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Abstract—Rainfall prediction is essential in various domains
involving agriculture, water resource management, irrigation
planning, and disaster preparedness measures. The accuracy
of rainfall forecast is vital, especially for tropical countries due
to the complexity of weather patterns near the equator. In this
study, we explore the application of neural networks techniques
to predict precipitation distribution in Penang Island, Malaysia.
The temporal intricacies and unique segmentation within time-
series data make machine-learning approaches such as Long
Short-Term Memory (LSTM) stand out among other methods.
The research attempts to evaluate the performance of various
neural networks techniques focusing on traditional non-LSTM
and variation of LSTM methods including Vanilla LSTM, Bidi-
rectional LSTM, Stacked LSTM, CNN-LSTM, RNN-LSTM,
Attention-LSTM and Transformer-LSTM in predicting uni-
variate rainfall data aggregated by month. The results reveal
that traditional methods such as RNN and GRU performed
better across all metrics compared to more complex archi-
tecture of hybridized LSTM. Vanilla LSTM showed a stable
results proving its capability as a strong baseline model. The
research emphasizes the importance of model generalization
and model selection suitable that align with data characteristics,
particularly in improving decision-making links to agricultural
planning and disaster mitigation.

Index Terms—Rainfall, Prediction, Neural Network, Time-
Series, LSTM.

I. INTRODUCTION

THE study on climate has been around for years. Climate
change, such as the shift in temperature and weather

patterns, continues to increase day by day. For countries
near the equatorial region, phenomena such as El Niño
intensify prolonged hot and dry weather. These extreme
weather conditions are associated with higher temperatures,
less precipitation, an increase in the risk of fires, haze, and
drought [1]. This condition has caused the water level for
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domestic and agricultural use to reach a critical level, drop-
ping drastically from its normal level and leading to a severe
water crisis. The severe impact is visible in the reduction in
crop production due to the significant loss of water supply for
farm irrigation [2]. The Malaysia Meteorological Department
(MetMalaysia) reported that rainfall in Peninsular Malaysia
will be below average even during the monsoon season in
2024 due to the El Niño phenomenon [3].

Precipitation is a vital element of the hydrological cycle as
its profound impacts numerous spheres of human life. Precise
rainfall forecasting is indispensable for systematic allocation
of water resources in domestic, agricultural and industrial
settings. The distribution of rainfall may vary depending on
the season, annual phenomena and the location around the
globe. Thus, developing predictive models plays an important
role in interpreting the complex elements in climate circu-
lation. Precipitation forecasting involves various techniques
ranging from the traditional statistical approach to advanced
machine learning and deep learning methods. Numerical
approaches such as regression algorithms combined with
meteorological data are commonly utilized in simulating and
predicting weather patterns. However, the non-linear nature
and irregular patterns of time-series data limit the ability
of the statistical model to achieve prediction with higher
precision [4][5].

On the other hand, time series analysis offers a compatible
approach by leveraging historical rainfall data to identify
patterns and trends. Time series prediction analyses historical
data in chronological order to estimate the underlying tem-
poral data processes and predict future data characteristics.
Theoretically, this analysis method can be defined as the
sequence of vectors, x(t), t = 0, 1, . . . , n where the values x
deviates continuously within timesteps (denoted as t), for any
given system [6]. Among the various time series techniques,
neural network models have demonstrated remarkable per-
formance in predicting the values of up to the present time
highlighting its capabilities in handling sequential data and
capturing long-term dependencies [6].

Other key traits of time series analysis compared to the
other existing approaches are spatiotemporal dependencies,
probabilistic model and discrete output distribution [7]. The
heavy reliance on spatiotemporal features such as the location
conditions in rainfall forecasting is very challenging due to
its high degree of uncertainty. Probabilistic models such as
neural networks can capture the learning latent features and
their dependencies which lead to more accurate predictions
while producing a discrete output [7]. Discrete distribution
refers predefined of categories in the prediction model instead
of providing continuous numerical values.

The term neural network is coined by scientists and
engineers who aim to synthesis artificial brain power by
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mimicking the biological brain [8]. The pattern recognition,
data analysis, and control provided by this technique are very
notable in solving practical problems [9]. The neural network
approach serves as the foundation for the LSTM network and
its variations, enabling the processing of sequential data and
time series forecasting. The traditional approach of neural
networks often struggle with vanishing problems when pro-
cessing data with sequential dependencies. LSTMs address
this shortcoming by introducing memory cells and gating
mechanisms that moderate the flow of data by allowing
the retention of temporal dependencies over a prolonged
sequence [10]. Variation of LSTMs, such as stacked LSTM,
Bidirectional LSTM (BiLSTM) and Attention-based LSTMs,
further enhanced the performance of handling complex se-
quential data by achieving higher accuracy in applications
such as rainfall prediction, speech recognition, and financial
analysis.

II. RELATED WORK

In predicting rainfall, extensive data sets and expert knowl-
edge are needed, especially in calibrating and validating
models. The advancement of prediction models utilizing
LSTM methods shows promising results. A study based in
Bangladesh uses LSTM approach to predict the rainfall while
accounting the butterfly effect -also known as chaos- together
with weighted features [11]. The studies show prominent re-
sults when compared to traditional machine learning methods
like K-Nearest Neighbor (KNN), Logistic Regression, Sup-
port Vector Machine (SVM), Random Forest, Naı̈ve-bayes
and traditional neural network. The designed two layers of
the LSTM with Principal Component Analysis (PCA) model
able to achieve 97.14% in accuracy while neural network
and K-Nearest Neighbor (KNN) achieved 76.9% and 76.8%
in accuracy respectively. Endalie at al. [12] proposed LSTM-
based rainfall prediction model in Ethiopia. The study shows
that the proposed method outperformed other approaches
used such as KNN, SVM, Decision Tree (DT) and Multi-
Layer Perceptron (MLP) in estimating rainfall in 60 days.
The LSTM-based networks achieved 99.72% in accuracy and
outperformed other machine learning methods in RMSE with
0.010 while KNN, SVM, DT, and MLP scores reduced by
4.5%, 3.6%, 7.4% and 2% respectively.

Ebtehaj and Bonakdari [13] compare the performance of
CNN and LSTM in predicting hourly rainfall intensity based
in Canada. The prediction measures the level of precipitation
in from one to six hours and classifies the intensities as
slight, moderate, heavy and very heavy. The outcome of
the study shows that LSTM performed better than CNN
for minor and high-intensity events, whereas CNN showed
superior performance in major precipitation events with
shorter lead time. The study highlights the effectiveness of
LSTM performance in long-term forecast while CNN excels
in short-term predictions.

A study using the hybrid algorithm of CNN-LSTM to
predict rainfall for crop harvesting also highlights the prac-
ticality of neural networks variation [14]. The study com-
pared the performance of CNN-LSTM and other existing
machine learning approaches such as Linear Regression,
Logistics Regression and KKN. The outcomes illustrate that
the proposed method of CNN-LSTM with First order op-
timization algorithms outperformed the traditional methods

across different metrics. Aderyani et al. [15] performed a
prediction on short-term precipitation to test the efficiency of
three different methods namely particle swamp optimization-
support vector machine (PSO-SVM), LSTM and CNN. The
experiment ensuing that PSO-SVM and LSTM are more
suitable in predicting rainfall compared to CNN, especially in
15 and 5 minutes ahead rainfall depth forecast respectively.
The research suggests that the result may change depending
on the forecast’s model lead time.

A comparative analysis was also conducted using ma-
chine learning algorithms on time-series rainfall data [16].
Five different methods were used in the analysis which
are LSTM, Stacked LSTM, Bidirectional-LSTM, XGBoost,
and the ensemble of Gradient boosting Regressor, Linear
Support Regression and Extra-trees Regressor to predict
hourly rainfall volume. The result shows that Bidirectional-
LSTM and Stacked-LSTM performed neck and neck when
predicting the data. The study notes that LSTM networks
with fewer hidden layers performed better compared to other
methods tested in the similar experimental settings. Tao et al.
[17] proposed to improve the accuracy of rainfall prediction
by experimenting with multiscale LSTM. The research com-
pared the performance of multiscale LSTM and multiscale
LSTM with attention mechanism to forecast precipitation in
monthly duration. The study shows that multiscale LSTM
and multiscale LSTM with attention mechanism improve
the accuracy of prediction significantly compared to using
Vanilla LSTM. The addition of attention mechanism to
multiscale LSTM algorithms provides the best prediction
performance among all the other models.

A study tested the performance of data-driven machine
learning approaches in predicting rainfall by feeding 41 years
of monthly precipitation data into the prediction model [18].
The research compares the performance of Transformer-
based Deep Learning algorithm, RNN, LSTM and Gated
Recurrent Unit (GRU) in forecasting the long sequence
of data. Result shows that Transformer-based architecture
performed the best with minor prediction errors when tested
by using Diebold-Mariano test. This study highlights the su-
periority of transformer models in processing data parallelly
while demonstrating the faster and efficient large datasets
handling. A study on the impact of temperature variation on
rainfall patterns utilizing five machine- learning highlights
the capability of LSTM architecture [6]. This study considers
multivariate input data such as rainfall, temperature, humid-
ity, surface pressure, wind direction and wind speed. Among
other algorithms, Recurrent Neural Network (RNN) with
LSTM demonstrates great capabilities in prediction studies.
The previous study shows that LSTM algorithms have the
potential to produce great accuracy models, especially in
predicting rainfall. This study aims to compare the LSTM-
based architecture to uncover which approaches best suit the
nature of time-series prediction of rainfall.

III. METHODOLOGY

The most common neural network model used for predic-
tion is the Recurrent Neural Network (RNN) model. RNN
is widely used in research of time-series data as the cells
of RNN can capture the dependencies that exist in the
data element which are stored in succession by integrating
hidden states while maintaining the relationship between
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Figure 1: A Simple LSTM Architecture

previous and current data [18]. However, RNN architecture
has its limitations, often known as the gradient vanishing and
exploding problem, which makes this method unable to learn
and make long-term predictions [19]. Improved versions of
RNN models, the Long Short-Term Memory (LSTM) was
introduced to mainly overcome these issues [20].

A. Long Short-Term Memory (LSTM)

LSTM is a modified version of RNN that specializes in
sequential learning tasks [21] such as speech recognition and
weather prediction. LSTM can learn long-term dependencies
and overcome the gradient vanishing and exploding problem
due to the long series of training processes [22]. LSTM is
made up of three layers: the input layer, the hidden layer(s)
and the output layer. In the hidden layer or memory cell,
four different neural network layers can be found which
include the cell state, input gate, forget gate and output gate.
The forget gate functionality is to remove information from
the cell state while the input gate is specified for adding
information to the cell state. The information in the cell state
is then used as the output of this approach [23]. The changes
in the cell state vector circulated iteratively to capture the
long-term dependencies which RNN lacks [10].

The forget gate of LSTM is designed to be selective and
only forget the information from the previous timestep, t-
1 that is considered unimportant. The input gate stores new
information in the cell state at the current time (denoted as t)
while the output gate filters the information in the cell state
and produces the model’s output. Formulation of the forget
gate, input gate and output gate are defined in Eq. (1), where
is the weight and is the bias matrix.

Forget gate, ft = σ (Wf · [ht−1, xt] + bf )

Input gate, it = σ (Wi · [ht−1, xt] + bi) (1)
Output gate, ot = σ (Wo · [ht−1, xt] + bo)

B. Bidirectional Long Short-Term Memory (BiLSTM)

LSTM architecture processes data in a single forward
direction, normally from the past to the future. In anticipating
an upcoming element in the sequence, it can only access
the data based on the previous context. Bidirectional LSTM
(Bi-LSTM) is an improved version of the LSTM network

that processes data bidirectionally, in forward and reverse
routes. Bi-LSTM is programmed to precisely identify and
extract more time dependencies compared to the unidirec-
tional LSTM [24]. The structure of this architecture allows
the information to flow forward to discover pattern variation
in the system and flow backwards for smooth prediction [10].
This variation of LSTM can manage spatial, temporal and
incomplete data due to its flexible connection in the cell state
vector [24].

C. Stacked Long Short-Term Memory (Stacked LSTM)

The stacked LSTM approach is constructed using two or
more LSTM structures built together as hidden layers. These
stacked layers can provide better performance and represent
an elevated level of time-series analysis compared to LSTM
networks in some applications [27]. The structure of stacked
LSTM is especially helpful for long-term sequence forecast-
ing and feature extraction due to its complex structure allow-
ing adequate representation of temporal dependencies and
historical patterns in data [28]. The multiple stacked layers
can be applied in financial forecasting, rainfall prediction and
speech recognition [28].

D. Convolutional Neural Network Long Short-Term Memory
(CNN-LSTM)

CNN-LSTM combines Convolutional Neural Network
(CNN) and LSTM architecture. A traditional CNN algorithm
is designed to process data in a structural grid like images
[12]. A simple CNN structure comprises a convolutional
layer, a pooling layer and fully connected layers [10]. The
CNN model constructed multiple strainers capable of extract-
ing hidden features by pooling input data and performing
layer-by-layer convolution [26][4]. The merger of CNN
and LSTM layers allows for accurate spatial and temporal
prediction where the CNN part of the model extracts spatial
features from datasets [28] and LSTM handles temporal
dependencies.

E. Recurrent Neural Network Long Short-Term Memory
(RNN-LSTM)

The RNN-LSTM approach is a type of neural network
designed to process sequential data while capturing both
short-term dependencies from RNN [17][29] and long-term
dependencies of LSTM [22]. Conventional RNNs are often
facing challenges of vanishing gradient which limit their
capacity to retain extended sequence. The hybridization of
this technique addresses the issue by ensuring precise control
of information flow through the gated mechanism in LSTM
(refer to Fig. 1).

F. Attention Long Short-Term Memory (Attention-LSTM)

The Attention-LSTM network is an integration of LSTM
and attention mechanism which boosts the model’s capacity
to focus on the most relevant part of sequential data. LSTMs
are excellence in capturing long-term dependences; however,
they often struggle to retain the important information as
the sequence gets longer [16]. The attention mechanism
addresses the limitation by assigning varying importance
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Figure 2: Neural network methods used in this study

weights to different timesteps, allowing the model to pri-
oritize the most relevant inputs and reduce the influence of
the less significant one [16][25]. This hybridization let LSTM
tackle temporal dependencies while attention layer computes
the weightage of the output. This architecture is applicable
in stock market forecasting, rainfall prediction, and machine
translation [16].

G. Transformer Long Short-Term Memory (Transformer-
LSTM)

The Transformer-LSTM is a hybrid architecture that
merges Transformer model with LSTM to enhance the
processing of sequential data. While LSTM are excelled
at capturing long-term dependencies, handling a very long
sequence can be a challenge due to limitation in memory
retention [17]. On the contrary, Transformer model utilizes
self-attention mechanism allowing them to acquire efficient
global dependencies without relying on the sequential com-
putation [17]. The integration of both methods benefited
from the self-attention in learning long-range dependencies
by Transformer layers and processing sequential patterns
offered by LSTM networks. The combination of approaches
is especially practical in forecasting trends that emphasize
both local and global dependencies.

IV. DATASET DESCRIPTION AND EXPERIMENTAL
SETTING

The dataset used in this study is the precipitation-corrected
daily data (mm/day) from January 1st, 1994, until December
31st, 2023, with 10,957 readings. The dataset downloaded
was based on Modern-Era Retrospective analysis for Re-
search and Applications, Version 2 (MERRA-2) dataset
pinpointed on Fig 3 which is Penang Island, Malaysia
(Latitude 5.353, Longitude 100.2702) at an average elevation
point of 9.27 meters. This dataset can be accessed from
NASA Prediction of Worldwide Energy Resources or the
NASA POWER project (https://power.larc.nasa.gov/). The
precipitation dataset is loaded into the Python environment
where the data frame is converted into a time series object
with a cycle set aggregated into monthly value, plotted in
Fig 4.

Based on the dataset, the average reading of the rain-
fall is 6.459865 with a standard deviation of 8.377298.
The minimum rainfall with the value of 0.00 indicates no
rain while the maximum reading is at 132.35 dated 27th
November 2023. The dataset revealed that the highest rainfall
recorded is past the middle of the year, around June to August
scattered throughout the 20 years. The record also uncovers
that the dry season for this region starts from November up

Figure 3: Penang Island, Malaysia

to March with occasional rainfall in between. The difference
between the highest and the lowest recorded rainfall is very
big due to seasonal occurrences such as the Southwest and
Northeast monsoon. Even though the data shows fluctuation
in the rainfall distribution, the overall reading shows that
there is an increase in precipitation records throughout two
decades.

Modelling the rainfall time series dataset is done in three
stages: data preprocessing, model construction and model
evaluation. In the stage before prediction, the data is split
into two parts following the timeframe: 80% of the data
is for the training set while the remaining 20% is for the
testing dataset. The starting date is 1994-01-01, split on
2017-12-31 and ended on 2023-12-31 which makes the
training set have 8766 readings while the testing set has 2192
readings. The training dataset was used to train and construct
the model. The input data undergoes normalization process
using MinMaxScalar before training in the models. In the
second stage, all methods models implemented. LSTM-based
deep learning method has a high reputation for achieving
significant results in time series prediction compared to other
approaches. Therefore, the Vanilla LSTM is chosen as the
baseline performance comparison with the models.

The experimental setting for all the prediction method
were performed with 3.30 GHz AMD Ryzen 5 5600H with
Radeon Graphics processor, 8 GB DDR RAM, 500 GB
of SSD and Windows 11. The prediction was implemented
using Python 3.9.7, Tensorflow 2.16.1, Keras 3.0, and Scikit
Learn library version 0.22.1.

The model parameters should be adjusted to fit the dataset
used and accomplish accurate prediction. For simplicity
purposes, the LSTM and Bi-LSTM model has only two
hidden layers: the first layer with 100 nodes and the second
layer with 50 nodes. The Stacked LSTM was assigned with
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Figure 4: Monthly precipitation data from 1994-2023

an extra layer of LSTM with 25 nodes. The dropout was
set to 0.2 for the first layer to prevent overfitting. CNN-
LSTM consists of a convolutional layer with 64 filters and
two kernel sizes, followed by max pooling layer size two.
Then, the subsequent layers in this model combination are
three LSTM layers like the base model. RNN-LSTM has
four hidden layers with the first layer being on the recurrent
part of the model. The SimpleRNN layer was tuned with
64 nodes while the second, third and fourth layers are the
LSTM layers following similar settings to the base model.
The Attention-LSTM and Transformer-LSTM have the same
hidden units as the base model with the addition of three
attention mechanisms and four heads respectively.

All models were trained with 100 epoch and 5 iterations
with a default batch size of 32 using the adaptive movement
estimation (Adam) optimizer. The models adopt MAE as the
loss function while setting the sliding window size to 30
with a 0.001 learning rate. In ensuring smooth and non-
linear activation, we utilized the hyperbolic tangent (tanh)
function for all models. Finally, in the evaluation of the
performance of the prediction models the following metrics:
root mean square error (RMSE), mean square error (MSE),
mean absolute error (MAE), the coefficient of determination
(R2) and mean absolute percentage error (MAPE).

MSE is a common loss function used in regression models
including LSTM where it measures the difference between
predictions and the actual values [31]. The loss error was also
measured by MSE in this experiment. RMSE is a variation
of MSE which is associated with the difference between
model outputs and the observation [32]. MAE measures the
average difference between the results and actual data while
MAPE showcases the precision of prediction for any model
type [32]. The coefficient of determination, measures the
degrees of prediction models correspond to the observed
values where the values are bounded by 1, indicating 1 is
the perfect fit model. The values of MSE, MAE, RMSE and
MAPE indicate that the smallest and closer the values to zero
represent higher model accuracy. The equations are defined
as follows:

MSE =
1

n

n

i=1

(yi − ŷi)
2 (2)

RMSE =

 1

n

n

i=1

(yi − ŷi)2 (3)

MAE =
1

n

n

i=1

|yi − ŷi| (4)

R2 = 1−
n

i=1(yi − ŷi)
2

n
i=1(yi − ȳ)2

(5)

MAPE =
100%

n

n

i=1


yi − ŷi

yi

 (6)

Accuracy = 100−MAPE (7)

where are the actual values, are the predicted values,
indicates the mean of actual values and is number of ob-
servations. The experiment also measures the accuracy of
prediction using Eq.(7). In this study, the baseline model cho-
sen is the Vanilla LSTM due to its outstanding effectiveness
in sequential data modeling. Several non-LSTM techniques
will be incorporated to better understand the performance
differences across different models types.

V. RESULT AND DISCUSSION

The experiment compared the results between all
the forecasting approaches, namely Vanilla LSTM, BiL-
STM, Stacked LSTM, CNN-LSTM, RNN-LSTM, Attention-
LSTM, Transformer-LSTM with several non-LSTM archi-
tectures such as CNN-GRU, GRU, ANN, CNN and RNN
to showcase their performance in forecasting rainfall. In
this section, we will include the discussion of training loss
analysis over epochs, training time comparison and the
overall performance metrics. Fig. 3 illustrates the behavior
of prediction models over 100 epochs where all approaches
revealed a rapid decline in training loss in the initial stage
of epochs. This patterns indicate the effective learning in the
time series rainfall data. While most models show low and
stable loss values over the time, CNN-LSTM demonstrate
a poorer fit to the training data indicated by the higher
training loss compared to the other method. Transformer-
LSTM illustrate the highest initial loss but quickly match
the other model. Despite all the different techniques used,
majority of the models reach plateau before epoch 30 which
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Figure 5: Training Loss

Table I: Training Time and Accuracy of Prediction Model

Neural Network Accuracy Training Time (sec)
Vanilla LSTM 94.02 447.24
BiLSTM 93.32 461.99
Stacked LSTM 93.55 519.59
CNN-LSTM 89.69 590.54
RNN-LSTM 93.33 539.25
Attention-LSTM 93.18 477.43
Transformer-LSTM 91.35 584.67
CNN-GRU 91.55 190.03
GRU 94.00 542.08
ANN 92.40 29.97
CNN 92.57 69.85
RNN 94.43 74.69

indicate most learning completed in the earlier stage of
training.

The training time comparison shows the computational
efficiency of the models used and it reflects the ability of the
model to predict rainfall in real-time. The findings illustrate
that Vanilla LSTM took 447.24 seconds and BiLSTM with
461.99 seconds, the most efficient among the other LSTM
variations while maintaining strong accuracy with 94.02%
and 93.32% respectively. The fastest training time among all
the methods is by ANN with 29.97 seconds and 92.40%
of accuracy. Despite ANN is not design specifically for
sequential data, allowing the feedforward network to work
on the recent historical values by transforming the the nature
of data into a fixed-size input vector allow it to forecast the
temporal dependencies [33].

GRU take the longest to train with 542.67 seconds com-
pered to the other non-LSTM approach while achieving
the third highest accuracy of 94% after RNN and Vanilla
LSTM as the baseline model. CNN-LSTM performed poorly
despite having the longest training time with accuracy of
89.69% implying that the convolutional layers were ineffec-
tive in capturing the precipitation patterns in this dataset.

The combination of results from training time and accuracy
suggest that RNN and Vanilla LSTM are the best models for
deployment as both approaches provide highest prediction
accuracy with only 0.38% difference. While the accuracy of
RNN and Vanilla LSTM difference is not much, the time
taken to train both models differs by almost 150% with
RNN take a lot less time training the dataset. Ironically, the
hybridization of both model, RNN-LSTM take longer to train
but achieve lower accuracy in predicting rainfall. Based on
Fig. 6 - Fig. 9, we can assume that the complex architecture
does not guarantee better prediction accuracy.

The evaluation metrics were used to evaluate the prediction
performance of all methods which include RMSE, MAE, R2

and MAPE. MAPE is a percentage error, however in this
study we plot it in decimal point to ease the comparison
process as plotted in Fig. 9 and tabulated in Table II. Based
on Table II, RNN outperformed other architecture with the
lowest RMSE (0.9563) and MAE (0.2406), while achieving
the highest R2 score with 0.9504. ANN score the same R2

value as RNN with less than 0.0001 difference in RMSE
and MAE values 0.9564 and 0.9148 respectively. GRU also
performed better by achieving higher R2 value of 0.9426 and
lower RMSE (1.0282) compared to Vanilla LSTM, however,
Vanilla LSTM show better MAPE score of 59% while GRU
score 60%.

Transformer-LSTM achieved the lowest performance in
prediction process across all the metrics with the highest
RMSE (1.3786), MAE (0.5374) and the lowest R2 score
of 0.8970. CNN-LSTM followed next as the second lowest
results with RMSE of 1.3324, MAE of 0.5368, and R2

0.9037 being the second lowest. However, in term of per-
centage error, MAPE, CNN-LSTM scores the highest with
0.1031 followed by Transformer-LSTM with 0.0845 and
CNN-GRU with 0.0845. Interestingly, the complex hybrid
models such as Transformer-LSTM and CNN-LSTM did
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Figure 6: Comparison of RMSE across models

Figure 7: Comparison of MAE across models

Figure 8: Comparison of R² across models

Figure 9: Comparison of MAPE across models
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Figure 10: Training Time and Accuracy

not outperformed the basic LSTM variants which suggest
that complexity of architectural structure does not always
guarantee better results. This statement is supported by the
performance accuracy of the models which illustrated in Fig.
10 despite taking longer time in training.

Table II: Evaluation metrics for all prediction model

Neural Network RMSE MSE MAE R2 MAPE
Vanilla LSTM 1.0689 1.1530 0.3410 0.9375 0.0598
BiLSTM 1.0895 1.1942 0.3726 0.9352 0.0668
Stacked LSTM 1.1757 1.4469 0.3679 0.9216 0.0645
CNN-LSTM 1.3324 1.7764 0.5368 0.9037 0.1031
RNN-LSTM 1.1972 1.4678 0.3678 0.9205 0.0667
Attention-LSTM 1.1118 1.2509 0.3740 0.9322 0.0682
Transformer-LSTM 1.3786 1.9007 0.5374 0.8970 0.0865
CNN-GRU 1.0473 1.0984 0.3968 0.9405 0.0845
GRU 1.0282 1.0593 0.3331 0.9426 0.0600
ANN 0.9564 0.9148 0.3417 0.9504 0.0760
CNN 1.0104 1.0222 0.3926 0.9446 0.0743
RNN 0.9563 0.9145 0.2406 0.9504 0.0557

The best overall performing model is RNN attaining the
lowest RMSE, MAE and MAPE which indicate that this
model is the most consistent with least deviating predic-
tions among sequence-based models. The highest accuracy
achieved reflect to the ability to near-realistic prediction
while taking the least time in model training. We can
conclude that RNN is the most balanced model offering
a solid prediction accuracy with low error while effective
computation. ANN illustrate comparable results to RNN in
term of training efficiency and higher MAE which suggest
that this method has slightly less precision compared to
RNN considering that it is not specifically design for time-
series data. Next, GRU also achieve phenomenal results
and served as a good alternative for LSTM-like temporal

learning but with better convergence. In contrast, the vari-
ation of LSTM hybrid especially Transformer-LSTM and
CNN-LSTM, which in theory are more powerful failed to
showcase a good results due to complexity in architecture and
overfitting. Conclusively, traditional method such as RNN
and GRU are far more affective in predicting univariate
prediction that utilizes sequence data.

The study also finds that the Vanilla LSTM serves as a
strong and reliable baseline, show casting high prediction
accuracy and relatively lower computational cost. While
GRU and RNN performed better, other LSTM hybrid failed
to outperformed Vanilla LSTM to process sequential pat-
terns especially when compared in terms of error rates and
computation runtime. BiLSTM and Attention-LSTM deliv-
ered comparable results to the baseline model by capturing
the forward and backward temporal dependencies while
reinforcing LSTM variations robustness. Future works may
explore the integration of ensemble methods with LSTM
variations, application to more complex sequential datasets
and exploration of optimization methods tailored to specific
techniques.

VI. CONCLUSION

In this study, we compare the performance of several
neural networks models which include complex hybridization
of LSTM architecture and non-LSTM models while the
Vanilla LSTM model serves as the baseline model. The
models computes rainfall dataset of 30 years that aggregated
into monthly values. The experiments environment are the
same across every models and evaluated using a few criteria.
This experiment concludes that traditional methods such
as RNN and GRU can outperformed the variation LSTM
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integration in predicting sequential patterns. CNN-LSTM and
Transformer-LSTM show poor performance highlighting the
importance of selecting architectures that align with nature
of time-series data. Vanilla LSTM also showcase its poten-
tial as a strong benchmark for time-series prediction tasks.
This finding may provide an insight into improving neural
network-based forecasting model to ensure more reliable
prediction systems.
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