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Abstract: The lunar calendar is often overlooked in time series data modelling, despite its
importance in understanding seasonal patterns as well as economic, natural phenomena, and
consumer behavior. This study aims to investigate the effectiveness of the lunar calendar in
modelling and forecasting rainfall levels using various machine learning methods. The methods
employed included Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) models to
test the accuracy of rainfall forecasts based on the lunar calendar compared to those based on the
Gregorian calendar. The results indicated that machine learning models incorporating the lunar
calendar generally provided greater accuracy in forecasting for periods of 3, 4, 6, and 12 months
compared to models using the Gregorian calendar. These findings contributed to the advancement
of forecasting techniques, machine learning, and the adaptation to non-Gregorian calendar systems,
while also opening new opportunities for further research into lunar calendar applications across
various domains.
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1. Introduction

Forecasting time series data, particularly for monthly predictions, is closely tied to the calendar
system used. Adjustments to the number of days in a month, whether in the Gregorian or Lunar
calendar, can influence the accuracy of forecast results [1,2]. Therefore, using the appropriate
calendar system for forecasting can lead to more accurate seasonal projections and monthly trends
[3]. Additionally, precise monthly forecasting aids in planning and decision-making, such as disaster
mitigation in cases of extreme rainfall [4,5]. In agriculture, accurate forecasts are especially valuable
for the early planning of planting seasons [6-8]. In environmental field, accurate forecasting is needed
to anticipate disaster such us floods and landslide [9].

The Gregorian calendar and the Lunar calendar are two of the world's most widely used
calendar systems. Each provides a unique perspective on timekeeping. Both affect how time series
data is analyzed and predicted [10]. The Gregorian calendar, which is based on the solar cycle, enables
consistent scheduling in the context of international business [11]. In contrast, the Lunar calendar,
which follows the lunar cycle, is often used to plan religious events in Asian and Middle Eastern
countries [12,13]. These calendar system differences can affect how we forecast seasonal phenomena,
such as rainfall or consumption patterns [14].

The Gregorian calendar is often used to model and forecast rainfall levels in different countries.
The use of this calendar as the basis for modeling time series data has been used for various statistical
models [15,16]. Time series models, such as ARIMA and Exponential Smoothing, are often applied
with data compiled according to the Gregorian calendar [17-19]. The forecasting time interval is
adjusted to the research needs daily, monthly, and yearly. The performance of the statistical model is
evaluated by various measures such as MAPE (Mean Absolute Percentage Error) and MSE (Mean
Square Error) [20,21].

Forecasting using the AD calendar often involves machine learning models to improve
forecasting accuracy. These machine-learning models can help identify seasonal patterns and trends
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that may not be obvious [22,23]. Models such as LSTM and Bi-LSTM are used for forecasting
according to the AD calendar [24-26]. Furthermore, the GRU and Bi-GRU models appear to correct
the LSTM model parameters for forecasting [27,28].

However, forecasting using the AD calendar often gives less accurate results because this
calendar does not always match specific seasonal patterns. One of the main causes is the
incompatibility between the annual cycle of the Gregorian calendar and the natural cycles that may
follow different patterns, such as the lunar cycle or the local climate [10]. Additionally, the A.D.
calendar may sometimes not reflect significant seasonal fluctuations [29]. Therefore, forecasting
models that rely on the AD calendar need to be adjusted or combined with other more suitable
calendars to improve the accuracy of prediction results [30].

The lunar calendar can be used for time series data modeling, but its use is still limited among
researchers. Many researchers prefer the Gregorian calendar because it is more commonly used and
supported by many analysis software [31]. Although the lunar calendar has great potential to capture
unique seasonal patterns, few have explored its advantages yet [32]. Further research is needed to
develop better methods of using the lunar calendar. Thus, the lunar calendar could become a more
popular tool in time series data analysis.

Using lunar calendars in various software such as R is still limited. Currently, there is no custom
conversion for the month calendar like the one on the Gregorian calendar [33]. This limitation makes
data analysis using a lunar calendar more complicated. Users must perform manual conversions or
use additional plans to support monthly calendar-based analysis. The development of the automatic
conversion feature of the month calendar in R software is urgently needed to make it easier to forecast
time series data.

Machine learning methods for forecasting have not been widely used in the lunar calendar. Most
research and machine-learning applications still focus on the Gregorian calendar [34-36]. The lack of
datasets that support the lunar calendar is one of the main obstacles. In addition, existing machine
learning algorithms have not been fully adapted for conversion to the lunar month. Therefore, more
research is needed to develop more effective methods in lunar calendar-based forecasting.

The urgency of this research stems from the need to enhance the accuracy of rainfall forecasting,
which can serve a wide array of purposes, including flood prediction, disaster mitigation, and more.
To address precipitation forecasting while considering the lunar calendar, we propose machine
learning-based solutions that integrate historical precipitation data with lunar calendar information
to improve forecast accuracy. The goal of this research is to model and predict rainfall rates using
various machine learning models based on the lunar calendar, and to compare these results with
forecasts generated using the Gregorian calendar.

2. Materials and Methods

The techniques employed for rainfall prediction include Long Short-Term Memory (LSTM) and
Gated Recurrent Unit (GRU). The LSTM and GRU models used in this study include vanilla LSTM
and GRU, 2-stacked-LSTM and 2-stacked-GRU, dual-directional LSTM and two-directional GRU,
and 2-stacked-biLSTM and 2-stacked-biGRU.

The difference between LSTM and GRU was in the number of gates and memory cells. In LSTM,
the number of gates was three, and the number of memory cells was two. On the other hand, GRU
had two gates and one memory cell. BILSTM was similar to LSTM in terms of the number of gates
and memory cells, but it had two processes, forward and backward. BiGRU was also similar to GRU,
but had two directional processes, forward and backward. Stacked BiLSTM and Stacked BiGRU
involved a concatenation process within their architectures.

2.1. Long Short-Term Memory (LSTM)

Long Short-Term Memory, or LSTM network was an extension of Recurrent Neural Networks
(RNN) originally introduced by [37]. RNNs had a recurrent mechanism that flows through its layers
in a recursive way, enabling it to retain information across time steps. This recurrence helps RNNs retain
and utilize past information. Nevertheless, it was known that standard RNNs ware difficult to train on
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tasks with long-term temporal dependencies [38]. This is where LSTM comes to play, as LSTM are
designed in such a way that they can keep long term dependencies and efficiently store information in
memory [37-39]. LSTMs solve the vanishing and exploding gradient problems, making learning in RNN
when dealing with long sequences much easier [40,41]. LSTMs were built with a memory cell, containing
three key elements: the forget gate, the input gate and the output gate, as illustrated in Figure 1.
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The forget gate equation governs how much of the previous cell state should be discarded:
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Figure 1. LSTM Structure [40].

1. Forgate Gate

Where,
O : Sigmoid activation function

/,: Forget gate that determines the extent to which previous cell state information should be
forgotten,

W : Weight matrix for the forget gate,
b, :Bias for the forget gate,
/’lt_1 : Hidden state from the previous time step,
X, :Input at time (normalized rainfall data).
2. Input Gate

The input gate equation determines how much new information should be added to the cell state:
i =o(W.[h,%]+b) @

Where,

i, : Input gate controlling the amount of new information to be stored in the cell state.
W : Weight matrix for the input gate.

b, : Bias for the input gate.

The new candidate information to be added to the cell state is computed as:

¢ =tanh(W,.[h_,5%]+b,) 3)

t—1>""
Where,
¢, :Candidate cell state, representing new information to be added to the current cell state
W, :Weight matrix for updating the cell state.
b, :Bias for updating the cell state.
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tanh: Hyperbolic tangent activation function.
3. Cell State

The cell state is updated by combining the information retained by the forget gate and the new
information provided by the input gate:

=fica i g (4)

Where,
¢,_, : Previous cell state.

¢, :Updated cell state at time

t
4.  Output gate

The output gate equation determines how much of the updated cell state should contribute to
the new hidden state:
=o(W,[h_.%]+b,) 5)
Where,
W :Weight matrix for the output gate,

b, :Bias for the output gate,

5. Hidden State.
The hidden state is computed using the output gate and the updated cell state:

h, = o,.tanh (c,) (6)

2.2. Gated Recurrent Unit (GRU)

Gated Recurrent Unit, or GRU was a recent development type of RNN architecture, designed to be
a more straightforward alternative to the LSTM [42]. GRU also aimed to solve the vanishing gradient
problem and handling long-term dependencies in sequential data [43]. Although developed from LSTM,
its calculation was considered more efficient because GRU has a simpler structure and fewer parameters
[44]. Unlike LSTM which had separate memory cells and gates, GRU integrates the forget and input gate
into the update gate, simplifying the architecture to reduce the number of parameters [42,43]. GRU
employed only two gates: update gate and reset gate. GRU had a reset gate that determines how much of
the hidden state should be considered [45]. This simpler structure enabled GRU to perform well in tasks
requiring shorter sequences while remaining robust to longer sequences [46]. Figure 2 depicts the
architecture of a GRU, stressing the significant distinctions from LSTM. GRU had been used successfully
for machine translation, speech recognition, and other time-series applications [47—49].
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Figure 2. GRU Structure [40].

2.3. Stacked LSTM and GRU
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Stacked LSTM and GRU architectures ware more sophisticated variants of the LSTM and GRU
architectures, where multiple LSTM or GRU layers ware arranged in sequence to improve the
model’s capacity for detecting complex patterns in the data and boosting prediction accuracy [40,50].
The layers integrated the benefits of a single LSTM or GRU layer. In the lower layers, multiple LSTMs
or GRUs were stacked to capture short-term dependencies and extract features that reflect the various
sources of variance in the input data. These extracted representations were then merged in the higher
layers that can capture long-term dependencies [49]. In stacked LSTM and GRU models, the input
for the intermediate layer was determined by the computations performed in the preceding layer.
Stacking can be accomplished through combining two or more layers. Stacking can be 2-stacked (two
levels) or 3-stacked (three levels). Figure 3 displays the structure of stacked LSTM.

Figure 3. Architecture of Stacked LSTM [40].

2.4. (Stacked) Bidirectional LSTM and (Stacked) Bidirectional GRU

Bidirectional LSTM and Bidirectional GRU network processed the input data in both forward
and backward directions by looking at the inputs of future and past context states which offers a
more holistic understanding [51,52]. Two separate hidden layers were used in bidirectional models;
one was for processing the input forwards, and another one to process it backwards. This method
enabled the model to learn dependencies between time steps in both directions. Figure 4 shows the
architecture of the BILSTM network.

Figure 4. Architecture of BiLSTM [40].

During the calculation, bidirectional LSTM and GRU would generate two h, values: (he) for
the forward direction and m for the backward direction [53]. These two vectors were usually
added or concatenated to obtain the final hidden state. To increase their capacity and performance,
bidirectional models can also be stacked, as illustrated in Figure 5 showing a stacked bidirectional
LSTM network [54,55].
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Figure 5. Architecture of Stacked BiLSTM.

2.5. Preprocessing Data

Data pre-processing was used to improve data processing performance and reduce errors,
ensuring high-quality data for the prediction process. The initial step in the data pre-processing
procedure was data cleaning, which entails filtering the data to enhance its quality.

In addition, the second procedure involved the sharing or splitting of data by dividing it into
training and testing data. Training data was utilized to train models, whilst test data is employed to
assess the selection of model architecture with the optimal parameters. The study utilized a total of
286 data points for the lunar calendar and 273 data points for the Gregorian calendar. These data
points would be categorized into estimated durations of 3, 6, 12, 18, and 24 months.

The third phase involved normalizing the data through the utilization of a scaling or mapping
technique. Min-max normalization was a technique employed in the data normalizing process. The
process of data normalization would generate values ranging from 0 to 1. The equations employed
in data normalization are as follows:

- Zi—Fmi .
Fnormi = 5 {=1,2,3,..,t %
Xmax—Xmin
and data denormalization is
T N ~ ~
X=X (xmax - xmin) + Xmin ®)
where X;,5,; Was the normalized value of ranifall data, x4, is the maximum value of the entire
rainfall data, and x,,;, was the threshold of the entire rainfall data data.

3. Results

3.1. Calendar Conversion Results

Rainfall data was obtained from Bogor city which was one of the big city of Indonesia. Bogor
was selected as place for rainfall data collection because it was called as a rain city. Rainfall in Bogor
city can be an indicator of flooding for Indonesia capital city, Jakarta. Figure 6 shows Bogor city which
was located in West Java, Indonesia.
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INDONESIA

BOGOR

Figure 6. Bogor maps where the rainfall data was collected.

The rainfall daily data was collected from Bogor and was converted to monthly data in two types
of calendars, Gregorian and Lunar calendar. The daily data was converted to monthly data to catch
the seasonal pattern.

Table 1 displayed the outcomes of the conversion from rainfall daily data to the Gregorian
calendar to the Lunar calendar. During the 22-year observation period, the Gregorian calendar
consists of 273 months, whereas the Lunar calendar consists of 286 months.

Table 1. Calendar Conversion Results.

Month-Year Monthly rainfall Month-Year Monthly rainfall
Gregorian (mmHg) Lunar (mmHg)

Apr-00 449 Dhul Hijri 1420 84
May-00 339 Muharram 1420 493
Jun-00 295 Safar 1420 263

Jul-00 376 Rabi Ul-Awal 1420 348
Sep-22 250.7 Safar 1444 444.7
Oct-22 505.3 Rabi Ul-Awal 1444 334.1
Nov-22 299.2 Rabi Al-Akbar 1444 303.4
Dec-22 428.7 Jumadil Awal 1444 198.6

After converting daily data to both the Gregorian and Lunar calendars, the time series data from
the Lunar calendar was longer than that from the Gregorian calendar. The Gregorian calendar has
365 days, while the Lunar calendar has only 355 days. This difference extends the time series data
when using the Lunar calendar.

3.2. Forecasting Result Comparison

The comparison of forecasting based on two kinds of calendar was presented in Figure 7. Based
on Figure 7, the MAPE trend for the four methods across both calendar systems tends to increase as
the forecast length increases. Forecasts based on the lunar calendar generally had a lower MAPE than
those based on the Gregorian calendar. Specifically, the lunar calendar-based MAPE was lower at
forecast lengths of 3, 4, 6, and 12 months for the LSTM, 2-Stacked LSTM, and 2-Stacked BiLSTM
methods, as shown in Figures 7a—d.

For the BiLSTM method, at a forecast length of 12 months, the MAPE for both the lunar and
Gregorian calendars were almost identical. However, at forecast lengths of 16 and 18 months, the
lunar calendar MAPE tended to be higher than that of the Gregorian calendar for the 2-Stacked LSTM,
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BiLSTM, and 2-Stacked BiLSTM methods. Interestingly, at a forecast length of 24 months, the lunar
calendar showed a smaller MAPE.
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Figure 7. Comparison of MAPE for lunar calendar-based forecasting and Gregorian calendar for: (a)

LSTM; (b) 2-stacked LSTM; (c) BiLSTM; (d) 2-stacked BiLSTM methods.

Figure 8 compares the MAPE for forecasts using two different calendars: (a) the lunar calendar
and (b) the Gregorian calendar, across forecast lengths of 3, 4, 6, 12, 16, 18, and 24 months.
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Figure 8. Comparison of MAPE for different forecast lengths for four different LSTM methods for
forecasting based on: (a) the Lunar calendar; (b) the Gregorian calendar.
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In Figure 8a, it was shown that for a forecast length of 4 months, the MAPE produced by all four
methods was the smallest compared to other forecast lengths, while a forecast length of 24 months
results in the highest MAPE.

On the other hand, for forecasts based on the Gregorian calendar (Figure 8b), the smallest MAPE
was observed at a forecast length of 6 months for all methods, with the largest MAPE occurring at 24
months. When comparing the two calendars, the MAPE for the lunar calendar was smaller than that
for the Gregorian calendar at forecast lengths of 4 and 6 months.

Figure 9 compares the MAPE of different methods: GRU, 2-Stacked GRU, BiGRU, and 2-Stacked
BiGRU. Overall, the MAPE for the lunar calendar approach was generally smaller than that for the
Gregorian calendar. Specifically, for forecast lengths of 3, 4, and 6 months, all four methods produced
a smaller MAPE using the lunar calendar compared to the Gregorian calendar. For the BiGRU and 2-
Stacked BiGRU methods, the MAPE at a forecast length of 12 months was similar, typically ranging
between 25-30%. However, at forecast lengths of 16 and 18 months, the MAPE for the lunar calendar
was larger than that for the Gregorian calendar. Conversely, at a forecast length of 24 months, the
MAPE for the Gregorian calendar was greater than that for the lunar calendar.

=a|
% 40 %J 40
S 20 S 20
0 0
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Forecasting Horizon Forecasting Horizon
=&—Lunar =@=Gregorian —=@=—Lunar ==@=Gregorian
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Figure 9. Comparison of MAPE for lunar calendar-based forecasting and Gregorian calendar for: (a)
GRU; (b) 2-stacked GRU; (c) BiGRU; (d) 2-stacked BiGRU methods.

This comparison examines the MAPE for the lunar and Gregorian calendars across four GRU
method types: GRU, BiGRU, 2-Stacked GRU, and 2-Stacked BiGRU. As shown in Figure 10a, the
forecast length of 4 months has the smallest MAPE, around 15%, while the forecast length of 24
months produces the highest MAPE, around 35%. In contrast, for the Gregorian calendar (Figure
10b), the smallest MAPE occurs at forecast lengths of 3 and 6 months, approximately 25%, with the
largest MAPE at 24 months, exceeding 40%. Generally, the MAPE for the lunar calendar was smaller
than that of the Gregorian calendar at forecast lengths of 3, 4, 6, 12, and 24 months. However, at forecast
lengths of 16 and 18 months, the MAPE values were relatively similar between the two calendars.
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Figure 10. Comparison of MAPE for different forecast lengths for four different GRU methods for
forecasting based on: (a) the Lunar calendar; (b) the Gregorian calendar.

4. Conclusions

The MAPE trend for the four methods and two-based calendars increases with forecast length, with
lunar calendar-based forecasting generally showing a lower MAPE than the Gregorian calendar. At a
forecast length of 12 months, the BILSTM method yields a MAPE similar for both the lunar and Gregorian
calendars. However, at forecast lengths of 16 and 18 months, the lunar calendar forecasts have a larger
MAPE compared to the Gregorian calendar. This study compares MAPE for forecasting using the lunar
and Gregorian calendars across various forecast lengths. The smallest MAPE is observed at a forecast
length of 4 months, while the highest MAPE occurs at 24 months. For the Gregorian calendar, the smallest
MAPE is at 6 months, with the largest at 24 months. Figure 9 compares the MAPE of various methods:
GRU, 2-Stacked GRU, BiGRU, and 2-Stacked BiGRU. The lunar calendar approach yields a smaller MAPE
than the Gregorian calendar for forecast lengths of 3, 4, and 6 months, while the BiGRU and 2-Stacked
BiGRU methods show similar MAPE values for 12-month forecasts. The comparison of MAPE between
the lunar and Gregorian calendars across the four GRU methods shows that a forecast length of 4 months
has the smallest MAPE at 15%, while a forecast length of 24 months has the highest MAPE at 35%. For the
Gregorian calendar, the smallest MAPE occurs at forecast lengths of 3 and 6 months, with the largest at
24 months. As a result, the analysis based on the Lunar calendar can be more accurate. The longer time
series data in the Lunar calendar provides more detailed insights. Therefore, using the Lunar calendar
may lead to better analysis results than the Gregorian calendar.
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