention GRU Hidden Unit: 64; Dropout Rate: 0; Batch Size: 48; Learning Rate: 0.001; Optimizer: adam; 0.0237 0.02369 0.02369
) GRU Hidden Unit: 32; Dropout Rate: 0.2; Batch Size: 32; Learning Rate: 0.01; Optimizer: rmsprop; 0.0592 0.05923 0.05924
Windspeed Attention Bi-LSTM Hidden Unit: 32; Dropout Rate: 0; Batch Size: 16; Learning Rate: 0.01; Optimizer: adam; 0.00442 0.0044 0.00444
Bi-LSTM Hidden Unit: 48; Dropout Rate: 0; Batch Size: 64; Learning Rate: 0.01; Optimizer: adam; 0.00328 0.00336 0.00346
Attention Bi-GRU Hidden Unit: 32; Dropout Rate: 0; Batch Size: 32; Learning Rate: 0.01; Optimizer: adam; 0.00471 0.00472 0.0048
Bi-GRU Hidden Unit: 32; Dropout Rate: 0; Batch Size: 64; Learning Rate: 0.001; Optimizer: adam; 0.01873 0.01885 0.01893
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Fig. 5. Training & Validation Loss Curve of Temperature
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Fig. 6. Training & Validation Loss Curve of Relative Humidity
Forecasting using Attention Bi-LSTM Model
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Fig. 7. Training & Validation Loss Curve of Windspeed
Forecasting using Bi-LSTM Model

4.2. Testing Result of Temperature Forecasting

The performance evaluation results of the temperature forecasting
model are depicted in Fig. 8. The Attention GRU had the lowest
RMSE value in the testing phase, with an RMSE value of 0.0268.
During the training and validation processes, the Bi-GRU model
without an attention mechanism achieved the lowest RMSE value.

However, in the testing phase, the GRU model with an attention
mechanism demonstrated the smallest RMSE. These results
provide evidence that attention mechanisms enable the model to
selectively focus on important features or patterns in the data,
thereby improving its ability to generalize effectively to unseen test
data. The comparison between actual values and forecasted values
in the Attention GRU model for temperature forecasting for a 1-
day ahead timestamp is shown in Fig. 9.
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Fig. 8. Testing Results of Temperature Forecasting
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Fig. 9. Forecasted Temperature vs Actual Temperature by Attention GRU
for 1-day ahead Timestamp

4.3. Testing Result of Relative Humidity Forecasting

The performance evaluation results of the relative humidity
forecasting model are illustrated in Fig. 10. The model with the
best performance is the Attention Bi-LSTM model, with an RMSE
value of 0.1834. The Attention-based Bi-LSTM model exhibited
the lowest RMSE value during both the validation and testing data
processes, which can be attributed to the effectiveness of the
attention mechanism in capturing important pat- terns and features
within the data. The comparison between actual values and
forecasted values in the Attention Bi-LSTM model for relative
humidity prediction is shown in Fig. 11.
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Fig. 11. Forecasted Relative Humidity vs Actual Relative Humidity by
Attention Bi-LSTM for 1-day ahead Timestamp

4.4. Testing Result of Windspeed Forecasting

The performance evaluation results of the windspeed prediction
model are depicted in Fig. 12. The model with the best
performance is the Attention Bi-GRU model, with an RMSE value
0f'0.0039. The performance of the attention-based Bi-GRU model
was found to be better during the testing process compared to the
validation process. The comparison between actual values and
fore- casted values in the Attention Bi-GRU model for windspeed
prediction is depicted in Fig. 13.

Fig. 12. Testing Results of Windspeed Forecasting
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Fig. 13. Forecasted Windspeed vs Actual Windspeed by Attention Bi-
GRU for 1-day ahead Timestamp

4.5. Summary of Testing Result

Based on the results of the model evaluation, it can be
demonstrated that the incorporation of the attention mechanism
leads to improved performance of the models for all output
parameters investigated in this study. Accurate weather parameter
forecasting is facilitated by the interplay of different interrelated
meteorological input features, particularly when there is a shift in
weather patterns throughout the sequence. In the models
employed, multivariate weather variables were utilized to predict
a singular target weather variable. This enables the determination
of'the reciprocal influence and attention weight of multiple weather
variables in relation to the target variable. The incorporation of an
attention mechanism facilitates the assignment of distinct weights
to input variables, thereby identifying the specific aspects of the
input data that require emphasis in the model.

A comparison was conducted among the top three models, namely
Attention GRU, Attention Bi-LSTM, and Attention Bi-GRU. This
comparison evaluated the average RMSE values specifically for
the 1-day ahead timestamp, which has been observed to have the
lowest RMSE among the other timestamps. The comparison of the
average RMSE values for each output variable of the models is
presented in Fig. 14. From the comparison results, it was found that
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the Attention Bi-LSTM model has the lowest average RMSE value
0f'0.0767. This outcome demonstrated that the model with the best
performance is the Attention Bi-LSTM model.

Attention | Attention | Attention
Bi-GRU Bi-LSTM GRU
0.2737 0.3052
Relative 0.1834
Humidity -
Temp
0.0354 0.0421 0.0268
| I
Windspeed
0.0040 = 0.0046 = 0.0242
|
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Fig. 14. Average RMSE Comparison of Attention GRU, Attention Bi-
LSTM, and Attention Bi-GRU Models for Each Output Variable

5. Conclusion

This study demonstrated that the addition of the attention
mechanism to the encoder-decoder architecture of the RNN-based
model can effectively enhance the performance of the RNN-based
encoder-decoder model in forecasting weather parameters such as
temperature, relative humidity, and wind speed. The incorporation
of the attention mechanism provides a solution for the encoder-
decoder model by allowing it to assign weights to input sequences
without being limited to a fixed input vector length. This enables
the model to capture crucial information, particularly in cases of
sudden weather pattern changes.

In this study, the findings reveal that the RNN-based encoder-
decoder model with the attention mechanism consistently
outperforms the RNN based encoder-decoder models without the
attention mechanism. The best-performing model for temperature
forecasting is the Attention GRU, while the Attention Bi-LSTM
proves to be the most suitable model for predicting relative
humidity, and the Attention Bi-GRU is the top performing model
for wind speed prediction. These results indicate that the attention
mechanism can be integrated into various types of RNN-based
models and is not limited to a specific RNN-based architecture. As
a future research direction, integrating weather image data could
be considered to further enhance the model’s performance. The
utilization of topographic images from a specific region can
provide valuable insights into the correlation between the
geographical conditions of an area and the local weather changes.
Additionally, using longer term data can serve as an alternative
approach to improving the model’s performance.
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