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ARTICLE INFO ABSTRACT

Keywords: Accurately predicting monthly precipitation is crucial for managing water resources, particularly in regions with
Precipitation complex climates like Southern Lazio, Italy. This study addresses the challenges of selecting relevant climate
Forecasting

parameters and optimizing model complexity for precise forecasting. Four models, based on Bi-directional Long
Short-Term Memory (BI-LSTM) and Radial Basis Function (RBF) neural networks, were compared, focusing on
their ability to predict monthly precipitation using diverse inputs such as mean temperature, relative humidity,
sea level pressure, radiation, precipitation change, and 12 climate indices. One significant challenge was
determining the most impactful subset of input variables from a large dataset to enhance model performance
without overfitting. To address this, the Particle Swarm Optimization (PSO) feature selection algorithm was
employed, significantly improving model accuracy by identifying the optimal subset of input variables. The
comparative analysis revealed that PSO-based models consistently outperformed those using all input variables,
with the PSO-RBF model achieving a Kling-Gupta Efficiency (KGE) value of up to 0.80 during testing. Notably,
both PSO-BI-LSTM and PSO-RBF models demonstrated strong performance in predicting precipitation peaks,
achieving KGE values of 0.74. The study highlights the efficacy of the RBF model combined with PSO, which
optimizes fewer parameters compared to the more complex BI-LSTM network while reducing input variables.
This approach is not only less computationally intensive but also easier to implement, particularly in regions with
limited instrumentation. These findings suggest that the PSO-RBF model is a reliable and efficient tool for
monthly precipitation prediction in challenging environments.
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1. Introduction

Precipitation forecasting plays a crucial role in evaluating various
hydrological processes [1]. The dynamic nature of precipitation assumes
a critical role as an input parameter, profoundly influencing the man-
agement of water resources within urban and agricultural domains
[2-6]. Moreover, its accurate prediction holds paramount importance in
anticipating and mitigating the impact of floods and droughts [7]. In
light of observed climate changes over recent decades, the intricacy of
meteorological parameters has notably intensified, presenting a formi-
dable challenge in the field of precipitation forecasting [8].

Precipitation forecasting relies on two distinct approaches: dynamic
and empirical. The dynamic approach involves process-based equations
using physical models. However, operational complexities and compu-
tational efficiency have constrained the widespread applicability of
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these models on a large scale [9]. Consequently, an empirical approach
based on data-driven models emerges as a viable alternative, especially
when dealing with limited time series [10]. Nevertheless, employing the
conventional empirical approach for precipitation predictions is chal-
lenging due to the chaotic nature of meteorological variables. In this
regard, artificial intelligence (AI) algorithm-based approaches have
proven to be the most reliable techniques, enabling high computational
speed without the need to define analytical relationships between input
data and the target. Literature reviews on precipitation forecasting
employing a Machine Learning (ML) approach were undertaken by
Ashok and Pekkat [11] and Latif et al. [12]. Therefore, the following
analysis will focus on reviewing the latest and most innovative literature
studies in the field of data-driven approaches, based on the hybridiza-
tion of multiple algorithms for prediction and optimization, specifically
for monthly precipitation forecasting.
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Ghamariadyan and Imteaz [13] developed a monthly precipitation
forecast model for Queensland, Australia, employing a hybrid Wavelet
Artificial Neural Network (WANN). The wavelet transform decomposes
the input data into different frequency components, allowing the
network to capture and analyze patterns at multiple scales, enhancing its
ability to model complex relationships in the data. Their study compared
alternative models utilizing different AI algorithms such as ANN,
ARIMA, Multiple Linear Regression (MLR), and Australian Community
Climate Earth-System Simulator-Seasonal (ACCESS-S). The findings
demonstrated the superior accuracy of the WANN models in contrast to
the other models. Di Nunno et al. [14] developed a hybrid model based
on M5P and support vector regression (SVR) for the prediction of the
monthly precipitation in the tropical monsoon-climate northern region
of Bangladesh. The authors demonstrated the hybrid model’s effec-
tiveness in improving precipitation prediction accuracy, with the
MS5P-SVR algorithm that outperformed the individual ML models. Tao
etal. [15] proposed a Multiscale LSTM model with Attention Mechanism
(MLSTM-AM) to enhance monthly precipitation forecasting for the
Yangtze River basin, in China. The MLSTM-AM model utilizes a trous
wavelet transform (ATWT) to decompose standardized monthly pre-
cipitation anomalies and climate indices into subseries at different time
scales. Subsequently, at each time scale, the LSTM model predicts pre-
cipitation anomaly subseries by coupling with a Partial Information (PI)
algorithm for input selection and an Attention Mechanism (AM) for
optimizing the model structure. Then, the final monthly precipitation
prediction is obtained by summing all predicted subseries. The authors
compared the performance of the MLSTM-AM with MLSTM, LSTM and
multiple linear regression (MLR) models, showing the superiority of the
MLSTM-AM. Zhao et al. [16] introduced a novel coupled model for
monthly precipitation prediction in Luoyang, China, combining
Ensemble Empirical Mode Decomposition, LSTM, and Autoregressive
Integrated Moving Average (ARIMA). In particular, the modal compo-
nents of various frequencies acquired through EEMD decomposition
were segregated into high-frequency and low-frequency series parts
using the Permutation Entropy (PE) algorithm. The LSTM model pre-
dicts the high-frequency sequence, whereas the ARIMA model forecasts
the low-frequency sequence. The authors showed how the
EEMD-LSTM-ARIMA model outperforms the EMD-LSTM, EEMD-LSTM,
EEMD-ARIMA combined models and the single models. Jiang [17] also
proposed a method based on complementary ensemble empirical mode
decomposition (CEEMD) and improved LSTM, for the monthly precipi-
tation prediction in the Hunan Province, China. As for the aforemen-
tioned study, the CEEMD method was employed to decompose the
monthly precipitation series into a collection of relatively stationary
subsequence components. Jamei et al. [18] introduced a novel approach
for forecasting monthly rainfall in the Himalayan region of India, spe-
cifically Haridwar and Nainital. The authors employed a
multi-decomposition technique involving time-varying filter-based
empirical mode decomposition (TVF-EMD) and Singular Valued
Decomposition (SVD), together with different neural network and ML
algorithms: Encoder-Decoder BI-LSTM (EDBI-LSTM), Adaptive Boosting
Regression (Adaboost), Generalized Regression Neural Network
(GRNN), and Random Forest (RF), to construct the hybrid forecasting
models. In particular, the TVF-EMD-SVD-EDBI-LSTM outperformed all
the other models.

Overall, finding the optimal model for precipitation forecasting,
based on a data-driven approach, is challenging due to the intricate
nature of meteorological variables. Time series data exhibit complex and
nonlinear patterns influenced by various factors. Additionally, un-
certainties in climatic conditions and the evolving nature of atmospheric
phenomena make it difficult to determine a one-size-fits-all model.
Furthermore, selecting the optimal input variables for precipitation
predictions is challenging due to the dynamic and chaotic nature of
meteorological variables. Therefore, the choice of influential input pa-
rameters significantly affects model accuracy. In addition, using very
complex models in precipitation forecasting has certain disadvantages.
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Firstly, complexity often leads to increased computational demands,
making these models resource-intensive. This can limit their practi-
cality, especially in real-time applications or areas with limited
computing resources. Moreover, complex models may be more suscep-
tible to overfitting. On the other hand, simple and fast models, while
slightly less accurate, offer several advantages. They are computation-
ally efficient, allowing for quicker results and easier implementation in
operational forecasting systems. Simplicity also enhances interpret-
ability, making it easier for forecasters and stakeholders to understand
the model’s predictions.

This article addresses two critical questions: Can accurate models for
predicting monthly precipitation be developed without becoming overly
complex and imposing high computational costs? Is it possible to
maintain satisfactory performance by using a reduced number of input
variables for forecasting? These challenges are tackled by comparing
two distinct neural network approaches.

The first model is the BI-LSTM, a deep neural network known for its
high predictive performance, but also for its significant complexity and
computational demands. The second model is the RBF, a simpler and
computationally more efficient classical neural network, which has been
highlighted in previous studies for its high performance [19].

A key difficulty in this research is balancing the trade-off between
model accuracy and complexity, particularly when selecting the most
relevant input variables from a large dataset. To address this, the study
employs the Particle Swarm Optimization (PSO) algorithm to select the
optimal subset of input variables, leading to the development of two
models: PSO-BI-LSTM and PSO-RBF. This approach not only reduces
computational costs but also enhances model accuracy by avoiding the
pitfalls of overfitting. Additionally, the study delves into the prediction
of monthly precipitation peaks, which is crucial for improving risk
mitigation and resource planning in the face of extreme weather con-
ditions. The innovation of this research lies in its application of
advanced machine learning techniques, specifically the combination of
PSO feature selection with BI-LSTM and RBF neural networks, to a re-
gion that has not previously been addressed by Al-driven forecasting
models. To illustrate this innovation, the study focuses on three distinct
areas in Southern Lazio, Italy, which encompass mountainous, inland,
and coastal regions. The varied topographical features of these areas
create diverse microclimates, leading to heterogeneous precipitation
patterns. Investigating these patterns is crucial for enhancing our un-
derstanding of local hydrological processes, water resource manage-
ment, and climate dynamics. Remarkably, no prior forecasting models
utilizing Artificial Intelligence algorithms have targeted this region to
date, highlighting the novel contribution of this study.

2. Materials and methods
2.1. Study area and dataset

Southern Lazio exhibits distinct rainfall patterns across its coastal,
inland, and mountainous areas, contributing to diverse ecosystems and
agricultural practices. In particular, the coastal areas of Southern Lazio,
corresponding to the Latina Province, experience distinct rainfall pat-
terns influenced by the Mediterranean climate. Winters are mild and
relatively wet, with the majority of rainfall occurring during winter.
Coastal regions are affected by moist air masses originating from the
Tyrrhenian Sea, leading to occasional heavy downpours. Summers, on
the other hand, are characterized by reduced rainfall and higher tem-
peratures. Moving inland from the coastal zones, Frosinone Province
exhibits a change in rainfall patterns. Inland regions generally experi-
ence a more balanced distribution of precipitation throughout the year
compared to the coast. Winters are still relatively cool and can be wet,
while summers are warmer and drier. The reduced maritime influence
leads to less pronounced seasonality in rainfall. The mountainous areas
of Southern Lazio, at the border with the Abruzzo and Molise regions,
display distinctive rainfall patterns influenced by orographic effects. As
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moist air is forced to ascend the mountain slopes, it cools and releases
moisture, resulting in higher precipitation levels on the windward side
of the mountains. Winters in these mountain areas are colder, and
snowfall is common, contributing to the seasonal water supply.

The current study relies on the E-OBS gridded meteorological data
for Europe [20,21]. This dataset, derived from on-site observations,
features a grid resolution of 0.1° and spans from 1950 to the present,
offering time series data for different variables. Specifically, data per-
taining to precipitation (P), mean temperature (Tmean), relative humid-
ity (RH), atmospheric pressure at sea level (psea), and surface shortwave
downwelling radiation (R) were considered across three distinct cells for
the purposes of this study (Fig. 1).

The first cell, identified as Cell 1, is situated at the border with
Abruzzo, encompassing the Campocatino mountainous tourist location.
This site is positioned on a karst plateau at an altitude of 1780 m above
sea level, surrounded by the Western Ernici Mountains in that sector.
Notable peaks in this area are just below 2000 m in altitude, with ex-
amples including Monte Pozzotello (1995 m). The second cell, desig-
nated as Cell 2, is located in the central area of the Frosinone province,
covering municipalities like Isola del Liri, situated at an elevation of 160
m above sea level. The surrounding territory exhibits a combination of
hills and plains, characteristic of the central Italian landscape. The third
cell, denoted as Cell 3, is in close proximity to the Tyrrhenian Sea,
encompassing the municipality of Latina and the Circeo National Park.
The park includes the Circeo mountain range, with its highest peak,
Mount Circeo, towering at an elevation of 541 m above sea level.

Fig. 2 provides the monthly mean values of P, Tean, RH, psea and R.
Regarding the precipitation, as expected, there was a common pattern
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between the three cells, with higher precipitation during the winter
months and lower precipitation during summer. The peaks of precipi-
tation occur in November for all three cells, with Cell 1 which showed
the highest values (189 mm), followed by Cell 2 (169 mm) and then Cell
3 (142 mm). The drier month was July for all cells, with Cell 3 that
showed the lowest value of P, equal to 14 mm, followed by Cell 2 (26
mm) and then Cell 3 (45 mm).

It should be noted that precipitation time-series forecasting is chal-
lenging due to the complex, nonlinear, and variable nature of atmo-
spheric processes, leading to difficulties in capturing spatial and
temporal patterns, multi-scale interactions, and the unpredictable in-
fluence of factors such as local topography and extreme events. In order
to enhance forecasting performance, time series related to 12 different
climate indexes were incorporated into the modeling: Greenland
Blocking Index (GBI), Arctic Oscillation (AO), North Atlantic Oscillation
(NAO), Global average temperature Anomalies (Tanomalies), Nino 3.4.
Nino 4. South Indian (IND). North Tropical Atlantic (NTA), East Atlantic
(EA), South Tropical Atlantic, (STA), Caribbean (CAR), North Pacific
Hawaii (HAW). Table 1 provides a description of each index, while
Fig. S1 depicts the monthly mean values of each index.

In the context of time series precipitation forecasting, climatic
indices serve as essential elements for understanding and predicting
patterns over specific periods. The intricate connections between these
indices and precipitation variations contribute valuable insights into the
temporal dynamics of weather patterns. For instance, shifts in the Arctic
Oscillation may indicate changes in atmospheric circulation affecting
precipitation over time while oceanic indices, like those in the Atlantic
and Pacific, become crucial features in time series analysis, capturing

Fig. 1. Location of the selected cells in the Southern Lazio territory.
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Fig. 2. Monthly mean values of P, Tpean, RH, psea and R.

Definition

Table 1
Definition of the climate indexes.
Climate index Abbreviation
Greenland Blocking GBI
Index
Arctic Oscillation AO
North Atlantic NAO

Oscillation

Global average Tanomalies

temperature
Anomalies
Nino 3.4 -
Nino 4 -
South Indian IND
North Tropical NTA
Atlantic
East Atlantic EA
South Tropical STA
Atlantic
Caribbean CAR
North Pacific Hawaii HAW

Mean 500 hPa geopotential height for the
60-80°N, 20-80°W region. It measures
blocking over Greenland which impacts
both climate and weather in the Northern
Hemisphere [23].

Leading mode of Empirical Orthogonal
Function (EOF) analysis of monthly mean
1000 mb height during 1979-2000
period [22,24].

Normalized pressure difference between
a station on the Azores and one on
Iceland.

Deviation from the long-term average
temperature for the entire planet.

A positive anomaly indicates that the
observed temperature was warmer than a
reference value, and vice versa.
Timeseries of Sea Surface Temperature
(SST) anomalies from 5S to 5N and 170-
120W

Timeseries of SST anomalies averaged
from 5S to 5N and 170-120W

Timeseries of SST anomalies averaged
over the Indian Sea

Timeseries of SST anomalies averaged
over the Northern Tropical Atlantic
Ocean

Timeseries of SST anomalies averaged
over the East Atlantic Ocean

Timeseries of SST anomalies averaged
over the Southern Tropical Atlantic
Ocean

Timeseries of SST anomalies averaged
over the Caribbean Sea

Timeseries of SST anomalies averaged
over the North Pacific around Hawaii
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the influence of sea surface temperatures on precipitation trends [22].

Furthermore, an additional variable has been developed, referred to
as Py,r, which represents the precipitation change, calculated as the
difference between precipitation at time t+1 and precipitation at time t,
normalized with respect to the average precipitation over a 12-month
rolling window. By using a rolling window, the forecasting model can
adapt to evolving patterns or shifts in the data. This flexibility is
particularly valuable when dealing with seasonal variations or trends, as
well as with non-stationary time series data where the statistical prop-
erties may change over time.

2.2. Modeling procedure

Radial Basis Function Neural Network (RBF-NN, [25]), is a feedfor-
ward neural network comprised of three layers: an input layer, a hidden
layer that uses RBF for data dimensionality transformation, and an
output layer (Fig. 3a). The hidden layer employs RBF to intricately
transform the input data into a higher-dimensional space, thereby
facilitating the execution of regression tasks. The radial basis function is
a mathematical function centered at a specific point, exhibiting expo-
nential decay as the distance from the center increases. To establish the
initial centers for Gaussian radial basis functions, the K-Means algorithm
is employed. The Gaussian function, frequently utilized as the radial
basis function, serves as the activation function for the hidden layer. In
the RBF neural network, the output layer typically constitutes a linear
combination of activations from the hidden layer. The weights for this
linear combination are determined either through a least-squares
approach or gradient descent. One notable advantage of the RBF-NN is
its reduced reliance on extensive training data compared to other neural
networks. This is attributed to the feature extraction performed by the
hidden layer, resulting in a reduction of input data dimensionality.
Additionally, the RBF-NN demonstrates lower susceptibility to over-
fitting, a phenomenon occurring when a model becomes excessively
complex and fits the training data too closely, consequently impairing its
generalization to new data.
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Fig. 3. Schemes related to the neural networks employed: a) Architecture of RBF-NN, b) Cell of an LSTM network, c¢) Architecture of a BI -LSTM Network, d) PSO

feature selection sketch.

Long Short-Term Memory (LSTM, [26]), is a recurrent neural
network (RNN) architecture specifically designed to overcome the
vanishing gradient issue encountered in traditional RNNSs. In contrast to
standard RNNs, LSTMs exhibit enhanced capability in handling
sequential data by selectively retaining or discarding previous infor-
mation based on the current input.

At the core of an LSTM network are memory cells, each comprising
three principal components: an input gate, a forget gate, and an output
gate (Fig. 3b). These gates collectively regulate the influx and retention
of information within the cell. The input gate determines the allowance
of new information into the cell, the forget gate dictates the retention of
older information, and the output gate controls the utilization of the
current state of the cell as output. During the training process, LSTMs
adapt their gating mechanisms based on the input data and the specific
task at hand. This adaptive mechanism enables the selective retention or
discarding of information from previous time steps, contingent on its
relevance to the ongoing task. LSTMs have proven to be effective across
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a diverse array of sequential data tasks. However, it’s essential to note
that a potential drawback lies in their computational complexity, which
can result in prolonged training times and increased resource re-
quirements compared to simpler models.

Standard LSTM networks execute data processing in a unidirectional
(forward) manner, where information storage or prediction is based on
preceding data. In contrast, a bidirectional LSTM network (BI-LSTM,
[27]), features a more advanced architecture that simultaneously pro-
cesses data in both forward and backward directions. The output at a
given time step is a composite of two distinct hidden layers, each rep-
resenting a training sequence corresponding to the forward and back-
ward directions (Fig. 3c). This bidirectional approach enhances training
efficiency compared to its standard LSTM counterpart. Within the
context of this study, enhancements were introduced by incorporating a
dropout layer and a dense layer into the layers composed of LSTM and
BI-LSTM cells. The dropout layer randomly nullifies input elements with
a specified probability, while the dense layer, functioning as a
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fully-connected layer, facilitates the alteration of the output dimen-
sionality from the preceding layer.

In order to improve the prediction of both RBF-NN and BI-LSTM
models, the Particle Swarm Optimization (PSO, [28]) feature selection
algorithm was considered to assess the optimal subset of input variables
for the precipitation forecasting. PSO key steps [29] are illustrated in
Fig. 3d. The procedure starts by generating a group or random particles,
with the particles that symbolize the potential input variable subsets for
precipitation prediction. Then, the iterative process refines particle po-
sitions to find the most effective combination for accurate forecasting. At
each iteration, a particle’s "personal best" (pbest) and the collective
"group best" (gbest) positions are computed. If a particle discovers a
solution surpassing its previous best (pbest), the new solution becomes
its updated pbest. The best pbest among all particles is identified as the
group’s gbest, representing the most effective input variable
combination.

The algorithm checks termination conditions: identifying an optimal
input subset or reaching a predetermined iteration limit. Upon meeting
these conditions, the process concludes, providing the best subset of
input variables for prediction.

2.3. Evaluation of model performance

The accuracy of the forecast models was evaluated based on five
different evaluation metrics.

— Correlation coefficient (r): It is a statistical measure indicating the
strength and direction of the linear relationship between predicted
and observed precipitation values. It ranges between —1 and 1, with
positive values suggesting a positive correlation and negative values
indicating a negative correlation.

(P —Pp) (Pyy — Pu)

(€8]

(% —Pp)" 3 (P —Pu)’

T
[ygE
L=

— Mean Absolute Error (MAE): Absolute error between the predicted
and measured precipitation, normalized by the number of samples. It
ranges between 0 and +oco with lower values indicating more accu-
rate models.

n s s
> [Ph — Py

MAE =22 2

— Mean Absolute Percentage Error (MAPE): Relative error between
predicted and measured precipitation normalized by the number of
samples. It ranges between 0 and +oco with lower values indicating
more accurate models.

PP,
pi

n
2,
MAPE:%

3)

—Root Mean Square Error (RMSE): The square root of the total
squared error between the predicted and measured precipitation,
divided by the number of samples. It ranges between 0 and + oo, with
lower values indicating more accurate models.
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RMSE = @

—The Normalized Root Mean Square Error (NRMSE): NRMSE is a
normalized version of RMSE that adjusts the RMSE value by the
range or variability of the observed data. It is used to make RMSE
comparable across different datasets or models by scaling it with
respect to the observed data’s range or standard deviation.
Normalization can be performed by dividing the RMSE by the range,
which is the difference between the maximum and minimum values
of the measured data. It ranges between 0 and +oo0, with lower values
indicating more accurate models.

RMSE

NRMSE=— ———————
max(Py) — min(Py)

(5)

— Kling-Gupta Efficiency (KGE): Dimensionless metric based on cor-
relation coefficient, mean and standard deviation to the mean of
observed and predicted precipitation. Unlike R%, which solely as-
sesses the relative error magnitude, KGE penalizes models that either
overestimate or underestimate the mean or variability of observed
values. It ranges between -co and 1, with higher values indicating
more accurate models.

P > (Pp,/P» 2
KGE=1 — r712+<:’)—1> +<‘7771>
\/( " e Pyo/Pu

where P}, is the measured precipitation for the ith data, P}, is the pre-
dicted precipitation for the ith data, Py is the mean measured precipi-
tation, Pp is the mean predicted precipitation, Py, is the standard
deviation of the measured precipitation, Pp,, is the standard deviation of
the predicted precipitation and s is the number of samples.

Furthermore, in order to provide additional insight into the effec-
tiveness of predictive models, we propose using the ratio between KGE
and MAPE. Since predictive models are more accurate when KGE is high
and MAPE is low, elevated values of KGE/MAPE indicate more high-
performing predictive models. Moreover, this ratio proves particularly
valuable when there are similar or divergent forecasting performances
among the models implemented for predictions.

(6)

3. Results
3.1. Precipitation forecasting

This section presents the results of precipitation forecasting,
comparing the performance of the different models across the three
cells.

First, to improve forecasting accuracy, the PSO feature selection al-
gorithm was employed to identify the optimal subset of input variables
for precipitation forecasting. The optimal subset was assessed based on
merit, reflecting how effectively the selected features enhance the ma-
chine learning model’s performance. The PSO results, including the
settings used, are detailed in Table S1. The optimal subset comprises
seven input variables: RH, Pg,, R, AO, NTA, HAW, and Py,;. Conse-
quently, the PSO-based models (PSO-BI-LSTM and PSO-RBF) utilized
this subset, while the baseline models (BI-LSTM and RBF) incorporated
all seventeen variables. The optimal selection of lagged values for input
parameters and precipitation, as well as hyperparameter values, was
determined using a Bayesian optimization procedure. The resulting
values are presented in Tables S2 and S3, with a detailed description of
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the Bayesian optimization process available in Ref. [30].

The evaluation metrics for the training and testing stages across all
three cells and forecasting models are summarized in Table 2. Fig. 4
illustrates the comparison between measured and predicted precipita-
tion (P) during the testing stage for Cell 1, while Figs. S2 and S3 present
similar comparisons for Cells 2 and 3.

Cell 1, located in the Central Apennines, had the highest average
precipitation (P) among the three cells studied. During the testing stage,
the PSO-RBF model delivered the most accurate prediction (r = 0.87,
RMSE = 49.02 mm, KGE/MAPE = 1.44), followed by the PSO-BI-LSTM
model (r = 0.85, RMSE = 56.18 mm, KGE/MAPE = 1.15). These results
underscore the positive impact of PSO-based feature selection, as both
PSO-enhanced models outperformed the baseline BI-LSTM and RBF
models, which used all input variables. The worst performance was
observed in the RBF model (r = 0.84, RMSE = 70.30 mm, KGE/MAPE =
0.67). Confidence intervals (95 % level) were also computed, with the
PSO-BI-LSTM model showing the largest interval (471 mm), followed by
the PSO-RBF model (458 mm). In comparison, the BI-LSTM and RBF
models had lower maximum confidence intervals of 369 mm and 359
mm, respectively, highlighting the superior ability of PSO-based models
to capture even the highest precipitation peaks.

Cell 2, located in the inland area of Frosinone province, had an in-
termediate average precipitation (P) among the three cells. During the
testing stage (Fig. S2), the PSO-BI-LSTM model provided the most ac-
curate prediction (r = 0.86, RMSE = 39.64 mm, KGE/MAPE = 1.31),
followed by the PSO-RBF model (r = 0.86, RMSE = 36.90 mm, KGE/
MAPE = 1.20). The BI-LSTM-based models had lower MAPE values than
the RBF-based models, indicating more accurate predictions. Both
models improved in performance from Cell 1 to Cell 2, except for the

Table 2

Water Cycle 6 (2025) 82-94

PSO-RBF model, which showed better RMSE and KGE values but slightly
lower KGE/MAPE. Higher confidence intervals were observed for the BI-
LSTM models (up to 421 mm), while the RBF and PSO-RBF models had
maximum intervals of 366 mm and 394 mm, respectively, showcasing
the PSO-based models’ superiority.

Cell 3, located along the coast, had the lowest average P among the
cells. During the testing stage (Fig. S3), the RBF model produced the
most accurate prediction (r = 0.82, RMSE = 37.93 mm, KGE/MAPE =
0.97), followed by the PSO-BI-LSTM model (r = 0.84, RMSE = 34.70
mm, KGE/MAPE = 0.80).

Overall, all models performed worse for Cell 3 compared to Cells 1
and 2, which can be attributed to the distinctive characteristics of the
precipitation time series. Despite Cell 3 having the lowest average P, it
exhibited the highest coefficient of variation (CV) at 0.88, compared to
0.75 and 0.83 for Cells 1 and 2, respectively. A higher CV indicates
greater variability, with larger fluctuations in the data, making pre-
dictions more challenging. This increased variability results in more
pronounced peaks and troughs, which complicates the model’s ability to
capture patterns accurately. Additionally, a higher CV implies less
consistency and more complexity in both input and target variables,
further complicating prediction.

3.2. Forecasting of precipitation peaks

A crucial focus of this study is the prediction of monthly precipitation
peaks, which is vital for planning and mitigation efforts. Accurate
forecasting enables authorities to take proactive measures to prevent
floods and landslides, optimize water management, and design resilient
infrastructure, thereby safeguarding public safety and protecting

Evaluation metrics. Colorbar ranges from red (lower performance) to green (higher performance).
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Fig. 4. Precipitation predictions for Cell 1 — Testing stage: BI-LSTM (a), PSO-BI-LSTM (b), RBF (c), PSO-RBF (d). The filled red areas indicate the confidence intervals.
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agriculture and the environment.

To assess model accuracy in predicting these peaks, a peak detection
algorithm was applied during the testing stage. The algorithm identifies
local maxima using a prominence criterion, with a minimum threshold
of 40 mm. This threshold captures significant precipitation events while
filtering out smaller fluctuations and reducing noise. While 40 mm suits
the region’s precipitation patterns, different thresholds may be required
for areas with varying rainfall levels.

In total, 37 peaks were identified in Cell 1, 35 in Cell 2, and 26 in Cell

Water Cycle 6 (2025) 82-94

3. These differences are due to the distinct geographical and meteoro-
logical characteristics of each cell. The higher precipitation peaks in
mountainous Cell 1, compared to coastal Cell 3, are primarily attributed
to orographic lifting, where rising moist air over mountains leads to
increased rainfall. Additionally, factors such as complex topography,
local wind patterns, microclimates, and temperature gradients play a
role in shaping precipitation patterns.

Fig. S4 illustrates the detected peaks for all cells during the testing
stage, while Table 2 presents the evaluation metrics for peak prediction.

Fig. 5. Predictions of the precipitation peaks.
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Fig. 5 shows the comparison between measured and predicted peaks
across all cells and models.

In Cell 1, the PSO-RBF model demonstrated the most accurate pre-
dictions during the testing stage (r = 0.86, RMSE = 62.95 mm, KGE/
MAPE = 3.30), followed by the PSO-BI-LSTM model (r = 0.81, RMSE =
77.11 mm, KGE/MAPE = 2.53). For Cell 2, the PSO-RBF model out-
performed others (r = 0.84, RMSE = 49.80 mm, KGE/MAPE = 3.60). In
contrast, Cell 3 showed the worst prediction results, with the RBF model
performing best (r = 0.76, RMSE = 55.54 mm, KGE/MAPE = 2.53).

Fig. 6 presents box and violin plots of the relative error for the
monthly precipitation peaks across all cells and models. In Cell 1, the
median relative error ranged from 0.18 (PSO-RBF) to 0.39 (BI-LSTM),
indicating underestimation of peaks. Interquartile ranges (IQRs) varied
from 0.16 (RBF) to 0.29 (PSO-BI-LSTM). Cell 2 had lower median values
(0.09-0.23), with broader IQRs between 0.25 and 0.36. Cell 3 showed a
narrower range of median values (0.15-0.20), with IQRs ranging from
0.29 to 0.41.

Overall, the PSO-RBF model generally outperforms the other models,
showing lower median errors, which suggests a higher ability to predict
precipitation peaks. However, in the coastal region of Cell 3, the per-
formance of the three models is similar, with the RBF model (without
PSO) showing the best results.

4. Discussion
4.1. Main outcomes of the study and comparison with literature

This study undertakes a comparative analysis of four models based
on two neural networks, BI-LSTM and RBF, incorporating two combi-
nations of input variables, with and without PSO feature selection. The
goal is to predict precipitation across three distinct geographical cells in
Southern Lazio, Italy.

The findings reveal that the most accurate predictions were achieved
for the mountainous Cell 1 and the inland Cell 2, while predictions for
the coastal Cell 3 were the least accurate. The differences in accuracy
can be attributed to the unique geographical and meteorological fea-
tures of each cell. Mountainous Cell 1 likely benefits from orographic
lifting, which enhances precipitation prediction accuracy. Inland Cell 2
may experience favorable wind patterns and local climate dynamics,
further aiding prediction accuracy. However, coastal Cell 3 faces chal-
lenges due to its proximity to water, contributing to a more complex
precipitation environment. Additionally, Cell 3’s lower average pre-
cipitation and higher coefficient of variation (CV) reflect greater vari-
ability, complicating predictions.

The study highlights differences in microclimates, land cover, and
surface properties across the three cells influence prediction outcomes.

Water Cycle 6 (2025) 82-94

These findings suggest the need to incorporate additional exogenous
inputs to improve the accuracy of precipitation prediction models,
particularly when addressing the distinct challenges posed by different
geographical locations.

The study emphasizes how RBF-based models demonstrated pre-
diction accuracy comparable to, and sometimes surpassing, BI-LSTM-
based models. This aligns with findings from Ref. [19], which showed
that RBF is a powerful tool for streamflow rate predictions, requiring
fewer parameters for optimization, leading to reduced computation
time. The integration of the PSO feature selection algorithm further
enhances prediction accuracy by identifying the most relevant variables,
enabling the model to focus on key factors driving precipitation vari-
ability. This meticulous variable selection improves the model’s ability
to predict cumulative rainfall during both ordinary and extreme pre-
cipitation months.

Moreover, the study compares its results with relevant literature.
Zhou et al. [22] assessed various models, including ARIMA, Artificial
Neural Networks (ANNs), Support Vector Machines (SVMs), Random
Forest (RF), and gradient boosting regression, for monthly rainfall pre-
diction across 25 stations in East China. They found the RF algorithm to
be superior, with an RMSE of approximately 40 mm, consistent with the
PSO-RBF model’s performance in the present study. They also high-
lighted the importance of local meteorological factors such as temper-
ature, pressure, humidity, and sunshine duration in improving
predictions, noting a strong link between the Western North Pacific
Monsoon and rainfall in East China.

Similarly, Di Nunno et al. [14] proposed a hybrid M5P-SVR model for
monthly rainfall in Bangladesh, finding the best performance when
including parameters like temperature, humidity, wind speed, and
sunshine, although their RMSE values (up to 88 mm) were worse than
those of the PSO-RBF model in the current study. Jamei et al. [18], using
a high-performance TVF-EMD-SVD-EDBI-LSTM model for monthly
rainfall prediction in India, achieved RMSE values of about 44 mm,
comparable to the PSO-RBF model, with a KGE of 0.96, slightly sur-
passing the KGE values observed in this study.

Overall, the study reinforces the potential of PSO-enhanced RBF
models for accurate precipitation forecasting, especially in regions with
complex meteorological patterns.

The literature underscores the diverse challenges and requirements
of precipitation forecasting across different climate zones. In the Medi-
terranean region, characterized by mild, rainy winters and hot, dry
summers, there is considerable variability in temperature and precipi-
tation. This variability, even within sub-regions, demands models that
can capture both the seasonality of precipitation and interannual fluc-
tuations. On the other hand, tropical monsoon climates, with heavy
rainfall during monsoons and pronounced dry periods, require models

Fig. 6. Combined box and violin plots for the three cells — Peaks.
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that can handle the intense seasonality and extreme rainfall events.

Choosing an appropriate model for precipitation forecasting is
complex because it depends on the hydrological characteristics specific
to each climate zone. In regions with complex temporal dependencies,
such as Mediterranean climates, deep learning (DL) models like BI-LSTM
may perform well. These models can capture intricate time-based pat-
terns in precipitation data. However, in applications that require more
computational efficiency, simpler models like RBF (Radial Basis Func-
tion) neural networks may be more suitable, as they require fewer pa-
rameters and less computational effort.

Furthermore, alternative models such as Convolutional Neural Net-
works (CNNs) have gained attention for their ability to capture spatial
patterns in climate prediction [31]. CNNs are particularly effective when
spatial correlations play a key role in forecasting, as they can extract
local features from grid-based data. This makes them valuable in regions
where spatial variability influences precipitation patterns. Additionally,
hybrid models that combine different machine learning algorithms can
leverage the strengths of various approaches to improve prediction
performance [14]. These hybrid models can provide a more compre-
hensive understanding by capturing both spatial and temporal patterns
in precipitation data, which is essential for accurate forecasting.

In summary, the choice of model should be tailored to the specific
climate zone, considering both the spatial and temporal characteristics
of the precipitation data. By selecting models that align with the unique
challenges of each region, forecasting accuracy can be improved, which
is critical for effective water resource management and climate adap-
tation strategies.

Compared to more complex models like CNNs and simpler individual
machine learning algorithms, BI-LSTM and RBF provide a balanced
approach to precipitation forecasting. BI-LSTM effectively captures
intricate temporal dependencies by analyzing data in both directions,
which is crucial for understanding time-series patterns. While CNNs
excel in spatial feature extraction, they require substantial computa-
tional resources and complex architecture adjustments. Simpler algo-
rithms may lack the sophistication needed to manage the complex
relationships in precipitation data. The combination of BI-LSTM and
RBF offers robust temporal analysis and computational efficiency,
enhancing forecast accuracy and reliability without the heavy resource
demands of CNNs or the limitations of basic models.

4.2. Role of feature selection algorithms in forecasting accuracy

Incorporating PSO for feature selection enhances model performance
and computational efficiency by effectively navigating the feature space
to identify relevant variables. However, comparing PSO with other
feature selection methods could provide a broader evaluation of its
effectiveness.

For instance, Zerouali et al. [32] optimized a multilayer perceptron
(MLP) model using various algorithms, including Genetic Algorithm
(GA), PSO, and Firefly Algorithm (FFA), for monthly precipitation pre-
diction in the Sebaou River basin, Northern Algeria, a humid region in
the Mediterranean area. The authors indicated that the MLP-FFA model
outperformed MLP-GA and MLP-PSO, achieving RMSE values of up to
29.92 mm during the testing stage, which are fairly in line with the
present study. Rahmati et al. [33] found that while the Grasshopper
Optimization Algorithm (GOA) provided stable convergence, PSO
offered faster convergence and better objective function values in some
cases.

GA is widely used for optimization due to its ability to efficiently
explore large search spaces. Moradi-Far et al. [34] compared the per-
formance of GA with the Marine Predators Algorithm (MPA) for opti-
mizing water supply reservoirs and found GA to be less effective than
MPA under certain conditions. However, GA’s strength lies in its flexi-
bility and robustness, which could be beneficial when dealing with
complex precipitation data with numerous variables. Furthermore,
Azadi et al. [35] developed a hybrid model based on FA and K-Nearest
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Neighbors (KNN) that proved to be highly efficient in reducing run time
while maintaining accuracy in water resources optimization.

Other notable optimization algorithms include the Multi-Objective
Invasive Weed Optimization Algorithm (MOIWOA), which has shown
effectiveness in water resource management under climate change sce-
narios. Kalhori et al. [36] demonstrated its capacity to handle
multi-objective optimization problems, achieving high reliability and
resiliency in water allocation. This algorithm could be adapted for
feature selection in precipitation models to balance multiple objectives,
such as accuracy and computational efficiency.

Other valuable optimization algorithms include the Multi-Objective
Firefly Algorithm (MOFA), which, when coupled with KNN, has
demonstrated efficient management of complex models with reduced
computational time [37], and the Multi-Objective Harris Hawks Opti-
mization (MOHHO), which is effective for optimizing multiple criteria
under climate change scenarios [38]. Additionally, the Invasive Weed
Optimization Algorithm (IWOA) excels in multi-objective optimization
for water resource management [39].

Overall, the PSO algorithm offers several key advantages that make it
particularly effective for feature selection in the context of precipitation
forecasting. PSO is known for its fast convergence to optimal or near-
optimal solutions, which is crucial when working with large datasets
where computational speed is a priority. Its simplicity and flexibility
further increase its appeal, as PSO is easier to implement and fine-tune
than more complex algorithms such as GOA or GA. This simplicity al-
lows for quick adaptation across different problem types, including
those with non-linear and non-convex search spaces. Moreover, PSO is
effective in avoiding overfitting, a significant concern in complex
climate models. By identifying a minimal subset of relevant features,
PSO helps reduce the risk of overfitting, thereby improving the model’s
predictive performance. This feature selection process also lowers the
computational burden, making the models more efficient and easier to
apply, especially in environments with limited data or computational
resources.

However, alternative methods like GOA or GA might be more ad-
vantageous in specific scenarios, such as when dealing with more
complex or unstable datasets. These methods could offer better perfor-
mance under certain conditions but might also require more computa-
tional resources or more sophisticated parameter tuning. In summary,
while PSO was chosen for its balance of speed, efficiency, and simplicity,
exploring other methods like GOA and GA could provide additional
insights or performance improvements depending on the specific re-
quirements of the forecasting task.

4.3. Limitations and future developments

This study has demonstrated the potential of integrating machine
learning (ML) and deep learning (DL) models, such as the RBF neural
network combined with the PSO feature selection algorithm, for pre-
cipitation prediction. The PSO algorithm’s ability to identify an optimal
subset of input variables significantly improved forecasting precision,
even in data-scarce regions. Additionally, the simplicity of the RBF
model, with fewer parameters to optimize, made it both computation-
ally efficient and user-friendly.

However, the study’s focus on a specific region in Southern Lazio,
Italy, presents a limitation regarding the broader applicability of the
results. While this region’s diverse topography, ranging from moun-
tainous to coastal, offers a variety of precipitation patterns, the findings
may not translate directly to other climatic contexts. Future research
should explore how these models perform in diverse environments,
including arid, tropical, and temperate regions, where precipitation
dynamics differ significantly. For example, models tested in arid zones
might need to predict sparse, irregular rainfall, while tropical regions
demand frequent and intense precipitation events.

Moreover, there is substantial potential for enhancing forecast ac-
curacy by integrating advanced ML and DL algorithms, along with
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alternative feature selection techniques. Combining different types of
models or employing ensemble methods could leverage the strengths of
each approach, improving predictive performance. These methods,
along with refined input variable selection, could address challenges like
overfitting and underfitting, particularly for extended forecasting
horizons.

Expanding the application of these models across different climatic
zones and refining them with more sophisticated algorithms will provide
a more comprehensive understanding of their adaptability and robust-
ness. This will not only extend the findings of this study but also
contribute to the ongoing development of more reliable and accurate
precipitation forecasting tools.

5. Conclusion

This study compared four models based on two different neural
network models, BI-LSTM and RBF, and on two different combinations
of input variables assessed with the PSO feature selection algorithm. The
input variables consisted of the mean temperature, relative humidity,
sea level pressure, radiation, and 12 different climate indexes.
Furthermore, a normalized precipitation change was also included as a
further variable.

During the testing phase, RBF exhibited slightly better performance
compared to BI-LSTM. Furthermore, the PSO-based models consistently
outperformed those incorporating all input variables, with PSO-RBF that
showed KGE/MAPE values up to 1.44 for the mountain Cell 1. The PSO-
RBF model was the best even in predicting monthly precipitation peaks,
achieving KGE/MAPE values of up to 3.60 for the inland Cell 2. More-
over, the overall performance seems to be superior for Cells 1 and 2,
whereas it was slightly inferior for both average and peak monthly
precipitation in Cell 3. The latter exhibited the lowest average precipi-
tation and the highest CV among the three cells. This evidence affirms
the greater complexity of predicting climate patterns in regions with low
and highly variable precipitation.

In summary, this study demonstrated the efficacy of the RBF neural
network coupled with the PSO feature selection algorithm, highlighting
their robustness for precipitation prediction. The PSO’s optimal variable
selection improved accuracy, enabling precise forecasts with fewer in-
puts, which is especially useful in data-scarce regions. Additionally, the
simplicity of RBF models, with fewer parameters to optimize, makes
them both efficient and user-friendly.
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