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Abstract. Accurate rainfall forecasting remains a complex challenge, yet it is
vital for agriculture, water resource management, and urban planning. Given
Brazil’s climatic diversity, understanding how different forecasting models per-
form across regions is particularly important. Using historical data from 46 se-
lected INMET automatic stations distributed across all five Brazilian geographic
regions and spanning 2015 to 2026, we evaluated six machine learning models–
Random Forest, XGBoost, LightGBM, MLP, LSTM, and Reservoir Computing–
for daily precipitation forecasting, using ARIMAX as a baseline. Our results
suggest that the machine learning approaches consistently outperform the sta-
tistical baseline across all Brazilian regions, with neural-network-based models
achieving the highest overall performance. These findings highlight the poten-
tial of nonlinear learning methods for improving daily precipitation forecasting
across diverse climatic conditions in Brazil.

1. Introduction
Precipitation is one of the main components of the Earth’s hydrological cycle, directly
influencing agriculture, energy production, ecosystems, and the survival of living or-
ganisms [Atkinson 2019, Liu 2015]. In the agricultural sector, for example, both the
amount and distribution of rainfall strongly affect crop productivity and determine which
crops can be successfully cultivated in a given region [Rodrigues et al. 2013]. Precipi-
tation also has a significant impact on urban areas. Excessive rainfall, combined with
inadequate urban planning and drainage infrastructure, can trigger floods, damage crit-
ical infrastructure, disrupt power supply systems, and cause substantial socioeconomic
losses [Atkinson 2019]. Consequently, accurate precipitation forecasting plays a crucial
role in supporting agricultural planning, mitigating the impacts of extreme weather events,
improving water resource management, and assisting decision-making processes related
to environmental conservation and disaster risk reduction.

Despite its importance, precipitation forecasting remains a challenging task due
to the highly nonlinear nature of rainfall processes and the large number of interact-
ing atmospheric variables involved [Barrera-Animas et al. 2022, New et al. 2001]. Tra-
ditionally, forecasting approaches relied on physically based models that represent atmo-
spheric processes through mathematical formulations, commonly referred to as climate
models [Wallace and Hobbs 2006, Burlando et al. 1996, Chow 1971]. Advances in com-
putational resources and the growing availability of meteorological data have enabled the



development of data-driven approaches capable of discovering complex patterns from his-
torical observations [da Silva et al. 2025, Das et al. 2024, Solomatine and Ostfeld 2008].
Such approaches provide a promising alternative for precipitation forecasting in Brazil,
where the country’s climatic diversity and strong spatial variability in rainfall patterns
increase the complexity of accurate prediction.

Several data-driven modeling paradigms have been investigated for precipitation
forecasting. Classical statistical models, such as Seasonal Autoregressive Integrated Mov-
ing Average (SARIMA) and its exogenous extension (SARIMAX), remain widely used
to capture seasonal patterns in meteorological time series [Kumar and Richariya 2024].
Ensemble tree methods have also gained popularity due to their ability to model com-
plex nonlinear relationships with relatively limited parameter tuning. In particular, Ran-
dom Forest, Extreme Gradient Boosting (XGBoost), and Light Gradient Boosting Ma-
chine (LightGBM) have demonstrated competitive performance in precipitation forecast-
ing tasks [Cutler et al. 2012]. Neural network architectures constitute another impor-
tant class of forecasting models. Recurrent Neural Networks (RNNs), including Long
Short-Term Memory (LSTM) and Bidirectional Long Short-Term Memory (BiLSTM)
networks, can capture temporal dependencies in sequential weather data. For example,
[Barrera-Animas et al. 2022] compared LSTM, BiLSTM, and XGBoost models using
hourly rainfall observations and reported superior performance for deep recurrent archi-
tectures. Another RNN-based paradigm is Reservoir Computing (RC), commonly im-
plemented through Echo State Networks (ESNs) [Lukoševičius et al. 2012, Jaeger 2001].
RCs have shown promising results in modeling complex and chaotic dynamical sys-
tems [Pathak et al. 2017]. However, to the best of our knowledge, their application to
precipitation forecasting in Brazil has not yet been investigated.

Given this context, this paper presents a comparative evaluation of precipitation
forecasting models across Brazil. To this end, we use daily rainfall records collected
from 46 automatic weather stations operated by the National Institute of Meteorology
(INMET), covering all five Brazilian geographic regions. Specifically, we evaluate seven
forecasting models: (i) ARIMAX, (ii) Random Forest, (iii) XGBoost, (iv) LightGBM, (v)
Multilayer Perceptron (MLP), (vi) LSTM and (vii) RC. By assessing these approaches
under a common experimental protocol and across diverse climatic conditions, this study
provides a broad comparison of their predictive performance in the Brazilian context.
Furthermore, the experimental results highlight the potential of Reservoir Computing as
a competitive approach for precipitation forecasting, demonstrating its ability to capture
complex temporal patterns in rainfall data effectively.

2. Related Work
Precipitation forecasting has traditionally relied on numerical weather prediction and
physical climate models that simulate atmospheric dynamics and thermodynamic pro-
cesses through mathematical formulations [Atkinson 2019, Chow 1971]. More re-
cently, data-driven approaches have gained increasing attention by leveraging histori-
cal meteorological records to identify complex patterns associated with rainfall dynam-
ics [Barrera-Animas et al. 2022]. Among these approaches, statistical models such as
ARIMA and ARIMAX remain widely used due to their interpretability and effectiveness
in modeling temporal dependencies. However, they often struggle to capture the nonlinear
dynamics of rainfall, particularly in tropical climates.



These limitations have motivated the adoption of machine learning techniques for
precipitation forecasting. In Brazil, supervised learning approaches have been success-
fully applied to rainfall prediction in the Amazon region, outperforming traditional sta-
tistical baselines [Monteiro et al. 2024]. Unsupervised learning methods have also been
explored, such as cluster analysis to identify rainfall patterns and estimate the number of
rainy days in semiarid regions of the country [Tinôco et al. 2018].

Among supervised learning approaches, MLPs have been applied to precipita-
tion forecasting for several decades with encouraging results [Gardner and Dorling 1998].
More recently, [Barrera-Animas et al. 2022] compared LSTM, BiLSTM, and XG-
Boost models using hourly rainfall observations in the United Kingdom and found
that recurrent neural networks achieved superior predictive performance. In con-
trast, [da Silva et al. 2025] reported lower forecasting errors for Random Forest than for
LSTM-based models when forecasting precipitation from satellite-derived data in Brazil.
Similarly, [Domingos et al. 2025] evaluated gradient boosting and deep learning mod-
els for seasonal precipitation forecasting in South America and concluded that boosting
techniques can achieve competitive predictive accuracy. These findings suggest that the
effectiveness of forecasting models depends strongly on data characteristics and the pre-
diction scenario, highlighting the importance of comparative evaluations across different
climatic and geographic settings.

Another promising approach is RC, commonly implemented through ESNs. RC
has demonstrated strong predictive capabilities in nonlinear dynamical systems and time-
series forecasting tasks [Pei and Wang 2023]. Despite these encouraging results, its appli-
cation to precipitation forecasting in Brazil remains largely unexplored. Motivated by this
gap, the present study evaluates several forecasting approaches using rainfall data from
different Brazilian regions, with particular emphasis on Reservoir Computing.

3. Methodology

This section describes the methodology adopted to conduct the comparative evaluation
of precipitation forecasting models across Brazil. The methodology comprises four main
components: dataset, data processing and feature engineering, forecasting models, and
evaluation metrics. The following subsections present each component in detail.

3.1. Dataset

We constructed the dataset used in this study from publicly available data collected by
INMET’s automatic meteorological stations1. The observations cover the period from
January 1, 2015, to April 30, 2026, with a daily temporal resolution. Initially, we collected
data from 659 meteorological stations with records available during the study period. To
ensure data quality and reduce the impact of missing values, we retained only stations with
less than 30% missing observations. After applying this filtering criterion, the dataset
comprised 362 stations distributed across different regions of Brazil. Fig. 1 shows the
spatial distribution of these stations and their respective percentages of missing data.

As shown in Fig. 1, the spatial distribution of meteorological stations in Brazil
is highly heterogeneous, with station density decreasing substantially toward the North

1Available at: https://bdmep.inmet.gov.br



Figure 1. Spatial distribution of the automatic INMET stations retained after ap-
plying the 30% missing-data threshold. The color scale indicates the per-
centage of missing precipitation observations at each station.

and Central-West regions, as previously reported by [Rozante et al. 2010]. This un-
even coverage poses challenges for precipitation studies, particularly in areas with
sparse observational networks. To mitigate this limitation, researchers often complement
ground-based observations with satellite-derived and gauge-corrected precipitation prod-
ucts [Rozante et al. 2020]. However, we rely exclusively on observations collected by
INMET stations. Despite its heterogeneous spatial coverage, the INMET meteorologi-
cal network provides reliable ground-based measurements and constitutes a valuable data
source for investigating precipitation dynamics and evaluating forecasting models.

After applying the missing-data filter, we retained two stations from each state,
prioritizing those with the highest data completeness (i.e., the lowest proportion of miss-
ing data). We excluded Acre, Rio Grande do Norte, and Roraima because none of their
stations satisfied the 30% missing-data threshold. We also excluded Amapá because only
one station met this criterion. As a result, the final dataset comprises 46 stations, corre-
sponding to the two stations with the most complete records from each of the following
22 states and the Federal District: Alagoas, Amazonas, Bahia, Ceará, Distrito Federal,
Espı́rito Santo, Goiás, Maranhão, Mato Grosso, Mato Grosso do Sul, Minas Gerais, Pará,
Paraı́ba, Paraná, Pernambuco, Piauı́, Rio de Janeiro, Rio Grande do Sul, Rondônia, Santa
Catarina, São Paulo, Sergipe, and Tocantins.

3.2. Data Processing and Feature Engineering

Each station provides meteorological observations together with geographic metadata,
including the station identification code, station name, state, geographic region, latitude,
longitude, and altitude. These metadata allow us to uniquely identify each station and
stratify observations by state and geographic region. The meteorological observations
recorded at each station are used as input variables for the forecasting models. Table 1
summarizes the observations considered in this study.

We first organized the observations chronologically for each station and then han-
dled missing values. For the target variable (Prec), we set missing precipitation values to
zero, reflecting the predominance of dry days in most regions and avoiding the introduc-
tion of artificial rainfall events.

For the remaining meteorological variables (P, Tmax, Tmin, RHmean, RHmin, and
WSmean), we adopted a hierarchical imputation strategy designed to preserve temporal



Table 1. Description of the meteorological variables

Variable Description

Date Observation date in the format YYYY-MM-DD
P Daily mean atmospheric pressure (mB)
Tmax Daily maximum air temperature (◦C)
Tmin Daily minimum air temperature (◦C)
RHmean Daily mean relative humidity (%)
RHmin Daily minimum relative humidity (%)
WSmean Daily mean wind speed (m/s)
Prec Daily accumulated precipitation (mm), used as the target variable in the forecasting task

continuity and seasonal patterns [Wangwongchai et al. 2023, Alejo-Sanchez et al. 2025].
First, we filled gaps of up to three consecutive days through linear interpolation applied in-
dependently to each station. We imputed longer gaps using station-specific climatological
information by replacing each missing value with the historical mean of the correspond-
ing variable for the same month and day at the same station, computed from all available
years in the training data. When no such historical record was available, we used the
long-term mean of the variable at that station. As a final fallback, we replaced missing
values with the overall mean of the corresponding variable computed from the data.

In addition to the meteorological variables, we derived temporal features from the
observation date to capture seasonal and cyclical patterns in precipitation. Specifically,
we encoded the month and day of the year using sine and cosine transformations, resulting
in four additional variables: Monthsin, Monthcos, Daysin, and Daycos. This representation
preserves the cyclical nature of temporal variables by ensuring that adjacent periods, such
as December and January, remain close in the feature space. For a temporal variable t
with period T , the cyclical encoding is defined as

sin(t) = sin

(
2π

t

T

)
, cos(t) = cos

(
2π

t

T

)
. (1)

To further capture temporal dependencies in rainfall dynamics, we incorporated
lagged precipitation features. Specifically, we included precipitation values observed 1,
2, 3, 4, 5, 6, 7, 14, 21, and 30 days before the prediction date as predictor variables.

The final feature set comprises 20 variables: P, Tmax, Tmin, RHmean, RHmin, WSmean,
Monthsin, Monthcos, Daysin, Daycos, and the ten lagged precipitation features Prect-1,
Prect-2, Prect-3, Prect-4, Prect-5, Prect-6, Prect-7, Prect-14, Prect-21, and Prect-30. These vari-
ables serve as inputs to the forecasting models, while daily accumulated precipitation
(Prec) is used as the target variable.

3.3. Forecasting Models
We selected seven regression algorithms to perform daily precipitation forecasting. As a
statistical baseline, we employed (i) SARIMAX. We also evaluated three ensemble tree
methods, namely (ii) Random Forest, (iii) XGBoost, and (iv) LightGBM, as well as three
neural-network-based models: (v) MLP, (vi) LSTM and (vi) RC.

Because SARIMAX, Random Forest, XGBoost, LightGBM, MLP, and LSTM
are well-established forecasting models in the literature, we provide a brief overview
of RC, whose application to precipitation forecasting remains relatively limited. RC is



a recurrent neural network architecture composed of a fixed, randomly connected dy-
namical reservoir and a trainable linear readout layer [Jaeger 2001]. Unlike conven-
tional recurrent neural networks, RC trains only the output weights, resulting in a sim-
pler training procedure. The reservoir dynamics provide an internal memory mecha-
nism capable of capturing temporal dependencies and nonlinear interactions in time-
series data [Lukoševičius et al. 2012]. We included RC in this study because of its
strong performance in forecasting chaotic dynamical systems [Griffith et al. 2019] and
its recent application to similar meteorological data collected from weather stations in
China [Pei and Wang 2023].

3.4. Evaluation Metrics

To evaluate the models described in Section 3.3, we employed two regression metrics:
Mean Absolute Error (MAE) and the Root Mean Squared Error (RMSE). Let yi denote
the observed precipitation, ŷi the predicted precipitation for observation i, and n the total
number of observations. The mathematical formulations of these metrics is given by,

MAE =
1

n

n∑
i=1

|yi − ŷi|, RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)2. (2)

In this study, MAE measures the average magnitude of prediction errors in mil-
limetres of precipitation, assigning equal importance to all deviations. RMSE also quan-
tifies prediction errors in millimetres but places greater emphasis on larger errors due to
the squared-error term.

4. Experimental Setup

Fig. 2 provides an overview of the experimental setup adopted in this study. First, we
applied an additional preprocessing stage to the final dataset described in Section 3. We
standardized all input variables and applied a logarithmic transformation to the target
variable (Prec) to reduce skewness and stabilize variance.

Time-Series 
Cross-Validation

Hyperparameter 
OptimizationForecasting Model

Preprocessed 
Dataset

Test Set

Training Set Retrain Best Model

Final Evaluation

Figure 2. Overview of the adopted experimental setup

Next, we chronologically split the dataset into training and test sets to preserve the
temporal structure of the precipitation series. Observations collected between 2015-01-
01 and 2024-05-31 composed the training set, whereas observations collected between
2024-06-01 and 2026-04-30 composed the test set.



We optimized the hyperparameters of the forecasting models (Section 3.3) using
time-series cross-validation on the training set. Table 2 summarizes the search spaces con-
sidered for each model. We adopted a five-fold expanding-window validation scheme. We
employed Randomized Search with 100 candidate configurations sampled from prede-
fined search spaces for Random Forest, XGBoost, and LightGBM, whereas MLP, LSTM,
and RC used exhaustive grid search. In the MLP experiments, we applied early stopping
based on the validation loss to reduce overfitting. For RC, we used a warm-up period
before training the readout layer to allow the reservoir dynamics to reach a stable state.

Table 2. Hyperparameter search spaces used for model optimization.

Model Hyperparameter search space

Random Forest n estimators ∈ [200, 1000], max depth ∈ [3, 100], min samples split ∈ [2, 40]
min samples leaf ∈ [1, 20], max features ∈ {sqrt,log2,None}

XGBoost n estimators ∈ [200, 1000], learning rate ∈ [0.01, 0.30], max depth ∈ [3, 12]
subsample ∈ [0.6, 1.0], colsample bytree ∈ [0.6, 1.0], min child weight ∈ [1, 10]

LightGBM n estimators ∈ [200, 1000], subsample ∈ [0.6, 1.0], max depth ∈ [3, 15], num leaves ∈ [10, 100]
colsample bytree ∈ [0.6, 1.0], learning rate ∈ [0.01, 0.30], min child samples ∈ [10, 50]

MLP units ∈ {32, 64, 128, 256}, dropout ∈ {0.0, 0.1, 0.2}
hidden layers ∈ {1, 2, 3}, batch size ∈ {32, 64, 128}

LSTM sequences ∈ {7, 14, 30}, layers ∈ {1, 2, 3}, units ∈ {32, 64, 128}
learning rate ∈ {10−2, 10−3, 10−4, 10−4}, dropout ∈ {0.0, 0.2}

RC units ∈ {100, 300, 500, 1000}, spectral radius ∈ {0.5, 0.7, 0.9, 1.1, 1.2}
leaking rate ∈ {0.1, 0.3, 0.5}, ridge ∈ {10−6, 10−4, 10−3, 10−2, 10−1}

SARIMAX followed a different optimization procedure. We automatically se-
lected the autoregressive (p), differencing (d), and moving-average (q) orders using the
Auto-ARIMA algorithm on the training set. We turned off seasonal components because
the feature set already explicitly represented seasonal patterns through sine and cosine
temporal encodings, effectively resulting in an ARIMAX model. Furthermore, we ex-
cluded precipitation lag features from SARIMAX to avoid redundancy with its intrinsic
autoregressive structure.

Finally, we selected the best configuration for each model based on the lowest
validation RMSE. We then retrained the selected setting using the entire training set and
evaluated its predictive performance on the test set using MAE and RMSE, as defined in
Section 3.4. Before computing these metrics, we transformed all predictions back to the
original precipitation scale.

We implemented all experiments in Python using NumPy, Pandas, Scikit-learn,
ReservoirPy, Keras, LightGBM, and XGBoost, with Seaborn and Matplotlib for data visu-
alization. The dataset, source code, and analysis scripts are publicly available at: https:
//github.com/leonardo-cSouza/inmet_rainfall_forecasting.

5. Results and Discussion
Table 3 presents the average RMSE values and corresponding standard deviations ob-
tained for the considered Brazilian federative units. In general, neural-network-based
models achieved the best performance. In particular, RC had the lowest average RMSE
among all evaluated methods and achieved the best result in 11 of the 23 federative
units, ranking second in another 11. MLP and LSTM also performed competitively, each



achieving the best result in at least four federative units. Among the ensemble tree meth-
ods, XGBoost yielded the lowest average RMSE, although its advantage over Random
Forest and LightGBM was relatively small. In contrast, SARIMAX consistently produced
the highest errors and achieved the worst overall performance.

Table 3. Mean RMSE values by Brazilian federative unit (FU), with standard de-
viations reported in parentheses. Bold and underlined values indicate the
best and second-best results, respectively.

FU SARIMAX Random Forest XGBoost LightGBM MLP LSTM RC

Alagoas 8.41 (0.82) 8.35 (0.67) 8.10 (0.54) 8.05 (0.51) 7.76 (0.58) 8.05 (1.38) 6.47 (1.32)
Amazonas 10.47 (0.48) 10.41 (0.83) 10.01 (1.06) 10.20 (1.18) 10.01 (0.77) 10.73 (1.35) 10.37 (0.85)
Bahia 8.50 (0.88) 7.72 (0.49) 7.62 (1.07) 7.72 (0.87) 7.24 (0.66) 7.21 (1.39) 7.39 (0.60)
Ceará 2.70 (2.25) 2.42 (2.22) 2.32 (2.08) 2.39 (2.12) 2.34 (1.86) 2.59 (2.98) 2.04 (1.72)
Distrito Federal 10.03 (0.93) 9.24 (0.89) 9.36 (0.97) 9.27 (0.91) 9.04 (0.73) 9.79 (2.18) 9.23 (0.90)
Espı́rito Santo 10.13 (0.19) 9.55 (0.07) 9.29 (0.03) 9.20 (0.22) 8.94 (0.35) 9.66 (0.81) 8.97 (0.37)
Goiás 9.85 (1.57) 8.82 (1.17) 8.75 (1.15) 8.82 (1.21) 8.59 (1.07) 9.41 (1.09 8.64 (1.27)
Maranhão 7.14 (4.60) 6.94 (4.50) 6.79 (3.96) 6.67 (4.06) 6.22 (4.11) 5.75 (5.11) 6.31 (4.54)
Minas Gerais 10.73 (0.98) 9.88 (1.11) 9.98 (0.82) 9.98 (0.90) 9.21 (0.34) 9.64 (0.34) 9.55 (0.37)
Mato Grosso 7.46 (4.76) 6.92 (4.35) 6.87 (4.31) 6.91 (4.34) 6.88 (4.33) 6.54 (5.68) 6.61 (4.09)
Mato Grosso do Sul 8.18 (1.02) 7.57 (0.83) 7.52 (0.83) 7.55 (0.87) 7.27 (0.77) 7.82 (2.28) 7.50 (0.77)
Pará 12.71 (0.52) 11.86 (0.01) 11.85 (0.02) 12.00 (0.05) 11.43 (0.08) 11.68 (0.22) 10.94 (0.07)
Paraı́ba 5.00 (1.23) 4.87 (1.16) 4.66 (1.13) 4.75 (1.11) 4.72 (1.17) 5.12 (1.97) 4.03 (0.59)
Pernambuco 2.23 (1.41) 2.15 (1.36) 2.72 (1.93) 2.35 (1.54) 1.91 (1.33) 2.04 (2.14) 1.93 (1.09)
Piauı́ 3.66 (1.74) 3.41 (1.80) 3.40 (1.77) 3.38 (1.76) 3.05 (1.42) 2.87 (1.95) 3.01 (1.42)
Paraná 9.99 (2.89) 9.72 (3.03) 9.61 (2.97) 9.67 (3.02) 9.76 (3.05) 10.59 (5.18) 9.37 (2.59)
Rio de Janeiro 8.13 (1.62) 7.85 (1.53) 7.77 (1.50) 7.82 (1.54) 7.66 (1.44) 8.47 (1.93) 7.25 (1.59)
Rondônia 9.90 (0.63) 8.93 (0.52) 8.75 (0.38) 8.83 (0.47) 8.53 (0.53) 8.11 (0.88) 8.71 (0.69)
Rio Grande do Sul 10.94 (1.24) 10.85 (1.16) 10.55 (1.16) 10.63 (1.14) 10.25 (1.06) 12.15 (1.77) 9.88 (0.62)
Santa Catarina 7.98 (4.23) 7.10 (4.11) 7.15 (4.10) 7.20 (4.26) 6.88 (3.49) 6.72 (4.58) 6.89 (3.66)
Sergipe 8.18 (0.98) 8.06 (1.10) 7.93 (1.06) 7.97 (1.14) 7.64 (0.98) 8.63 (1.00) 7.84 (1.19)
São Paulo 9.38 (0.19) 8.76 (0.14) 8.69 (0.03) 8.72 (0.05) 8.50 (0.02) 8.50 (0.98) 8.31 (0.16)
Tocantins 8.10 (0.79) 7.62 (0.99) 7.60 (1.04) 7.55 (1.03) 7.63 (0.87) 8.03 (0.51) 7.44 (1.10)

Average 8.25 (1.56) 7.78 (1.48) 7.71 (1.47) 7.72 (1.49) 7.45 (1.35) 7.83 (2.07) 7.33 (1.37)

From a geographical perspective, the lowest forecast errors were observed in the
Northeast region, particularly in Pernambuco, where MLP achieved the lowest average
RMSE (1.91 ± 1.33), and in Ceará, where RC achieved an RMSE of 2.04 ± 1.72. In
contrast, the highest prediction errors were recorded in Pará. Interestingly, although Pará
exhibited relatively large RMSE values, it also presented one of the lowest standard de-
viations among all federative units. This result suggests a consistent error pattern across
the two analyzed stations. Conversely, larger standard deviations indicate greater spatial
heterogeneity in rainfall dynamics within a state, suggesting that precipitation patterns
differ substantially between the selected INMET stations.

Figures 3 and 4 present the distributions of MAE and RMSE, respectively, across
stations grouped by Brazilian region. Both metrics indicate that the Northeast region
generally exhibits the lowest median errors. However, its distributions show considerable
variability, particularly for RMSE. In contrast, the North and South regions represent the
most challenging forecasting environments, yielding the highest median errors (RMSE ≈
9–11; MAE ≈ 3.5–5) across the evaluated methods. The Southeast region stands out
for producing the most consistent predictions, as evidenced by the narrowest interquartile
ranges for both metrics, despite a few lower-bound outliers.

The superior performance observed in the Northeast region can be attributed to its
prolonged, well-defined dry seasons, which result in many days without rainfall. Conse-



Figure 3. Distribution of MAE across stations grouped by Brazilian region.

Figure 4. Distribution of RMSE across stations grouped by Brazilian region.

quently, the models can more easily learn this dominant pattern, reducing overall predic-
tion errors and stabilizing the evaluation metrics. In contrast, the North region presented
the highest errors, likely due to the predominance of convective rainfall in the Amazon,
characterized by intense, sudden, high-volume, and highly localized precipitation events.
The South region also exhibited relatively high errors, particularly during extreme rainfall
events. Unlike the Northeast, rainfall in the South is distributed throughout the year and
is strongly influenced by frequent cold-front passages. The evaluated models do not fully
capture this greater day-to-day variability and the frequent shifts in weather patterns. Fi-
nally, the Central-West and Southeast regions showed similar intermediate performance.
Both regions share a comparable climatic regime, characterized by a well-defined rainy
season during summer and a relatively distinct dry winter.

Placing our findings in a broader context, the RMSE values achieved by the best-
performing models compare favorably with those reported in recent rainfall forecasting
studies. For example, [Wani et al. 2024] reported a minimum RMSE of 14 mm using
LSTM for stations in the North-western Himalayas, a value that exceeds even the highest
RMSE observed in our experiments (12.71 mm for ARIMAX in Pará). This difference
may reflect both the distinct climatic characteristics of the Himalayan region and dif-
ferences in the observational datasets. For Reservoir Computing, [Pei and Wang 2023]
reported mean absolute errors ranging from 1.8 to 4.3 mm across weather stations in
China using ESNs; our RC results achieved comparable performance and, in some cases,
lower errors in the Northeast region. In contrast to [Barrera-Animas et al. 2022], who
found that LSTMs outperformed XGBoost for hourly rainfall forecasting in the United
Kingdom, our daily-resolution experiments indicate similar performance for both mod-
els, suggesting that temporal resolution may influence their relative advantages. Finally,



[da Silva et al. 2025] reported lower forecasting errors for Random Forest than for LSTM
when using satellite-derived precipitation data in Brazil. Our results only partially support
this finding, as Random Forest generally underperformed neural-network-based models
when trained on ground-station observations.

Overall, our results highlight the inherent difficulty of daily precipitation fore-
casting. Precipitation is highly intermittent and nonlinear, influenced by atmospheric
processes operating across multiple spatial and temporal scales. As a result, part of its
variability cannot be fully explained by the local meteorological variables considered in
this study. In addition, the dataset exhibits a highly imbalanced distribution, with a pre-
dominance of dry days and relatively few intense rainfall events. Model performance may
also have been affected by the adopted imputation strategy. Incorporating more sophis-
ticated imputation procedures and complementary data sources, such as National Water
Agency records and satellite-based observations, could potentially improve forecasting
accuracy.

6. Concluding Remarks
This paper presented a comparative evaluation of daily rainfall forecasting models across
Brazil using meteorological data collected from INMET stations. The study considered
46 stations distributed across 22 Brazilian states and the Federal District, selecting two
stations per state according to data-quality criteria. To ensure data reliability, we retained
only stations with less than 30% missing observations. Using this dataset, we compared
a statistical baseline model (SARIMAX) alongside six data-driven forecasting models:
Random Forest, XGBoost, LightGBM, MLP, LSTM, and Reservoir Computing.

Our results indicate that nonlinear data-driven models substantially and consis-
tently outperform the linear ARIMAX baseline on the INMET dataset. Among the eval-
uated approaches, RC and MLP achieved the highest predictive accuracy, with RC ob-
taining the lowest errors in the Northeast region and the best average performance across
states. Despite its theoretical suitability for sequential data, the LSTM was the weakest
neural network-based model in several states characterized by predominantly convective
or frontal precipitation regimes. Across all regions, forecasting remained most challeng-
ing in the North and South of Brazil, where convective rainfall and cold-front-driven
precipitation, respectively, generate high day-to-day variability that is not fully captured
by the local meteorological predictors considered in this study.

For future work, we highlight the development of multi-stage hybrid frameworks
to address the zero-inflation in precipitation data. A promising direction is adopting a
two-stage architecture, where a binary classifier first predicts rainfall occurrence and a re-
gression model subsequently estimates precipitation intensity. In addition, future studies
could expand the feature space by incorporating variables that describe non-local atmo-
spheric conditions, such as cloud-cover information, indicators of vertical convective de-
velopment, and geopotential height. These variables may provide additional information
on the atmospheric processes driving precipitation and improve forecast accuracy.
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