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Abstract This study aims to develop a more accurate and reliable hydrological forecasting model for predicting maximum
rainfall at Juwata Station in Tarakan, North Kalimantan. The objective is to address the limitations of traditional statistical
approaches when handling highly dynamic and non-linear hydrometeorological patterns. To achieve this, we apply an
ensemble modeling approach that integrates four neural network architectures: FFNN Backpropagation, FFNN Rprop, Elman
RNN, and Jordan RNN. The methods involve training each model independently, evaluating their predictive performance,
and combining their outputs using a weighted averaging scheme that assigns greater influence to models with lower
error metrics. The analysis focuses on the ability of each architecture to capture non-linear relationships and temporal
dependencies within the rainfall data. The findings show that the ensemble model produces consistently lower SMAPE,
MSE, and RMSE values compared to any single model or two-model combination, demonstrating superior predictive
capability. The novelty of this study lies in its integration of multiple feedforward and recurrent neural network structures
into a unified ensemble specifically tailored for tropical rainfall forecasting, where atmospheric variability is high. This
ensemble framework offers a more robust foundation for predicting extreme rainfall events, supporting flood risk mitigation
and regional infrastructure planning.
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1. Introduction

Kalimantan Island is nicknamed the world’s heart because of its biodiversity in the global tropical rainforest belt.
Dense forests, warm sea temperatures, and equatorial alignment give this region very high annual rainfall [1], [2].
Extreme rainfall on this island can reach hundreds of millimeters per month, which is crucial in hydrological
balance and causes potential flash floods and erosion if not adequately mitigated [3], [4]. The intensity and
frequency of extreme rainfall in Kalimantan are strongly influenced by global and regional climate oscillations
ranging from the Asia-Australia monsoon and the Madden-Julian Oscillation to El Nifio and La Nifia anomalies[5].
When El Nifio is strong, the convection pattern shifts to the eastern Pacific so that rainfall decreases; conversely,
La Nifia and the shifting monsoon often trigger sudden heavy rain [6]. These non-linear and seasonal patterns
challenge classical statistical models and open up strong opportunities for machine-learning approaches that can
capture complex relationships [7].

Juwata Tarakan Climatology Station is located in the northern coastal area of Kalimantan, has low and flat
topography characteristics, and is directly facing the Sulawesi Sea. This location makes it very vulnerable to the
influence of atmospheric dynamics such as sea-land wind convergence, moisture intrusion from the sea, and its
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proximity to the center of tropical storm formation in the western Pacific Ocean. The combination of these factors
produces a distinctive extreme rainfall pattern that does not always follow the trend from inland areas. These
fluctuations are significant because the maximum rainfall can trigger disasters such as inundation, flash floods, and
disruption to sanitation systems and clean water distribution [8], [9]. Therefore, accurate predictions of maximum
rainfall at this location are urgently needed for infrastructure planning, hydrometeorological risk mitigation, and
water resource resilience in the rapidly developing North Kalimantan.

The time series analysis approach is the primary method to study this phenomenon [11], [12]. Time series
analysis is a branch of statistics that studies the behavior and structure of data patterns based on their chronological
order [13], [14]. In hydrological data, especially rainfall, time series often show seasonal patterns, long-term trends,
and non-linear fluctuations [15], [16]. In recent decades, conventional approaches such as ARIMA, SARIMA,
exponential smoothing, and moving averages have been widely used but have limitations in handling data that
fluctuates sharply due to dynamic atmospheric [16], [1] and ocean factors [17]. With the big data and artificial
intelligence (AI) era, neural network-based methods have become a superior alternative because they can build
complex non-linear models without assuming rigid data distribution [18], [19], [20]. Various neural network
architectures such as Backpropagation , Resilient Propagation (Rprop), and the Elman and Jordan neural network
model allow learning from past patterns [17], [21], [22]. They can adapt to the dynamics of climate change, making
them very relevant for predicting maximum rainfall in tropical areas such as Tarakan.

This study’s four neural network architectures have unique working principles and characteristics.
Backpropagation is a basic supervised learning algorithm that uses the backpropagation method to minimize errors
by gradually adjusting weights with gradient derivatives [23]. However, this process may exhibit slow convergence
and can be sensitive to local minima, depending on the optimization settings and network structure. Resilient
Propagation (Rprop) was developed to overcome this by adapting weight updates based on the sign of the gradient,
potentially improving convergence efficiency [24]. Meanwhile, the Elman Network is a Recurrent Neural Network
(RNN) type with a context layer, allowing the network to remember information from the previous time so that it is
suitable for time series data with short-term dependencies [25], [26]. Like Elman, Jordan Network is also an RNN,
but its context layer receives input from the output layer, providing different capabilities in handling feedback from
predictions to the network [27], [28].

Individually, these four architectures still have limitations in predictive performance. Backpropagation, for
example, is prone to slow training processes and overfitting when the number of hidden neurons is too large.
Conversely, the risk of underfitting becomes dominant if the configuration is too simple. Resilient Propagation
(Rprop), although superior in convergence speed, still depends on the initial conditions of the weights and network
structure. Meanwhile, Elman and Jordan, as RNN architectures, have advantages in capturing time dynamics but
are also very sensitive to noise and the length of the input sequence. This imbalance can result in fluctuating or
unstable prediction outputs, especially if the model is not trained with sufficiently representative validation[29],
[30], [31], [32], [33].

One approach that can be used to improve the accuracy and stability of prediction results is to apply the ensemble
forecasting method [34], [35]. Ensemble forecasting is a technique that combines predictions from several different
models to produce a more reliable final estimate [35]. The basic principle is that the strengths of other models
can cover the weaknesses of one model, so they collectively produce more accurate predictions and are robust
to data variability[35], [36]. The ensemble strategy used in this study is the weighted average method, where
the weight of each model’s contribution is determined based on the accuracy achieved, in this case, using the
Symmetric Mean Absolute Percentage Error (SMAPE) value [35], [37]. The smaller the SMAPE value of a
model, the greater the weight given in the combination. This study uses the ensemble approach to combine the
prediction results of two, three, or four neural network architectures: Backpropagation, Rprop, Elman, and Jordan.
Rather than introducing a new ensemble algorithm, this study systematically evaluates different combinations of
these architectures to investigate whether their distinct learning characteristics provide complementary predictive
information. The combination is carried out using a weighted average approach based on the accuracy performance
of each model. This evaluation aims to identify the ensemble configuration that achieves the most accurate
maximum rainfall predictions at Juwata Station, Tarakan, based on quantitative comparisons of in-sample and
out-of-sample performance. In relation to the global development agenda, this study directly supports Sustainable
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Development Goal (SDG) number 13, ”Climate Action”. By evaluating alternative neural network configurations
for maximum rainfall prediction at Juwata Station, Tarakan, this study contributes to the development of local
rainfall forecasting methods. The resulting forecasts may provide preliminary information for future studies on
climate adaptation and flood risk management, although their direct application in decision-making is beyond the
scope of this study.

Although weighted averaging has been widely established in ensemble forecasting, the predictive benefits of
combining different neural network architectures depend on their individual performance and the extent to which
their prediction errors complement one another. In particular, combining feedforward neural networks, represented
by Backpropagation and Rprop, with recurrent neural networks, represented by Elman and Jordan, raises an
important empirical question regarding whether their different learning mechanisms can improve maximum rainfall
prediction. Furthermore, the effectiveness of different ensemble configurations requires systematic evaluation to
determine whether increasing the number of constituent models consistently improves predictive accuracy. These
considerations motivate a comparative investigation of two-, three-, and four-model ensembles using performance-
based weighting and out-of-sample evaluation.

Accordingly, this study investigates the predictive performance of different ensemble configurations involving
Backpropagation, Rprop, Elman, and Jordan neural networks for maximum rainfall forecasting at Juwata Station,
Tarakan. The main contribution of this study lies in the systematic comparison of ensemble configurations
containing two, three, and four neural network models, with their contributions determined by SMAPE-based
weights. Rather than claiming methodological novelty in the weighted averaging algorithm itself, this study
provides an empirical assessment of how combining feedforward and recurrent neural network architectures affects
predictive accuracy. Through comparisons between individual models and ensemble configurations, this research
seeks to identify an effective modeling strategy for maximum rainfall prediction in a tropical region. The findings
are expected to provide practical insights into neural network ensemble selection and contribute to the development
of reliable rainfall forecasting applications. The structure of the article includes Materials and Methods, Results
and Discussion, and Conclusion.

2. Materials and Methods

2.1. Rainfall at Juwata Station, Tarakan

The coordinates
of Juwata Tarakan
Meteorological
Station
are 3°1936"N
117°33'56"E.

Figure 1. Himawari-9 satellites representation of data collection location (2024-12-01)

Figure 1 shows the spatial context of the study area using the Himawari-9 satellite image (captured on 2024-12-
01), illustrating the geographical setting of the data collection point at Juwata Station, Tarakan, North Kalimantan.
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The data used in this study were compiled by the Meteorology, Climatology, and Geophysics Agency (BMKG)
from 2014 to 2024 on a monthly basis. The data collection point is located at the Juwata Station in Tarakan, North
Kalimantan. The research variable is the monthly maximum rainfall during the observation period, denoted as y;,
and visualized in Figure 2.
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Figure 2. Rainfall data visualization (a) 2D time series plot; (b) 3D time series

2.2. Time Series Data

Time series analysis is a statistical method used to predict future events based on historical data [12], [38]. This
analysis process is carried out by processing data from the current period (y;) which is influenced by one or more
observations from the previous period (y(t — k)).
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Figure 3. Time series data patterns (a) horizontal; (b) seasonal; (c) cyclical; (d) trend

Figure 3 illustrates four common patterns in time series data often encountered in hydrological analysis. The
horizontal pattern (a) shows data fluctuating around a fixed mean without any upward or downward trend, indicating
a long-term stationary condition. The seasonal pattern (b) is characterized by periodic fluctuations in fixed time
intervals, such as monthly rainfall that follows the wet and dry seasons cycle. Meanwhile, the cyclical pattern
(c) is like seasonality but occurs over a more extended period and is irregular, often influenced by external macro
factors such as global climate. Finally, the trend pattern (d) shows a tendency for data values to increase or decrease
consistently over a specific period, reflecting long-term systematic changes such as global warming. Understanding
these four patterns is essential in building accurate and relevant forecasting models with data characteristics [39],
[40].

2.3. Neural Network

Time series modeling aims to capture historical patterns from sequential data to predict future values. General
characteristics of time series data, especially in hydrology, include non-stationary, non-linear properties and contain
seasonal, cyclical, trend, and random noise components. This complexity challenges conventional statistical models
that rely on the assumption of linearity and normal distribution. Therefore, more flexible approaches such as
artificial neural networks (Neural Networks/NN) become relevant choices to handle dynamic time series problems
(91, [11].

Neural Network is a machine learning system inspired by how the human brain works. It consists of
interconnected processing units (neurons) through layers: an input layer, one or more hidden layers, and an output
layer [19], [41]. In time series modeling, the data is usually first transformed into a supervised learning format,
where one or more past values (lags), such as yt — 1), yt — 2),... are used as input to predict the current value y;.
The main advantage of NN is its ability to learn non-linear relationships between variables without requiring data
distribution assumptions, as in ARIMA or other parametric models [16].

2.4. Feed Forward Neural Network

Feedforward Neural Network (FFNN) is one of the most widely used artificial neural network architectures in
nonlinear modeling, including time series forecasting [19]. This network consists of three main layers: the input
layer, one or more hidden layers, and the output layer [40], [43]. There is no feedback connection between layers,
so information only flows in one direction from the input to the output. An illustration of the FFNN architecture is
shown in Figure 4.
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Figure 4. FFNN architecture

In univariate time series, FFNN models the relationship between current and previous values (lags). The
FFNN (p, ¢) model uses p input units representing observation lags, ¢ hidden units, and one output neuron. The
mathematical Equation of FFNN is written in Equation (1).

q

P
gtzzvj'f<zwij'xi+bj> +bo ey
i=1

j=1
where:

y¢  :estimated value at time t

x; :input value at lag ¢

w;; : weight from input neuron ¢ to hidden neuron j
v;  : weight from hidden neuron j to output neuron

b;, bo : bias at hidden and output neurons
f(-) :non-linear activation function, such as sigmoid or tanh.
2.5. Recurrent Neural Network

Recurrent Neural Network (RNN) is one of the artificial neural network architectures specifically designed to
process sequential data such as time series, text, or signals. Unlike FFNN, which processes input independently,
RNN has a recurrent or looping mechanism that allows the network to store and remember information from
previous inputs to maintain context or short-term memory in the training and prediction process [22], [28].

Whh

Input Hidden Output
Layer Layer Layer

Figure 5. RNN architecture

Figure 5 illustrates the general architecture of a RNN. In its basic structure, RNN consists of an input, hidden,
and output layer. In its basic structure, RNN consists of an input, hidden, and output layer. What distinguishes
RNN from FFNN is the presence of feedback connections in the hidden layer so that the output of a neuron at time
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will be used as additional input at time . This process creates a hidden state that evolves, allowing RNNs to capture
temporal dependencies in the data [22], [35]. Mathematically, the simple representation of the RNN is written in
Equations (2) and (3).

hy = c(Wanay + Whphi—1 — bp) 2

thus,
¢ = o(Whyhe + by) 3)

where:
Ty : input at time ¢
ht : hidden state at time ¢
Ut : estimated value at time ¢
Wan, Whi, Wy : weight matrices
bn, by : bias
o : non-linear activation function such as tanh or ReLU

Two commonly used RNN architectures are Elman and Jordan. Elman’s architecture was introduced by Jeffrey
Elman in 1990. In this architecture, the context unit that carries memory comes from the hidden state at the previous
time h;—1. The secret state is fed back to the hidden layer as part of the input the next time so the network can
capture the dependency patterns in sequential data [27], [44]. Figure 6a illustrates the Elman RNN architecture,
where the context units receive feedback from the hidden layer at the previous time step.

Xt
l Context Hidden
Hidden |—» Laver Layer
Layer Rt i
l Input __ Tt Hidden Context
Layer Layer Layer
Output f (he-1)
Layer
Output
l Layer
y_t Ut (output)
(a) (b)

Figure 6. RNN architecture (a) Elman; (b) Jordan

Meanwhile, Michael Jordan introduced Jordan architecture in 1986, using context units derived from the network
output at the previous time ¢;_;. Figure 6b illustrates the Jordan RNN architecture. This output is then fed back
to the hidden layer the next time. The main difference between Elman architecture and Jordan architecture is the
location of the network memory source; memory comes from the network output itself [27]. Mathematically, a
simple representation of Jordan architecture is written in Equations (4) and (5).

hy = o(Wanxy + Whyle—1 + bp) 4)
thus,
¢ = o(Whyhe + by) (5)
2.6. Algorithm Backpropagation and Resilient Propagation

Backpropagation is a gradient-based learning algorithm used to train FFNN. Training is done by minimizing the
error function, namely the Mean Squared Error (MSE), using the gradient descent method [33], [45]. The training
process involves two main stages: a forward pass to calculate the network output and a backward pass to calculate
the gradient and update the weights. The weights are updated with the formula in Equation (6).

Stat., Optim. Inf. Comput. Vol. x, Month 202x



MISLAN, A. T.R. DANI 7

(t+1) _ (1) oE

w, =w,;’ — 6
where:
n  :learning rate
aaf - : derivative or the error function with respect to the weight w;;
ij

E  : total error function

To overcome the weaknesses of backpropagation, the Resilient Propagation (Rprop) algorithm is introduced as a
gradient-based approach that does not depend on the magnitude of the gradient. Rprop only considers the direction
of the derivative and adjusts the magnitude of the weight change using an adaptive value (4;7). The weight update
is performed based on the rules in Equation (7).

(t)
WD = u)(t) — sign (%E ) AW (7)

i i w; i

The value of A;j will be increased if the derivative sign is the same as the previous iteration but will be decreased
if there is a change in direction. Rprop can accelerate convergence and provide more stable training performance
[33].

2.7. Ensemble Forecasting

Ensemble forecasting is an approach in machine learning combining several predictive models to obtain more
accurate, stable, and robust results than using a single model [34], [46]. This approach was introduced by Hansen
and Salamon (1990), who stated that combining several weak models (weak learners) can produce better prediction
performance if the models are sufficiently diverse and independent. This technique has been proven effective in
various domains, including classification, regression, and time series forecasting[37] . In the context of hydrological
time series forecasting, ensembles can overcome the weaknesses of each model, such as overfitting, underfitting,
or sensitivity to noise. One of the most used ensemble techniques is weighted averaging, where the weight of
each model is determined based on performance criteria, such as the Symmetric Mean Absolute Percentage Error
(SMAPE). Models with better performance are given higher weights to make the result more balanced [36], [37].

In this study, ensemble forecasting is carried out by combining four artificial neural network architectures,
namely:

(a) Feedforward Neural Network (FFNN) with Backpropagation algorithm,

(b) Feedforward Neural Network (FFNN) with Resilient Propagation (Rprop) algorithm,

(c) Elman type Recurrent Neural Network (RNN), and

(d) Jordan-type Recurrent Neural Network (RNN).
Ensembling will be carried out in three schemes:

(a) Combination of two models (2-model ensemble): all combinations of the four models above.
(b) Combination of three models (3-model ensemble): all combinations of triplets.

(c) Overall Combination (4-model ensemble): combining all four models simultaneously.

Each ensemble will use a weighted average approach based on SMAPE in-sample performance to determine the
weight of each model’s contribution to the final prediction. This strategy is expected to improve the accuracy of
maximum rainfall predictions and reduce dependence on a single model at risk of producing extreme results.

Mathematically, the prediction of the ensemble (Jepsemble) from n base models can be written in Equation (8).
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gensemble(t) = Z ws gz(t) (8)
=1

where:
9:(t) : prediction result from the i-th model at time ¢
w; : weight of the i-th model at time ¢
n  :number of models being combined
The weight w; in this study is obtained based on the in-sample performance of each model, particularly the
inverse of the SMAPE value.
1/SMAPE;

S 1/SMAPE; ©)

w; =

Thus, the model with higher accuracy (smaller SMAPE) will contribute more to the final prediction. This strategy
ensures a balance between individual performance and the diversity of models in the ensemble system. Next, we
conducted a Systematic Literature Review (SLR) by reviewing several studies that examined Ensemble Forecasting
methods in Table 1.

Table 1. SLR metode Ensemble forecasting

No Author & Years Ensemble Method Key Findings
MNNF — Modular Neural * MNNF is an ensemble model
Network with Fuzzy aggregation combining NAR and FITNET
. (combination of Nonlinear using fuzzy integration.
! Melin et al. (2020) Autoregressive (NAR), . Imprgoves ();OVIgD—19 prediction
Feedforward Neural Network accuracy compared to single
(FITNET), and fuzzy logic)[47] models.

* This hybrid ensemble model is
more accurate than individual
deep learning models (MLP,
CNN, LSTM).

* Adaptive to seasonal patterns
and high non-linearity.

.. ¢ Combines three time series
Stacked Ensemble (combination methods: RNN. LSTM. and
3 Kim et al. (2023) of Recurrent Neural Network GRU
’ (RNN), LSTM, Gated Recurrent ",
 Stacking ensemble proves to

Unit (GRU)) [46] improve accuracy.

* ARMA-CNNLSTM
outperforms all evaluation
metrics.

* Effectively combines the
strengths of linear models

Hybrid Ensemble Deep Learning
(combination of MLP, CNN,
LSTM, CNN-LSTM) [48]

Phyo & Byun
(2021)

ARMA-CNNLSTM (combination
of Autoregressive Moving

4 Heetal (2023) Average (ARMA), CNN, LSTM)

[49] (ARMA) and non-linear models
(CNN, LSTM).
¢ NP for seasonal trends, CNN
oo e, LT
5 Xiao etal. (2023) NP-CNN-LSTM (NeuralProphet Thigs N pe e tol oncels in
+ CNN + LSTM)[50] &

daily photovoltaic power
prediction.
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No Author & Years Ensemble Method Key Findings
¢ Qutperforms single and other
hybrid models in RMSE, MAE,
and R2
¢ Combination of MLP, RBF, and
Ensemble MLP—Radial Basis LSTM shows improved
6 Ciechulski & Function (RBF)-LSTM with accuracy over single models.
Osowski (2024) integration of MLP and Principal e Integration of MLP combiner
Component Analysis (PCA) [10] and PCA effectively reduces
MAE and RMSE.
Ensemble Feature Selection
(combination of Pearson ¢ Ensemble feature selection
Correlation, Recursive Feature improves accuracy and
Elimination (RFE), Random robustness.

7 Huang et al. (2024) Forest (RF), Gradient Boosted * Outperforms single feature
Decision Tree (GBDT), and selection in terms of MAE and
eXtreme Gradient Boosting MSE.

(XGBoost)) [37]
* The stacking ensemble model
outperforms all individual
Ensemble stacking combining RF, ;nachme leafimlng ;;dge(?g
XGB, SVR, MLP, LGBM, LSTM, .carmning models (RF, XGB,
8 Jumadi et al. (2025)  GRU, TCN, CNN, and SVR, MLF, LGBM, LSTM,
’ S GRU, TCN, CNN,
Transformer, with a linear
regression meta-learner [51] Transformer).
 Provides reliable rainfall
projections for 2025-2030
using robust ensemble learning.
¢ Dynamically selects the best
base model for each prediction
instance.
Flexible Hybrid Ensemble (FHE) ¢ Improves MAPE by 30%

9 Song et al. (2025) with dynamic model selection compared to SVR.

using a meta-model [52] * Maintains high accuracy across
diverse weather conditions.
* Robust and scalable for
distributed solar power systems.
Stacked ensemble model * Stacked ensemble achieves the
. . lowest RMSE and MAE across
combining LightGBM + all datasets
10  Ahn & Lee (2025) XGBoost, compared against )

single models (LightGBM,
XGBoost, LSTM) [53]

* Qutperforms all individual
models (LightGBM, XGBoost,
LSTM).

The studies summarized in Table 1 demonstrate the growing application of ensemble forecasting across different
domains, including infectious disease prediction, renewable energy forecasting, and rainfall prediction. Previous
studies have explored various ensemble strategies, such as fuzzy aggregation, stacking, hybrid architectures, and
dynamic model selection, with many reporting improvements over individual models. These findings highlight the
potential of ensemble learning to combine the predictive capabilities of different models. However, the reviewed
studies primarily emphasize the predictive advantages of particular ensemble methods or hybrid architectures. Less
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attention is given to systematically examining whether increasing the number of constituent models consistently
improves out-of-sample forecasting performance, particularly when different combinations of neural network
architectures are evaluated under the same experimental framework. Moreover, the effectiveness of an ensemble
may depend not only on the number of models included but also on the characteristics and predictive performance
of the constituent models.

To address this gap, the present study comparatively evaluates two-, three-, and four-model ensemble
configurations involving FFNN Backpropagation, FFNN Rprop, Elman RNN, and Jordan RNN for maximum
rainfall prediction at Juwata Station, Tarakan. The models are combined using inverse-SMAPE-based weighted
averaging, and their predictive performance is assessed using SMAPE, RMSE, and MSE on both training and
testing datasets. Rather than proposing a fundamentally new ensemble algorithm, this study provides empirical
evidence on whether increasing ensemble size necessarily leads to improved out-of-sample predictive accuracy.

2.8. Accuracy Measurement

To evaluate the performance of the predictive models, several accuracy metrics are used, including Symmetric
Mean Absolute Percentage Error (SMAPE), Mean Squared Error (MSE), and Root Mean Squared Error (RMSE).
These three metrics are commonly used in time series forecasting studies to assess how well the predicted values
match the actual data [40], [54].

SMAPE measures the absolute error of the model in a symmetric manner, providing a more balanced percentage
error, especially when dealing with values close to zero. The formula for SMAPE is written in Equation (10).

smapp = 0% g~ v =i (10)
n

[9e |+ |y
t=1 ( >

Where y, is the actual value at time ¢ and (%) is the predicted value at time ¢.

MSE measures the average of the squared differences between the actual and predicted values. MSE gives a
larger penalty to extreme prediction errors (outliers), so it is more sensitive to significant errors. The MSE formula
is written in Equation (11).

n

MSE= 3" (5o~ 1)’ (1)

Ct=1

RMSE is the root of MSE and returns the error units to the same units as the original data. The RMSE formula
is written in Equation (12).

1
~ > (e~ )? (12)

2.9. Research Stages

The research stages of Hydrological Ensemble Forecasting of Juwata Station Maximum Rainfall using Feed
Forward Neural Network Backpropagation & Rprop and Recurrent Neural Network Elman & Jordan are visualized
in Figure 7.
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Figure 7. Workflow ensemble forecasting
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As shown in Figure 7, the pseudo code for the different methods: FFNN Backpropagation, Rprop, Elman RNN,

and Jordan RNN is presented below.

Pseudo code for FFNN:

Input: Hydrological time series dataset
: Split the dataset chronologically into training (95%) and testing (5%) sets
Initialize best_SMAPE <+ oo
Initialize best_model < NULL
Initialize optimal_architecture < NULL
For each configuration (L1, L2, learn_rate, algorithm) do
Train the FFNN model using the training data
Generate predictions for the testing data
Calculate SMAPE, RMSE, and MSE
If SMAPE < best_SMAPE then
10: best_SMAPE < SMAPE
11: best_model < trained_model
12: optimal_architecture <« (L1, L2, learn_rate, algorithm)
13: End if
14: End for
15: Return best_model, optimal_architecture

OO Jo Ul WN -

Pseudo code for RNN:

Input: Hydrological time series dataset

1: Split the dataset chronologically into training (95%) and testing (5%) sets
2 Initialize best_SMAPE <+ oo

3: Initialize best_model <+ NULL

Stat., Optim. Inf. Comput. Vol. x, Month 202x
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4: Initialize optimal_architecture < NULL

5: For each configuration (L1, L2, learn_rate, algorithm) do

6: Train the RNN model using the training data

7: Generate predictions for the testing data

8: Calculate SMAPE, RMSE, and MSE

9: If SMAPE < best_SMAPE then

10: best_SMAPE < SMAPE

11: best_model <« trained_model

12: optimal_architecture <« (L1, L2, learn_rate, algorithm)
13: End if

14: End for
15: Return best_model, optimal_architecture

Pseudo code for Ensemble Forecasting:

1. # Load best models from grid search
Load best models: Rprop, Backprop, Elman, Jordan
2. # Predict using each model (in-sample)
preds_rprop = predict (Rprop, input)
preds_backprop = predict (Backprop, input)
preds_elman = predict (Elman, input)
preds_jordan = predict (Jordan, input)
3. # Unscale predictions to original scale
unscale_predictions ()
4. # Calculate SMAPE for each model (in-sample)
smape_rprop = calculate_SMAPE (actual, preds_rprop)
smape_backprop = calculate_SMAPE (actual, preds_backprop)
smape_elman = calculate_SMAPE (actual, preds_elman)
smape_jordan = calculate_SMAPE (actual, preds_jordan)
5. # Calculate weights (inverse of SMAPE)
weight_rprop = 1 / smape_rprop
weight_backprop = 1 / smape_backprop
weight_elman = 1 / smape_elman
weight_jordan = 1 / smape_jordan
6. # Normalize weights
normalize_weights ()
7. # Create ensemble predictions (weighted average)
ensemble_preds = weighted average (preds_rprop, preds_backprop, preds_elman, preds_jordan)
8. # Evaluate ensemble (SMAPE, RMSE, MSE)
smape_ensemble = calculate_SMAPE (actual, ensemble_preds)
rmse_ensemble = calculate RMSE (actual, ensemble_preds)
mse_ensemble = calculate_MSE (actual, ensemble_preds)
9. # Visualize the results
plot_results(actual, ensemble_preds)
10. # Return ensemble predictions and metrics
return ensemble_preds, smape_ensemble, rmse_ensemble, mse_ensemble

The pseudo code presented in the preceding sections serves as the conceptual foundation for model construction
and analysis within the R programming environment. To facilitate the implementation of these methodologies,
several key libraries are utilized. The ggplot2 package is employed for data visualization, enabling the generation
of informative plots that are essential for the evaluation and presentation of model predictions. The RSNNS library
is integral to the development and training of neural networks, including Feed-Forward Neural Networks (FFNN),
and facilitates the application of optimization techniques such as Backpropagation and Rprop. The Metrics
package provides a range of functions for the calculation of performance metrics, including SMAPE, RMSE,
and MSE, all of which are critical for assessing model accuracy and predictive power. Additionally, the forecast
library is used for time series forecasting, enabling model prediction and validation processes. Collectively, these
libraries provide a robust framework for the implementation, evaluation, and optimization of models such as FFNN
Backpropagation, Rprop, Elman RNN, Jordan RNN, and ensemble forecasting techniques, specifically tailored for
hydrological time series analysis.

In addition to these libraries, a data preprocessing stage was implemented to improve training consistency
and model performance. Specifically, all input variables were normalized using the Min—-Max scaling method,
transforming the data into a 0—1 range. This normalization is essential for neural network models, as it prevents
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variables with larger magnitudes from dominating the learning process and helps stabilize gradient updates.
Min-Max scaling also accelerates convergence during training and reduces numerical instability in architectures
such as FFNN Backpropagation, Rprop, Elman RNN, and Jordan RNN. By standardizing the feature scales prior
to model fitting, this preprocessing step contributes to more stable learning dynamics and enhances the overall
robustness of the proposed ensemble modeling framework.

3. Result and Discussion

This section presents the results of hydrological ensemble modeling for predicting the maximum rainfall at
Juwata Station using four neural network models: FFNN with Backpropagation and Rprop and RNNs (Elman
and Jordan). Each model’s performance and ensemble are evaluated based on key metrics like SMAPE, MSE,
and RMSE to assess prediction accuracy. The following discussion will compare individual models and ensemble
configurations, highlighting their strengths and weaknesses in forecasting maximum rainfall.

3.1. Exploration Data

Based on Figure 2, it is known that the maximum rainfall data from Juwata Tarakan Station during the period
from January 2014 to December 2024 shows a very consistent seasonal pattern. Rainfall tends to peak at the end of
the year, especially between September and December, and reaches a minimum in the middle of the year, especially
around June to August. This pattern reflects the characteristics of the wet tropical climate in the North Kalimantan
region, where the rainy season occurs at the end of the year and the dry season occurs in the middle of the year.
The color visualization in the graph, from blue for low rainfall to red for high rainfall, clarifies the seasonal cycle.
Outside the seasonal pattern, there is significant inter-annual variability in the magnitude of maximum rainfall.
Several years, such as 2017, 2020, and especially 2023, showed a spike in extreme rain, with the peak in 2023
exceeding 160 mm being the highest throughout the decade. In contrast, 2018 recorded a very low minimum value,
indicating an arid season. This phenomenon shows that in addition to seasonal factors, global climate conditions
such as El Nifo or La Nifia are very likely to influence the fluctuation of maximum rainfall in Tarakan from year
to year.

There is no clear long-term trend in maximum rainfall intensity over the past 11 years. There is no consistent
tendency to increase or decrease, but annual climate dynamics influence fluctuations. Therefore, continuous
monitoring of rainfall is critical for preparedness for flood risks during extreme rainy seasons such as 2023 and for
anticipating droughts such as those that occurred in mid-2018. This information is essential for spatial planning,
agriculture, and infrastructure in the Tarakan area, which is sensitive to changes in extreme rainfall patterns.

3.2. Modeling with FFNN

The FFNN modeling process on the maximum rainfall data of Juwata Tarakan station begins by dividing the
data into training data and testing data with a proportion of 95:5. The training process is carried out on training
data with several predetermined scenarios. This study used two hidden layers, each with one to nine neurons.
Determining neurons in each hidden layer is carried out in a combination that minimizes the SMAPE value.
The activation function used in the hidden layer is Sigmoid, while the output layer uses the Linear function. The
process of determining input variables through the identification of the Autocorrelation Function (ACF) and Partial
Autocorrelation Function (PACF) so that the input variables y;_1, y:—2, and y,_4 are obtained. The results of the
FFNN modeling are shown in Table 2.
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Table 2. FFNN modeling results

No Architecture Dataset SMAPE MSE RMSE
1 FFNN Backpropagation Training 16.39 200.63 14.16
Testing 91.98 3055.3 55.27
2 FFNN Rprop Training 8.63 67.65 8.23
Testing 51.12 1317.33 36.29

The results of the FFNN modeling, as shown in Table 2, are visualized in Figure 8, which represents the optimal
FFNN architecture.
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Figure 8. Optimal FFNN architecture (a) Backpropagation (b) Rprop

The first architecture (Figure 8a) uses standard backpropagation (gradient descent) with linear weight
optimization in the output layer. A more complex configuration is required to achieve predictive performance,
namely H1 =9 and H2 = 7 (3-9-7-1 network). Backpropagation requires more neurons and longer iterations to
overcome the vanishing gradient problem and adjust one global learning rate. Meanwhile, in the first architecture
(Figure 8b), weight updates are performed using the Resilient Propagation (Rprop) algorithm. The grid search
results show the optimal configuration of H1 = 8 and H2 = 7, forming a 3—8—7—-1 network. Rprop accelerates the
convergence process by separating the connection learning rate and eliminating gradient sign fluctuations, thus
achieving the lowest RMSE and SMAPE in relatively few iterations. A comparison of the two approaches reveals
that Rprop not only reduces the complexity of the architecture by relying on eight units in the first layer but also
shows higher convergence stability.

3.3. Modeling with RNN

The RNN modeling process on the maximum rainfall data of Juwata Tarakan station begins by dividing the data
into training data and testing data with a proportion of 95:5. The training process is carried out on training data
with several predetermined scenarios. The RNN architecture is limited to only one hidden layer with a grid that
is tried from 1 to 30. Determining neurons in each hidden layer are selected based on the one that minimizes the
SMAPE value. The method of deciding input variables through the identification of the Autocorrelation Function
(ACF) and Partial Autocorrelation Function (PACF) so that the input variables y;_1,y;—2, and y;_4 are obtained.
The results of the RNN modeling are shown in Table 3.
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Table 3. FFNN modeling results

No Architecture Dataset SMAPE MSE RMSE
1 Elman RNN Training 38.03 889.07 29.82
Testing 20.61 303.27 17.41
2 Jordan RNN Training 46.28 1325.56 36.41
Testing 14.44 221.76 14.89

The results of the RNN modeling, as shown in Table 3, are visualized in Figure 9, which represents the optimal
RNN architecture.
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Figure 9. Optimal RNN architecture (a) Elman (b) Jordan

The Elman RNN and Jordan RNN models are both Recurrent Neural Network (RNN) types that use a single
hidden layer, but they have significant differences in feedback and weight updates. In the Elman RNN, feedback
occurs in the hidden layer, where the nodes in the hidden layer receive input from the previous output. The
weight update process uses the Resilient Propagation (Rprop) algorithm, which separates the learning rate for
each connection and eliminates gradient sign fluctuations. This allows the Elman RNN to achieve faster, more
stable convergence with fewer iterations than other models. In the H1=9 configuration in the hidden layer, Elman
forms a 3-9-1 network, which allows this model to achieve the lowest RMSE and MAPE in a relatively short
training time.

In contrast, in Jordan RNN, feedback occurs in the output layer, where previous outputs are used as feedback
to influence the current outcome. The weight updates in Jordan models are done using standard backpropagation
(gradient descent), which is more commonly used but requires more iterations and time to reach stable convergence.
Jordan RNN has an H1=4 configuration, which forms a 3—4-1 network with fewer neurons in the hidden layer.
Although this model has a simpler configuration, Jordan RNN requires more neurons and iterations to overcome
the vanishing gradient problem, which slows down the convergence process.

3.4. Modeling with Ensemble Forecasting

In this study, the application of the ensembling technique was carried out in three different schemes to test the
effectiveness of model combinations in improving prediction accuracy. The first scheme is a combination of two
models (2-model ensemble), which includes all combinations of pairs of the four models used in this study. This
scheme aims to see how two models can complement each other and produce more accurate predictions than a
single model.
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The second scheme is a combination of three models (3-model ensemble), which combines all triplet
combinations of the four models. With this scheme, better synergy is expected from the three models working
together, thereby correcting the shortcomings of each model. The last scheme is an overall combination (4-model
ensemble), where the four models are combined into one unit. This scheme aims to maximize the potential of all
existing models by utilizing the advantages of each neural network architecture so that it can produce more stable
and reliable predictions, especially when handling complex data and high variability. The modeling results with
ensemble forecasting are visualized in Figure 10.
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Figure 10. Heatmap of SMAPE, MSE, and RMSE for ensemble combinations

This study evaluated different ensemble configurations involving four neural network architectures: FFNN
Backpropagation, FFNN Rprop, Elman RNN, and Jordan RNN. 10 presents the performance of these
configurations based on SMAPE, MSE, and RMSE for both the training and testing datasets. The results reveal
that the best-performing ensemble differs between the two datasets. Although the four-model ensemble achieves
the best performance on the training dataset, the two-model ensemble combining Elman RNN and Jordan RNN
yields lower SMAPE, MSE, and RMSE values on the testing dataset. This finding indicates that the best fit to the
training data does not necessarily translate into the most accurate predictions for unseen observations.

The testing results further demonstrate that predictive performance varies depending on the combination of
neural network architectures. For example, the FFNN Rprop—FFNN Backpropagation ensemble produces a testing
SMAPE of 54.18, MSE of 1412.01, and RMSE of 37.64. These results illustrate that combining two models does
not automatically guarantee accurate predictions; performance depends on which architectures are combined. In
particular, the Elman—Jordan ensemble achieves lower testing errors than the four-model ensemble, making it the
most promising configuration among the evaluated ensembles for predicting maximum rainfall at Juwata Station,
Tarakan.

The difference between training and testing performance also shows that increasing the number of constituent
models does not necessarily improve predictive accuracy. Although the four-model ensemble provides a better
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fit to the training data, adding FFNN Backpropagation and FFNN Rprop to the Elman—Jordan combination
does not produce better results on the testing dataset. Therefore, the specific combination of neural network
architectures appears to be more important than the number of models alone. These findings highlight the
importance of evaluating ensemble configurations using out-of-sample performance. Based on the testing results,
the Elman—Jordan ensemble is the preferred configuration for maximum rainfall prediction at Juwata Station,
Tarakan, among the configurations evaluated in this study.

3.5. Discussion

This study evaluated ensemble configurations combining FFNN Backpropagation, FFNN Rprop, Elman RNN,
and Jordan RNN for maximum rainfall prediction at Juwata Station, Tarakan. By comparing combinations of two,
three, and four architectures, the analysis examined whether combining different neural network structures could
improve predictive performance. The effectiveness of each configuration was assessed using SMAPE, MSE, and
RMSE on both the training and testing datasets. The results show that ensemble performance depends on both the
constituent architectures and the evaluation dataset, indicating that combining more models does not necessarily
lead to more accurate predictions.

FFNN Backpropagation is a widely used learning approach for feedforward neural networks. Its training process
adjusts network weights by minimizing a loss function, such as the mean squared error (MSE), through gradient-
based optimization. However, its convergence and predictive performance depend on factors such as network
architecture, weight initialization, and training settings [55]. FFNN Rprop (Resilient Propagation), in contrast,
adjusts weight updates primarily according to the sign of the gradient rather than its magnitude. This mechanism
can improve convergence efficiency under certain training conditions, although its performance also depends on
the network configuration and learning parameters [56].

Elman RNN is designed to process sequential data through context units that retain information from previous
time steps, enabling the model to represent temporal dependencies. Jordan RNN also incorporates recurrent
feedback, but its context units receive information from the network output, distinguishing its feedback structure
from that of the Elman architecture [25]. These differences provide a basis for investigating whether feedforward
and recurrent architectures offer complementary predictive information when combined for maximum rainfall
forecasting. However, the effectiveness of a particular combination must be established through empirical
evaluation rather than inferred solely from the theoretical characteristics of its constituent models.

The comparative results reveal an important difference between training and testing performance. The four-
model ensemble, which combines FFNN Backpropagation, FFNN Rprop, Elman RNN, and Jordan RNN, achieves
the best performance on the training dataset. However, the two-model ensemble combining Elman RNN and Jordan
RNN produces lower SMAPE, MSE, and RMSE values on the testing dataset than the four-model ensemble. This
finding identifies the Elman—Jordan ensemble as the best-performing configuration among those evaluated for
predicting unseen observations. In contrast, the FFNN Rprop—FFNN Backpropagation ensemble yields testing
errors of 54.18 for SMAPE, 1412.01 for MSE, and 37.64 for RMSE, illustrating that the predictive performance of
two-model ensembles varies according to the architectures being combined.

The difference between training and testing performance suggests that increasing the number of constituent
models does not necessarily improve the generalization ability of an ensemble. Although the four-model ensemble
achieves better performance on the training dataset, the additional constituent models may improve the fit to the
training observations without providing complementary predictive information that consistently benefits forecasts
on unseen data. This outcome may also be related to the use of in-sample SMAPE to determine ensemble weights,
which can favor models with better training performance but does not guarantee optimal performance on the testing
dataset. In contrast, the Elman—Jordan ensemble achieves lower SMAPE, MSE, and RMSE on the testing dataset,
suggesting that the choice of constituent architectures may be more important than ensemble size alone. However,
these explanations remain plausible interpretations, as the underlying mechanisms were not directly investigated in
this study.

These findings demonstrate that increasing the number of constituent models does not necessarily improve out-
of-sample predictive accuracy. Although the four-model ensemble fits the training data more effectively, its testing
performance is lower than that of the Elman—Jordan ensemble. The results suggest that the specific combination
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of architectures is an important consideration when developing an ensemble forecasting model. Therefore, model
selection should prioritize performance on the testing dataset rather than relying exclusively on training results. For
maximum rainfall prediction at Juwata Station, Tarakan, the Elman—Jordan ensemble is the preferred configuration
among the evaluated combinations based on the three testing metrics.

The contribution of this study lies in the comparative evaluation of ensemble configurations involving
FFNN Backpropagation, FFNN Rprop, Elman RNN, and Jordan RNN for maximum rainfall prediction. The
configurations combine two, three, or four architectures using performance-based weighted averaging, with weights
determined by the SMAPE values of the constituent models. Rather than proposing a fundamentally new ensemble
algorithm, this study provides empirical evidence of how different combinations perform on the available rainfall
dataset. In particular, the results show that the configuration with the largest number of constituent models does
not necessarily provide the most accurate testing predictions. Nevertheless, these findings are limited to the study
period, station, and model configurations examined.

Furthermore, the models primarily use lagged rainfall values identified through autocorrelation function (ACF)
and partial autocorrelation function (PACF) analysis. Consequently, the current framework does not explicitly
incorporate large-scale climate drivers or other external meteorological predictors. Another limitation concerns
the use of in-sample SMAPE to determine the ensemble weights. Although this approach provides a consistent
weighting criterion based on training performance, it may favor models that fit the training data well but generalize
less effectively to unseen observations. Future research could investigate validation-based weighting strategies
to improve the reliability of ensemble forecasts. In addition, incorporating exogenous variables, such as relevant
climate indices and meteorological predictors, may help improve maximum rainfall prediction. Comparisons with
conventional time-series models would also provide a more comprehensive assessment of predictive performance.
Future studies should also consider time-series cross-validation and rolling-origin evaluation to assess predictive
performance across multiple forecast origins. These approaches could provide more comprehensive performance
estimates than a single training-to-testing split, particularly when the available testing observations are limited.
Future research should also investigate the sensitivity of ensemble performance to different chronological training-
to-testing split proportions to determine whether the relative performance of the evaluated configurations remains
consistent across different forecast periods. Given the relatively small dataset, future research should also
investigate the potential risk of overfitting by evaluating regularization techniques, such as dropout, weight
decay, and early stopping, where appropriate for the selected architectures. These approaches could help assess
whether model complexity can be controlled and predictive performance on unseen observations can be improved.
Finally, evaluating the selected ensemble across different stations and forecasting periods would help establish the
robustness and broader applicability of the findings.

4. Conclusion

This study evaluated ensemble configurations combining four neural network architectures—FFNN
Backpropagation, FFNN Rprop, Elman RNN, and Jordan RNN for maximum rainfall prediction at Juwata Station,
Tarakan. The models were combined in two-, three-, and four-component configurations using performance-based
weighted averaging. Their predictive performance was evaluated using SMAPE, MSE, and RMSE on the training
and testing datasets. The results demonstrate that the best-performing ensemble configuration differs between the
training and testing datasets. The four-model ensemble achieves the best performance on the training dataset,
whereas the two-model ensemble combining Elman RNN and Jordan RNN produces lower SMAPE, MSE, and
RMSE values on the testing dataset. This finding indicates that incorporating more neural network architectures
does not necessarily improve predictive accuracy for unseen observations. Instead, the selection of constituent
models plays an important role in determining ensemble performance. Among the evaluated configurations, the
Elman—Jordan ensemble provides the most accurate maximum rainfall predictions on the testing dataset based on
the three evaluation metrics.

The findings contribute empirical evidence regarding the performance of different neural network ensemble
configurations for maximum rainfall prediction. However, the results are limited to the observed rainfall data
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from Juwata Station and the model configurations examined in this study. Further research is needed to assess
the generalizability of these findings across different locations and forecasting periods. Future studies could also
incorporate exogenous variables, such as relevant climate indices and meteorological predictors, and compare the
ensemble configurations with conventional time-series models. In addition, investigating advanced deep learning
architectures and probabilistic forecasting approaches could provide further insights into predictive performance
and uncertainty in maximum rainfall forecasting.
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