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Abstract

Accurate and adaptive irrigation water management is essential for maintaining rice productivity in regions with high
climatic variability, such as Pinrang Regency, Indonesia. Conventional irrigation practices based on fixed schedules
often fail to respond daily weather dynamics, resulting in inefficient water use. This study analyzes reference
evapotranspiration (ETo) as a climate-based indicator of irrigation water requirements and predicts daily ETo values
using deep learning approaches. ETo was calculated using the FAO Penman-Monteith method based on daily
meteorological variables, including air temperature, relative humidity, wind speed, surface pressure, and solar
radiation. Daily climate data for the 2018-2024 period were obtained from the NASA POWER database, comprising
2,892 observations, and processed using Min-Max normalization, a 30-day sliding window scheme, and
chronological data partitioning. Long Short-Term Memory (LSTM) and Bidirectional LSTM (BiLSTM) models were
trained using the Adam optimizer to perform daily ETo prediction. The results show that ETo exhibits a distinct
seasonal pattern, with higher values during the late dry season and lower values in the rainy season. Model evaluation
indicates that BILSTM slightly outperforms the LSTM model, achieving an MAE of 0.4185 mm/day, an RMSE of
0.5369 mm/day, and a MAPE of 10.42%, compared to the LSTM model with an MAE of 0.4205 mm/day, an RMSE
of 0.5389 mm/day, and a MAPE of 10.44%. Medium-term ETo projections for the 2025-2027 period demonstrate
consistent seasonal patterns relevant for irrigation planning. This study contributes to informatics by providing a
reproducible deep learning-based time-series prediction framework to support adaptive irrigation management and
sustainable agriculture.
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1. INTRODUCTION

Properly and adaptively managed irrigation water requirements are an important factor in
maintaining agricultural productivity, especially for strategic commodities including rice [1][2] . Good
irrigation management aims to ensure adequate water availability for crops throughout the growing
season. However, in various agricultural areas in Indonesia, including Pinrang Regency, which is known
as one of the centers of rice production, irrigation practices still rely heavily on fixed schedules or
manual estimates based on farmers' experience [3][4] . This conventional approach has become less
effective because it does not account for the dynamics of daily weather variability, which is increasingly
difficult to predict, potentially causing a mismatch between water availability and actual needs in the
field [5][6].

The vulnerability of conventional irrigation management is reflected in the latest release from the
Central Statistics Agency, which shows that in October 2025, the rice harvest area in Indonesia was
recorded at 0.86 million hectares with a total production of 4.72 million tons of milled dry grain (GKG).
In addition, the latest release also notes that the potential harvested area for the November-December
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2025 period is estimated to reach 1.05 million hectares, indicating the high sensitivity of the rice
production system to environmental factors, particularly the availability and management of irrigation
water [7]. This condition is further complicated by the increasing frequency of climate anomalies,
including El Nifio and La Nifia, significantly impact rainfall patterns, planting cycles, and dynamics of
irrigation water demand [8][9]. As a result, there is often a mismatch between the volume of water
supplied and irrigation water requirements in the field, leading to excess or shortage of water, both of
which can reduce rice growth and yield [10][11].

Advances in data processing and artificial intelligence technologies have enabled various
computational approaches to leverage daily weather data to produce more adaptive and data-driven
predictions [12][13]. To determine climate-based irrigation water requirements, meteorological
parameters including air temperature, relative humidity, wind speed, and solar radiation can be regularly
gathered and used as input variables in ETo prediction system. This condition underscores the need for
a more responsive approach to environmental dynamics in the design of data-driven irrigation systems
capable of predicting daily irrigation water requirements [14]. One approach is to integrate the FAO
Penman-Monteith method with deep learning techniques, including LSTM and BiLSTM, to analyze
daily weather patterns and predict ETo values using time-series modeling.

Previous studies have analyzed irrigation water requirements and availability using hydrological-
based approaches to support irrigation management planning. Long-term simulations of rice irrigation
systems show that the Alternate Wetting and Drying (AWD) method can reduce irrigation volume.
however, its effectiveness is highly dependent on rainfall distribution, particularly rainfall occurring
after irrigation events that increase drainage losses [15]. Other studies report that irregular rainfall
patterns can trigger seasonal water deficits, highlighting the vulnerability of irrigation systems to climate
variability [16]. Furthermore, limitations of reliable flow analysis (Q80), especially during peak planting
seasons, indicate the need for adaptive strategies such as planting schedule adjustment and water rotation
to maintain irrigation supply adequacy [17]. Quantitative studies on irrigation efficiency further reveal
that inaccurate irrigation practices often result in over-irrigation and water deficits, emphasizing the
importance of accurate ETo estimation in reducing water waste [ 18]. The development of computational-
based irrigation models has also been shown to improve estimation accuracy by incorporating
evapotranspiration, crop coefficients, and land characteristics [19]. In addition, analysis in the Way
Wayah Irrigation Area demonstrates that irrigation water adequacy is strongly influenced by reliable
discharge conditions (Q80), with surplus conditions occurring during December-July and deficits during
August-November [20].

Recent research has also developed various time-series prediction approaches to improve the
accuracy of estimates of environmental variables. The Attention-BiLSTM model has been reported to
capture complex patterns and achieve better predictive performance than LSTMs, GRUs, Transformers,
and machine learning models including RF, SVR, and XGBoost [21]. In line with these developments,
deep learning-based approaches have also been applied to understand daily irrigation operations
indirectly. Studies using remote sensing data, groundwater level fluctuations, and climate variables show
that the BILSTM model accurately identifies daily irrigation operational patterns without directly
measured irrigation data, providing an effective alternative for data-based irrigation system analysis and
monitoring [22].

In addition, the use of deep learning in environmental and transportation time series analysis
shows great potential for application to daily weather data. A study on public transportation systems
shows that the combination of BILSTM-CNN achieves the highest accuracy among several other models
[23]. Research on air quality in Jakarta also reports that LSTM and BiLSTM can model pollutant
dynamics and meteorological variables stably, although variables with extreme fluctuations still yield
higher errors [24]. A temperature forecasting study in Semarang further shows that BILSTM achieves
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higher correlation and accuracy than LSTM, thanks to its ability to leverage bidirectional information,
making it relevant for the development of weather-based daily irrigation demand prediction models [25].

Beyond prediction accuracy, the application of artificial intelligence plays an important role in
the development of smart farming systems. Al-based models enable the transformation of raw
meteorological data into actionable information that supports real-time decision making in irrigation
management. In the context of smart farming, daily ETo prediction models can be integrated into
decision support systems to optimize irrigation scheduling, reduce water waste, and improve resource
efficiency. The use of deep learning for time-series analysis also reflects the contribution of informatics
in handling complex, nonlinear, and dynamic environmental data that are difficult to model using
conventional approaches. Therefore, Al-based evapotranspiration modeling represents a key component
in the advancement of data-driven and adaptive agricultural management systems.

Various studies have discussed irrigation water demand analysis and climate variable modeling
using hydrological approaches, mathematical models, and deep learning techniques including LSTM
and BiLSTM. However, most of these studies still separate climate-based evapotranspiration analysis
from time-series predictive modeling, thereby failing to fully capture the dynamics of daily weather
variability in an integrated manner. The hydrological approaches used generally focus on reliable
discharge analysis or long-term simulation, without applying the FAO Penman-Monteith method as the
standard for calculating daily ETo. On the other hand, deep learning approaches have demonstrated
strong capabilities in predicting environmental time-series data, but their application for modeling and
projecting daily ETo as an indicator of irrigation water requirements remains limited. Therefore, this
study integrates the FAO Penman-Monteith method with deep learning approaches by comparing LSTM
and BiLSTM models as an analytical framework. By generating adaptive daily ETo projections, this
study provides a data-driven basis for irrigation scheduling and supports the development of smart
farming practices through more responsive and efficient irrigation water management for rice fields.

This study aims to develop a data-driven framework for estimating daily irrigation water
requirements in rice fields by integrating the FAO Penman-Monteith method with deep learning-based
time-series modeling. Specifically, this study models and predicts daily ETo using LSTM and BiLSTM
models based on daily meteorological variables. Furthermore, this study explicitly compares the
predictive performance of LSTM and BiLSTM in capturing the dynamics of daily weather variability
to identify the most effective model for supporting adaptive irrigation scheduling. The results are
expected to provide a scientific basis for Al-assisted irrigation management and contribute to the
development of smart farming practices in tropical agricultural regions.

2. METHOD
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This study involved a series of structured stages, starting from weather data collection to final
model evaluation. These stages are shown in Figure 1.

2.1. Data Collection

The data used in this study were obtained from NASA POWER on the website
"https://power.larc.nasa.gov/data-access-viewer/" and represent daily climate conditions in the Pinrang
Regency area. The data collected include daily climate information on several key parameters: humidity
(%), temperature (°C), surface pressure (kPa), wind speed (m/s), and radiation (MJ/m?) for the 2018-
2024 period, totaling 2,892 daily data points. Sample data are shown in Table 1.

Table 1. Data Sample

Year Month Day (a) (b) (©) (d) (e) ()
2018 1 1 83.02  27.57  100.1 83.02 2.09 20.772
2018 1 2 80.93  27.59 100.15 80.93 2.02 18
2018 1 3 81.02 2723 100.21 81.02 1.12 12.708

2024 12 31 84.73 2749 10041 84.73 2.44 15.26
Description: (a) Minimum temperature (°C), (b) Maximum temperature (°C), (c) Surface
pressure (kPa), (d) Humidity (%), (e) Wind speed (m/s), (f) Radiation ("'"*/day)

2.2. Calculation of ETo Using the FAO Penman-Monteith Method

Reference evapotranspiration (ETo) is an indicator of the potential water requirements of reference
crops under optimal water conditions. It is a key component in irrigation planning based on the FAO
Penman-Monteith method [26]. In this study, ETo was calculated using the FAO Penman-Monteith
method, which has been recommended as an international standard due to its ability to integrate energy
and aerodynamic components physically [26]. Additionally, this approach is frequently utilized as a
reference value (ground truth) in the creation of Al models for daily ETo ET> forecast and estimation
[28].

In this study, ETo was calculated using the FAO Penman-Monteith equation (1) [28].

900
ET 0.408-A-(Rn—G)+y-m-u2-(es—ea)
0= A+y-(1+034-uy) )

Where ET, denotes the reference evapotranspiration (mm/day), A represents the slope of the
saturated vapor pressure curve (kPa/°C), R,, is the net radiation (MJ/m%day), G refers to the soil heat
flux (MJ/m?/day), y is the psychrometric constant (kPa/°C), T is the mean air temperature (°C), u,
enotes the wind speed measured at 2 m height (m/s), and (e;—e,) represents the vapor pressure deficit
(kPa). At the daily scale, the ground heat flux (G ) is assumed to be zero [28].

2.3. Preprocessing

In the preprocessing stage, the ETo calculation data and daily climate data are first combined using
a data merger, which combines the year, month, and day columns into a single datetime column to form
a consistent time series structure. After that, Min-Max Normalization is applied to ensure all features are
on a uniform scale (0-1). The normalization process is calculated using equation (2) [29]:
Xi = Xmin

Xnormi = _ - )
Xmax — Xmin

3228


https://jutif.if.unsoed.ac.id/
https://power.larc.nasa.gov/data-access-viewer/

Jurnal Teknik Informatika (JUTIF) Vol. 7, No. 4, August 2026, Page. 3225-3245
P-ISSN: 2723-3863 https://jutif.if.unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2026.7.4.5602

With this normalization method, each feature has a uniform scale, so no variable dominates model
training due to differences in value ranges. The normalization results from the Min-Max Normalizer are
shown in Table 2.

Table 2. Normalization Results

Date (@ (b) (©) (d) () () (2)
1/1/2018  0.63108 0.32230 0.16666 0.75425 0.30434 0.72019 0.54930

2/1/2018 0.61236 0.34244 0.22222 0.68161 0.28644 0.59774 0.47373
3/1/2018 0.60674 0.16115 0.28888 0.68474 0.05626 0.36407 0.25036

12/31/2024  0.61236 0.29640 0.51111 0.81369 0.39386 0.20349 0.16109
Description: (a) Minimum temperature (°C), (b) Maximum temperature (°C), (c) Surface
pressure (kPa), (d) Humidity (%), (e) Wind speed (m/s), (f) Radiation (MJ/m%day), (g)
ET0 _scaled

After normalization, the sliding window method was used to transform the time series into
supervised learning sequences. In this study, a window size of 30 days was used, meaning that the model
uses information from the previous 30 days as input to predict the ETo value for the following day. The
selection of a 30-day window was intended to capture short-term temporal dependencies and monthly-
scale climatic patterns that are relevant to daily evapotranspiration dynamics in tropical regions, while
maintaining a sufficient number of training samples and avoiding excessive model complexity. The
sequence was formed by shifting the input window by one time step, so that each sequence forms a data
pair (X, y), where X is a 30 X number of features matrix and y is the ETo value at time t+1. This stage
is necessary for LSTM and BiLSTM models to effectively learn temporal dependencies in daily climate
data.

Next, the data is divided chronologically into 70% for training, 15% for validation, and 15% for
testing, so that the model can be evaluated on data not used during training [30][31][32]. The training
data is used to train the LSTM and BiLSTM models, the validation data is used to modify the model
parameters and the testing data is us to measure the ETo prediction performance.

2.4. Training and Testing

After preprocessing, the LSTM and BiLSTM models are trained on the training data to model
patterns in time-series data and predict ETo values based on climate variables. For irrigation forecasts
based on annual weather patterns, these models were selected because of their capacity to identify long-
term relationships within sequential data [33]. While testing data was used to evaluated the accuracy of
model predictions on data not seen during training, validation data was used during training to modify
model parameters.

Model parameter selection was done through an iterative process to obtain the optimal
configuration. The parameters tested for the LSTM and BILSTM models are shown in Table 3.

Following the hyperparameter tuning process summarized in Table 3, several training parameters
were selected and applied consistently based on considerations of training stability and model
reproducibility. The Adam optimizer was chosen due to its adaptive learning rate mechanism and stable
convergence behavior in training deep learning models for time-series data. This optimizer is effective
in handling non-stationary and noisy gradients commonly encountered in meteorological datasets [34].
A dropout rate of 0.2 was applied to reduce the risk of overfitting by randomly deactivating a fraction
of neurons during training. Other hyperparameters, including batch size, number of neurons, learning
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rate, and number of epochs, were determined through an iterative tuning process based on validation
performance, to ensure model reproducibility.

Table 3. Parameters used by LSTM and BiLSTM

Parameters Value
Neurons 5, 10, 15, 20
Parameters Value
Learning rates 0.001, 0.0005
Batch sizes 4,16, 32, 64
Epoch 50, 100, 150
Dropout 0.2
Optimizer Adam

To enhance the reproducibility of the proposed approach, the training and evaluation procedure
for the LSTM and BiLSTM models used in this study is summarized in the following pseudocode.

Input:
Daily climate data X and calculated ETo values Y
Window size w = 30 days
Training ratio = 70%, Validation ratio = 15%, Testing ratio = 15%
Hyperparameters: learning rate, batch size, epochs, neurons, dropout
Optimizer: Adam
Output:
Predicted ETo values and evaluation metrics (MAE, RMSE, MAPE)
1. Merge daily climate variables and ETo into a unified time-series dataset
2. Apply Min—Max normalization to all input features and ETo values
3. Construct supervised learning sequences using sliding window:
Fort=wto T:
X seq(t) = data[t-w : t]
Y seq(t) = ETo(t+1)
4. Split the sequences chronologically into training, validation, and testing sets
. Initialize LSTM and BiLSTM models with selected hyperparameters
6. For each epoch:
a. Train the model using the training set
b. Compute validation loss using the validation set
c. Update model parameters using Adam optimizer
7. Select the model with the best validation performance
8. Generate ETo predictions using the testing set

9,

9. Apply denormalization to predicted ETo values
10. Evaluate model performance using MAE, RMSE, and MAPE
11. Output final predictions and evaluation results

2.5. LSTM

Long Short-Term Memory (LSTM) is an extension of the Recurrent Neural Network (RNN)
architecture introduced by Sepp Hochreiter and Jiirgen Schmidhuber in 1997 [35]. LSTM is designed to
mitigate the vanishing gradient issue that frequently occurs when long-term sequential data is processed
by RNNs.
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The calculation process in an LSTM follows the following equations, where x, is the input, W is
the weight, b is the bias, h;_q is the output from the previous time step, and C;_1 is the previous cell
state. Equations (3) to (8) describe how LSTM processes sequential information by considering time
dependence [35]:

fe = o(Wrnlhe—1], Wy [x,], by) 3)

ir = oc(Wiplhe—1], Wix[x], b)) “4)

C; =tanh tanh (W_p,[he—1], Wy [x:], be) (%)
Ci=f; Coqt+ip-Ct (6)

0 = o(Wonlhe-1], Wox[x¢], bo) (7)

hs = 0, -tanh tanh (C;) (8)

2.6. BiLSTM

Bidirectional Long Short-Term Memory (BiLSTM) is a variant of LSTM that uses two LSTM
networks operating in parallel. In the BILSTM architecture, the first LSTM network processes sequential
data from earlier to later time steps (forward), while the second LSTM network processes data from the
future to the present (backward) [35]. With these two networks operating in opposite directions,
BiLSTM can learn information from both the past (through the forward LSTM) and the future (through
the backward LSTM) for each point in time in the data.

The output from both LSTM networks is then combined at each time step, providing a richer
representation of the input data. This allows the model to gain a more comprehensive understanding of
the temporal context contained in the sequential data. The BiLSTM architecture used in this study can
be seen in Figure 2, which illustrates the data flow through both LSTM networks in both directions.

?

@

Figure 2. BiLSTM architecture
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In figure 2, the process in the forward LSTM network can be described by the following equation (9)
[36]:

he = LSTM(x;, he—q) )
Meanwhile, the process in the backward LSTM network can be written in the following equation (10)
[36]:

he = LSTM(xt, ey ) (10)
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The BiLSTM produces its final output through by combining the two outputs as shown in equation (11)
[36]:
he = [he, he] (11)

2.7. Denormalization

After the model finishes predicting normalized data, the next step is denormalization to return the
predicted values to their original scale. This denormalization process is necessary so that the model's
predictions can be directly compared with actual data on the same scale, especially for ETo and irrigation
requirements.

The denormalization process is carried out using the formula shown in equation (12) [37]:

d = d'max—min) 4 min (12)

With denormalization, predictions generated by the LSTM and BiLSTM models can be easily
understood and used for further analysis or comparison with actual ETo values. They can assist in
planning daily irrigation requirements based on these predictions.

2.8. Evaluation

Model performance was evaluated using three main statistical metrics: Mean Absolute Error
(MAE), Root Mean Squared Error (RMSE), and Mean Absolute Percentage Error (MAPE). MAE was
used to determine the average absolute error, while RMSE was chosen to measure the error magnitude,
giving greater weight to extreme deviations. MAPE was used to represent the relative error as a
percentage. The equations for these metrics are shown in Equations (13) to (15) [29][38]:

n
1
MAE == Iy, = 3 (13)
i=1

n
1
RMSE = |~ (i =)’ (14)
i=1
1w 7
MAPE = —Z Yi y‘| x 100\% (15)
n Vi

i=1

where n is the number of observations, y; is the actual value, and ¥; is the predicted value. A
model is considered accurate when MAE, RMSE, and MAPE values are close to zero.

2.9. Visualization and Analysis

At the final stage of the proposed methodology, results are visualized and analyzed to support the
interpretation of model performance and irrigation demand dynamics. This stage aims to provide a more
comprehensive understanding of ETo behavior over time and the relationship between predicted values
and observed data across various time scales. The analysis was conducted to identify fluctuation patterns
and seasonal trends, while also examining the differences in the responses of the LSTM and BiLSTM
models to temporal variability, so that the quantitative evaluation results could be interpreted more
contextually in irrigation planning and management.
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3. RESULT

This section presents the results of daily ETo calculations using the FAO Penman-Monteith
method, as well as the results of training and predictions from LSTM and BiLSTM models based on
daily weather parameters. All results are used to identify ETo dynamic patterns as indicators of climate-
based irrigation water requirements in the study area, which are then interpreted through temporal
analysis. After daily ETo was calculated for the 2018-2024 observation period, descriptive statistics were
used to characterize the distribution and fluctuations in ETo values. A summary of the analysis results is
presented in Table 4.

Table 4. Descriptive Statistics of Daily ETo Results from FAO Penman-Monteith

. Value

Statistics
(mm/day)

Min 1.775
Maximum 6,592
Average 4.305
Standard 0.68
deviation

Table 4 shows that the daily ETo values in Pinrang Regency range from 1.775 to 6.592 mm/day,
with an average of 4.305 mm/day and a standard deviation of 0.680 mm/day. This range of values
indicates that ETo is not uniform, but is greatly influenced by the dynamics of climate parameters. The
highest ETo values generally occur during the dry season, characterized by dry air and high solar
radiation intensity, while the lowest values occur during the rainy season, with higher air humidity and
relatively low radiation. Significant fluctuations in ETo reflect the dynamic nature of the climate and
have implications for climate-based irrigation planning. Therefore, the temporal pattern of ETo is
visualized in a line graph Figure 3 to illustrate its dynamics throughout the observation period.

Daily ETo Time Series (FAO Penman-Monteith)

ETo (mm/day)

2018 2019 2020 2021 2022 2023 2024 2025
Date

Figure 3. Daily ETo Line Graph (FAO Penman-Monteith Method)

Figure 3 shows daily ETo fluctuations that are irregular but form a clear seasonal pattern. High
ETo values, approaching or exceeding 6 mm/day, generally occur in the middle to late part of the year,
coinciding with the dry season. In comparison, lower values in the range of 2-3 mm/day appear
frequently at the beginning of the year when rainfall is relatively high. This pattern confirms the strong
influence of climate parameters on ETo dynamics as an indicator of climate-based irrigation water
requirements and shows that irrigation water supply requirements can vary throughout the year. The
fairly sharp daily fluctuations also underscore the importance of a prediction system responsive to
changes in weather conditions. To illustrate the seasonal pattern more clearly, the monthly distribution
of ETo is presented as a boxplot in Figure 4.
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Monthly ETe Distribution

ETo (mmyday)

Month

Figure 4. Monthly ETo Distribution (Boxplot)

Figure 4 shows that ETo values are relatively low and stable during the January-July period, in
line with rainy-season conditions characterized by high air humidity and lower solar radiation intensity.
From August to October, the median and distribution of ETo increased, peaking in September-October,
when the maximum value approached or exceeded 6 mm/day due to higher solar radiation and drier air.
In the November-December period, the ETo value decreased again as a transition phase towards the wet
season. This pattern confirms the existence of a clear seasonal cycle in ETo, with ETo values, as an
indicator of climate-based irrigation water requirements, peaking in the dry season and decreasing in the
rainy season. To clarify the intertemporal dynamics, the monthly-average ETo heatmap for the 2018-
2024 period is shown in Figure 5, where color intensity represents ETo magnitude.

Heatmap of Average Monthly ETo per Year
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Figure 5. Heatmap of Average Monthly ETo per Year

Figure 5 shows that the seasonal pattern of ETo not only repeats each year but also exhibits
interannual variation. The highest ETo values consistently occur in the September-October period, with
a peak of 5.49 mm/day in October 2023, while the lowest values generally occur in June-July, as
observed in 2019 and 2020 with average values below 3.8 mm/day. Additionally, mild anomalies were
identified in certain years, including the tendency for ETo to increase earlier in 2024. To summarize the
average monthly trends as a basis for climate-based irrigation planning, Table 5 presents the average
daily ETo values for each month during the 2018-2024 period, along with the monthly ETo accumulation
calculated based on the number of calendar days.
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Table 5. Monthly Average ETo and Estimated Water Requirements (2018-2024)

Month Average ETo | Days in Estimated Water Requirements
(mm/day) Month (mm/month)

Jan 4.18 31 129.57

Feb 4.264 28 119.4

Mar 4.404 31 136.51

Apr 4.341 30 130.22

May 4.047 31 125.47

Jun 3.769 30 113.06

Jul 3.835 31 118.88

Aug 4.349 31 134.83

Sep 4.77 30 143.09

Oct 4.942 31 153.21

Nov 4.609 30 138.28

Dec 4.158 31 128.9

Based on Table 5, the highest monthly ETo accumulation occurred in October at 153.21 mm,
followed by September and November, which exceeded 138 mm, in line with the peak ETo values at the
end of the dry season. Conversely, the lowest monthly ETo accumulation occurred in June at 113.06
mm, which coincided with the rainy season. These fluctuations confirm that climate-based irrigation
planning needs to be adjusted to the seasonal dynamics of ETo, an indicator of irrigation water
requirements.

Next, daily ETo predictive modeling was performed using deep learning approaches. After the
data preprocessing stage, which included datetime conversion and feature normalization, daily climate
variables were used as inputs to train the LSTM and BiLSTM models separately, with ETo as the target
variable. Based on the hyperparameter tuning results summarized in Table 3, the optimal configuration
consisted of 64 neuron units for the LSTM model and 32 neuron units for the BILSTM model, both
using a dropout rate of 0.2, the Adam optimizer, 150 training epochs, and a batch size of 4. Model
predictions were subsequently denormalized and evaluated using MAE, RMSE, and MAPE metrics.
The overall prediction accuracy obtained from this modeling process is summarized in Table 6.

Table 6. Evaluation of ETo Prediction Model Accuracy
Model MAE RMSE MAPE
(mm/day) (mm/day) (%)
LSTM 0.4251 0.5424 10.64
BiLSTM  0.4171 0.5353 10.47

Table 6 summarizes the overall prediction performance of the LSTM and BiLSTM models during
the model development stage. The results indicate that both models are able to learn daily ETo dynamics
with relatively low error levels, as reflected by MAE values below 0.43 mm/day, RMSE values below
0.55 mm/day, and MAPE values consistently under 11%. These results demonstrate that the selected
model configurations produce stable predictions and are suitable for daily ETo estimation based on
climate variables. To further evaluate the generalization capability of both models on data not used
during training, a separate performance assessment was conducted for the testing period, as presented
in Table 7.
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Table 7. Comparison of LSTM and BiLSTM Prediction Performance in the Test Period (2023-2024)
Model MAE RMSE MAPE

(mm/day) (mm/day) (%)
LSTM 0.4205 0.5389 10.44
BiLSTM 0.4185 0.5369 10.42

Table 7 presents the prediction performance of the LSTM and BiLSTM models during the testing
period (2023-2024). The BiLSTM model demonstrates slightly better predictive performance,
achieving lower error values with an MAE of 0.4185 mm/day, an RMSE of 0.5369 mm/day, and a
MAPE of 10.42%, compared to the LSTM model, which yields an MAE of 0.4205 mm/day, an RMSE
0f 0.5389 mm/day, and a MAPE of 10.44%. Although the numerical differences between the two models
are relatively small, the consistent improvement across all evaluation metrics indicates that the BILSTM
model provides slightly better prediction stability when applied to unseen data. This quantitative
comparison is further examined through visual analysis to assess the agreement between observed and
predicted ETo values, as illustrated in Figure 6.
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Figure 6. Scatter Plot of Actual Values ET, s against Predictions (LSTM vs BiLSTM)

Figure 6 shows the distribution of actual values and daily ETo predictions used to evaluate the
relationship and the level of prediction accuracy for both models. In general, the distribution of points
on both panels shows a tendency to follow the identity line (1:1), indicating that the models can capture
the main pattern of daily ETo fluctuations. Compared to LSTM, the BILSTM panel displays a slightly
higher density of points around the ideal line, consistent with its lower prediction errors as shown in
Table 6. Although there is still data dispersion at some extreme values, these results indicate that the
deep learning approach can produce ETo estimates that are sufficiently reliable indicators of climate-
based irrigation water requirements in Pinrang Regency. To further assess the objectivity and stability
of the model predictions, a residual analysis was conducted to detect potential systematic biases, with
the results presented in Figure 7.

Based on Figure 7, the residual plot (top panel) shows that the residuals are randomly distributed
around the zero reference line without any particular nonlinear pattern, indicating no dominant
systematic bias in the predictions. The residual distribution (bottom panel) shows a relatively
symmetrical pattern, with mean values close to zero: 0.038 for the LSTM model and 0.026 for the
BiLSTM model.
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Figure 7. Prediction Model Residual Analysis: Residual Plot and Residual Distribution

The smaller mean residual value in BILSTM indicates a slightly lower level of bias compared to
LSTM. Although there is still residual dispersion in some extreme values, these results indicate that both
models exhibit sufficient predictive stability and are suitable for supporting daily ETo estimates as
indicators of climate-based irrigation water requirements. A comparison between actual ETo values and
predicted results during the testing period to assess the ability of both models to capture time-series
dynamics, including trends and seasonal fluctuations, is presented in Figure 8.

Model Performance on Testing Period (2023-2024): Actual vs LSTM vs BILSTM

Al ET,
STV Prodi

A 1k

| ;J‘FWJ‘WU bl

v SRR LY o) ki (LAl Al

A ML LA W b A L LV T
TR T A s ST

i

ET, (mmvday)

& &
Date (Year-Month)

Figure 8. Comparison of actual ETo and predicted results during the test period (2023-2024) using the
LSTM and BiLSTM models

In Figure 8, both models follow the dynamics of the ETo time series, especially in capturing trend
changes and seasonal patterns. However, the prediction curves tend to be smoother than the actual data,
so that extreme daily spikes and drops are not always captured optimally. Visually, the BILSTM model
produces more stable, consistent predictions under high daily volatility. In contrast, the LSTM model
responds slightly faster to short-term changes, though both models still exhibit deviations at extreme
values. This pattern aligns with previous quantitative evaluations, which show that both models are more
effective at representing the main ETo patterns than short-term fluctuations, enabling the prediction
results to serve as climate-based irrigation water requirement indicators to support operational-scale
irrigation management planning. To further assess how these prediction behaviors translate into seasonal
robustness under varying climatic conditions, the distribution of prediction errors by season is examined
in Figure 9.
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Figure 9. Seasonal error distribution of LSTM and BiLSTM models based on kernel density
estimation (KDE) and cumulative distribution function (CDF) during the testing period

Figure 9 presents the seasonal distribution of ETo prediction errors during the testing period using
kernel density estimation (KDE) and cumulative distribution function (CDF) approaches. Overall, the
error distributions for both models exhibit a strong concentration around zero during both the rainy and
dry seasons, indicating the absence of significant seasonal bias shifts. The KDE curves for the BILSTM
model appear narrower and more centered than those of the LSTM model, suggesting lower error
variability under different seasonal conditions. The CDF analysis further shows that small absolute
errors accumulate more rapidly for the BILSTM model, indicating a relatively lower probability of large
prediction errors compared to the LSTM model. This pattern suggests that although both models
experience increased error variability during seasons with more dynamic climatic conditions, the
BiLSTM model demonstrates slightly better robustness in maintaining prediction stability across
seasons, making it more reliable for daily ETo estimation as an indicator of irrigation water requirements
under varying climatic conditions.

After completing the performance evaluation across temporal and seasonal conditions, ETo
projections for 2025-2027 were generated using the trained model to simulate daily ETo dynamics as an
indicator of irrigation water requirements for the next few years. This projection is not intended as a
validation of model performance because no observational data is available for that period, but rather as
an illustration of the application of the model to identify seasonal patterns and phases of increase or
decrease in ETo that could potentially occur if the characteristics of ETo dynamics are relatively
consistent with historical patterns. Within this framework, the projection results are interpreted in terms
of trends and seasonal patterns rather than as deterministic estimates of future daily values. The daily
ETo projection results for the 2025-2027 period generated by the LSTM and BiLSTM models are
presented in Figure 10.

Figure 10 shows the daily ETo projections for the period 2025-2027, which indicate a recurring
annual seasonal cycle, with a tendency for ETo to increase in the middle to late part of the year and
decrease in the early to middle part of the year. Differences in prediction characteristics are seen at the
peak phase, where the BILSTM model tends to produce slightly higher ETo estimates than the LSTM,
while the LSTM model shows relatively more conservative changes in some transition phases.
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Figure 10. Daily ETo projections for the period 2025-2027 using the LSTM and BiLSTM models

Considering the nature of assumption-based projections, the main findings emphasized are the
consistency of seasonal patterns and recurring ETo peak periods, which are relevant as indicators of
climate-based irrigation water requirements in supporting medium-term irrigation management
planning.

To support planning-oriented analysis, the results of daily ETo projections are summarized as
monthly ETo averages for the period 2025-2027. This summary is presented in Figure 11 as a heatmap,
where color intensity indicates the magnitude of the ETo value.
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Figure 11. Heatmap of monthly ETo averages from projections for the 2025-2027 period using the
LSTM and BiLSTM models

Figure 11 compares the average monthly ETo heatmaps for the 2025-2027 period between the
LSTM and BiLSTM models. Both models show consistent seasonal patterns, with the lowest ETo values
in the June-July period and an increase peaking in September-October. Quantitatively, the BILSTM
model tends to produce slightly higher ETo estimates at the peak phase than the LSTM model, for
example, in October 2025, at 4.84 mm/day (BiLSTM) and 4.78 mm/day (LSTM). This difference
indicates that BILSTM is more sensitive to ETo intensity as an indicator of climate-based irrigation water
requirements during periods of maximum evaporative stress, making it a more conservative scenario for
irrigation planning. To facilitate implementation in operational scheduling, the seasonal pattern of ETo
is further summarized into phases of increase and decrease, as presented in Table 8.

Based on Table 8, the seasonal pattern of projected ETo can be summarized into five main phases
of ETo dynamics as an indicator of climate-based irrigation water requirements. The January-March
period falls into the low to moderate ETo category associated with the dominance of the rainy season,
so that rainfall contributes relatively more to water availability in the field. Entering April-May, there is
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a transition phase of increasing ETo that marks the beginning of a shift towards drier conditions, so that
irrigation supply scheduling needs to be gradually adjusted. The June-July period is the phase with the
lowest ETo values, which creates opportunities to increase irrigation water efficiency because
evaporative pressure is at a minimum.

Table 8. Summary of Time Period Characterization and Water Demand Implications (2025-2027

Time Period ETo Characteristics Water Demand Implications

Jan-Mar Low-Moderate ETo Relatively low water requirements (rainy season)
Apr-May Increasing transition Early increase in irrigation demand

Jun-Jul Lowest ETo Minimum water demand

Aug-Oct High ETo Peak water requirement (dry season)

Nov-Dec Transition to Decrease Decrease in irrigation demand

Conversely, the August-October period is the most critical phase because ETo reaches the high
category and reflects the maximum evaporative pressure in the dry season, so irrigation supply
management and priorities need to be increased accordingly. In the November-December period, the
ETo value decreases again, marking a transition phase towards the rainy season as rainfall contribution
increases. Overall, the analysis results show that ETo in Pinrang Regency exhibits a strong seasonal
pattern, with repeated peaks at the end of the dry season.

From an agricultural planning perspective, the projected ETo phases provide useful information
for adjusting rice planting schedules in relation to seasonal water demand. Periods with low to moderate
ETo, particularly during January-March and June-July, indicate relatively low evaporative pressure,
making them more favorable for land preparation and early crop growth stages with reduced irrigation
requirements. In contrast, the August-October period is associated with peak ETo values and represents
a critical phase of high water demand, suggesting that planting schedules should avoid sensitive crop
growth stages during this period unless sufficient irrigation supply can be ensured. The transition phases
identified in April-May and November-December may serve as strategic windows for adjusting planting
timing to align crop water demand with anticipated climatic conditions. These findings highlight the
potential use of ETo-based projections as a climate-informed basis for rice planting schedule planning
in irrigated systems.

The comparison during the testing period shows that both models can capture the dynamics of the
ETo time series, and the projection results confirm the consistency of relevant seasonal patterns as a
basis for climate-based irrigation planning. The integration of the FAO Penman-Monteith method with
LSTM and BiLSTM models provides a daily climate-data-based prediction framework that can support
more targeted and adaptive irrigation management, particularly by identifying priority periods for water
distribution and optimizing water-use efficiency during the lowest ETo phase.

4. DISCUSSIONS

The results of this study indicate that reference evapotranspiration (ETo) in Pinrang Regency
exhibits a clear seasonal pattern, with a tendency to increase at the end of the dry season and decrease
during the rainy season. This pattern reflects the dominant influence of daily climate factors, particularly
solar radiation, air humidity, and atmospheric conditions, on the amount of water loss through
evapotranspiration. Although the seasonal pattern is relatively consistent each year, variations in ETo
values from year to year are observed, indicating fluctuations in climatic conditions that could affect the
dynamics of climate-based irrigation water requirements in the study area.

In this study, the FAO Penman-Monteith method was used to calculate ETo, which represents the
physical relationship between daily climate parameters and the evapotranspiration process. The resulting
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ETo values were then used as indicators of climate-based irrigation water requirements and as target
variables in predictive modeling. The integration of ETo calculations with LSTM and BiLSTM-based
deep learning approaches enabled a more adaptive analysis of ETo dynamics, based not only on historical
conditions but also on time-series patterns learned from daily climate data.

The evaluation results show that both models can predict daily ETo with relatively low error rates,
indicating their ability to learn nonlinear relationships among climate variables. A performance
comparison shows that BiLSTM produces more stable predictions than LSTM, indicating that
bidirectional processing provides an advantage for capturing ETo change patterns more consistently.
The stability of these predictions is an important aspect in the context of climate-based irrigation
planning, as excessive fluctuations in predictions can reduce the reliability of irrigation water demand
indicator estimates at the operational scale.

In comparison with previous studies applying LSTM and BiLSTM models to climate-related
time-series prediction, the quantitative performance in this study is consistent with findings obtained in
earlier research. For example, a temperature forecasting study in Semarang using ERA-5 reanalysis data
reported that the BILSTM model achieved a lower RMSE value (0.5423) than the LSTM model
(0.6407), demonstrating the advantage of bidirectional temporal learning in capturing climatic dynamics
[25]. Similarly, in the present study, the BILSTM model outperformed the LSTM model in predicting
daily reference evapotranspiration, achieving an RMSE of 0.5369 mm/day compared to 0.5389 mm/day
for LSTM during the testing period. Although the predicted variable in the Semarang study was air
temperature, which represents a simpler climatic parameter than reference evapotranspiration, the
comparable RMSE magnitudes and the consistent superiority of BILSTM over LSTM across studies
indicate that the predictive accuracy achieved in this study is methodologically sound. This consistency
supports the suitability of BILSTM for modeling nonlinear and seasonal environmental time-series data
under tropical climatic conditions.

Compared to conventional hydrological approaches commonly used for long-term planning, the
approach proposed in this study offers greater flexibility in responding to daily climate variability. The
conventional approach remains relevant for macro-scale analysis, but is insufficient to support
operational decision-making that requires time-based dynamic information. The integration of the FAO
Penman-Monteith method with LSTM and BiLSTM models enables daily estimation of irrigation water
demand indicators, making it better suited to supporting adaptive planning and management of rice field
irrigation.

From a practical perspective, the results of this study have the potential to serve as a basis for
irrigation scheduling, water distribution management, and the identification of priority periods for water
management based on ETo dynamics. This approach can improve irrigation water efficiency and reduce
the risk of mismatches between water supply and climatic conditions, particularly during periods of high
evaporative stress in the dry season.

In addition to its practical implications at the local scale, the proposed framework also
demonstrates potential scalability to other rice-producing regions in South Sulawesi that exhibit similar
tropical climatic characteristics. Because the approach relies on standardized FAO Penman-Monteith
calculations and widely available daily climatic variables obtained from sources such as NASA
POWER, the framework is not inherently dependent on site-specific conditions unique to Pinrang
Regency. Regions within Sulawesi that experience comparable seasonal rainfall patterns and dry-wet
season transitions could therefore adopt the same modeling structure, provided that consistent and
reliable climate data are available. Nevertheless, while the overall modeling framework is transferable,
local calibration and contextual adjustment may still be required to account for differences in
microclimatic conditions, agricultural practices, and irrigation infrastructure across regions.
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However, this study has several limitations. The analysis focused on calculating and predicting
ETo as an indicator of climate-based irrigation water requirements, without including crop coefficients
(Kc) or rice growth phases to estimate crop evapotranspiration (ETc), so the results do not represent
specific crop water requirements. In addition, the prediction model considers only meteorological
variables and does not include non-climatological factors including soil characteristics, irrigation
management systems, or water distribution network efficiency. The integration of these factors,
including ETc calculations based on Kc and plant growth phases, is the direction for further research
development to produce more comprehensive estimates of irrigation water requirements.

Overall, this study shows that combining the FAO Penman-Monteith physical approach and deep
learning methods can produce an adaptive framework for predicting daily ETo dynamics. This approach
not only improves understanding of reference evapotranspiration patterns in tropical regions but also
provides a strong foundation for the development of more efficient and sustainable climate-based
irrigation planning systems.

Beyond its implications for climate-based irrigation planning, the findings of this study also have
broader relevance in the context of information technology development. From an informatics
perspective, this research contributes to the development and application of deep learning methods for
environmental time-series modeling. The integration of the FAO Penman-Monteith physical approach
with LSTM and particularly BiLSTM architectures demonstrates how deep learning models can be
utilized to represent complex and nonlinear environmental system dynamics. The results indicate that
bidirectional time-series processing in the BILSTM model improves prediction stability when applied
to highly variable daily climate data, thereby extending the application of deep learning beyond purely
computational domains to environmental and agricultural contexts. Within the smart agriculture
framework, as emphasized in the introduction, the proposed approach highlights the role of information
technology in transforming meteorological data into predictive information that supports data-driven
decision making, particularly for adaptive and sustainable irrigation planning and management.

From the perspective of applied informatics system development, the proposed daily ETo
prediction framework also presents strong potential for further integration into operational digital
systems. The deep learning models employed in this study could be embedded into mobile applications
or web-based platforms capable of providing real-time irrigation water requirement information to
farmers and irrigation managers. The implementation of such systems would strengthen the role of
informatics in bridging climate data modeling outcomes with on-field user needs and support data-
driven decision making at the operational scale. Accordingly, this study opens opportunities for the
development of smart agriculture support applications that are more responsive and adaptive to daily
climatic dynamics.

5.  CONCLUSION

This study confirms that reference evapotranspiration (ETo) in Pinrang Regency exhibits a strong
and consistent seasonal pattern, making it a reliable climate-based indicator for supporting rice field
irrigation planning. The integration of the FAO Penman-Monteith method with deep learning-based
time-series modeling enables adaptive prediction of daily ETo dynamics using climatic data. Based on
performance evaluation on the testing dataset, both developed models are able to represent the main ETo
patterns with relatively low error rates, with the LSTM model achieving an MAE of 0.4205 mm/day, an
RMSE of 0.5389 mm/day, and a MAPE of 10.44%. In comparison, the BILSTM model demonstrates
slightly better performance on unseen data, producing an MAE of 0.4185 mm/day, an RMSE of 0.5369
mm/day, and a MAPE of 10.42%. These results indicate that bidirectional temporal processing in
BiLSTM provides increased prediction stability, particularly in capturing ETo variability during seasonal
transition periods.

3242


https://jutif.if.unsoed.ac.id/

Jurnal Teknik Informatika (JUTIF) Vol. 7, No. 4, August 2026, Page. 3225-3245
P-ISSN: 2723-3863 https://jutif.if.unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2026.7.4.5602

From the perspective of computer science and informatics, this study contributes to the
advancement of deep learning applications for environmental time-series prediction by demonstrating
the effectiveness of hybrid physical-data-driven modeling using LSTM and BiLSTM architectures. The
proposed framework highlights the role of deep learning in supporting smart irrigation systems and
sustainable agriculture, aligning with global sustainability goals related to food security and climate
resilience (SDGs 2 and 13). However, this study is limited to reference evapotranspiration (ETo)
modeling and does not incorporate crop coefficients (Kc), crop evapotranspiration (ETc), or non-
meteorological factors such as soil properties and irrigation system performance. Future research should
extend this framework by integrating agronomic parameters, developing ensemble models such as
LSTM-BiLSTM with attention mechanisms to enhance prediction robustness, and incorporating real-
time climate data from loT-based weather sensors to support more accurate and operational irrigation
decision-support systems.
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