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Abstract 

Seasonal precipitation forecasting remains challenging in regions with complex topography and high 
climatic variability, such as the state of Minas Gerais, Brazil. This study evaluates the performance of 
an Artificial Intelligence (AI)–based ensemble approach for seasonal precipitation prediction during 
2024 and compares its results with those obtained from the NCEP Climate Forecast System version 2 
(NCEP-CFSv2), a model from the North American Multi-Model Ensemble (NMME). The AI model 
was trained using high-resolution precipitation data from the MERGE-CPTEC dataset and applied 
to generate seasonal forecasts. Model performance was assessed using Root Mean Square Error 
(RMSE), Mean Square Error (MSE), and Relative Error (RE). Observed seasonal precipitation 
anomalies for 2024 were also examined to contextualize forecast skill under different climatic 
conditions. The results show that the AI-based forecasts consistently outperform the NCEP-CFSv2 
from NMME across all seasons, exhibiting lower error metrics and improved representation of spatial 
precipitation patterns. The highest forecast skill was observed during winter (JJA), when atmospheric 
conditions are more stable and precipitation variability is low. During the wet seasons (DJF and 
SON), despite increased convective activity and spatial heterogeneity, the AI model maintained 
greater spatial coherence and closer agreement with observations than the dynamical forecasts. 
Overall, the findings demonstrate that AI-based approaches represent a promising and 
computationally efficient complementary tool for regional-scale seasonal precipitation forecasting, 
particularly in climatically heterogeneous regions. 

Keywords: artificial intelligence; neural network; seasonal prediction; precipitation 
 

1. Introduction 

Precipitation forecast plays a crucial role in water resource management, agriculture, and 
climate disaster mitigation. Reliable forecasts are particularly critical in regions prone to 
hydroclimatic extremes, where the increasing frequency and intensity of droughts and floods 
amplified by anthropogenic climate change poses significant socioeconomic and environmental 
challenges [1–4]. 

In Brazil, seasonal climate forecasting is of strategic importance because much of the national 
economy depends on rainfall-driven systems, such as energy production [5] and agriculture [6]. The 
state of Minas Gerais, located in southeastern Brazil, represents a particularly sensitive region. With 
an area of 586,000 km2 and a diverse topography that includes high mountain ranges in the south and 
lower plateaus in the north, Minas Gerais exhibits substantial climatic heterogeneity [7]. Orographic 
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effects increase rainfall in elevated central and southern areas, while the northern and western 
regions tend to experience drier conditions [8]. 

The rainy season is strongly influenced by the South Atlantic Convergence Zone (SACZ), a 
persistent convective band that can produce long-lasting rainfall episodes [9–11]. When the SACZ 
remains stationary, widespread floods and landslides often occur in central and southern Minas 
Gerais, as seen in late 2021 and early 2022 [12–14]. Conversely, in years when the SACZ is weak or 
displaced, northern Minas Gerais often experiences prolonged droughts, severely impacting 
agriculture and water availability [15]. 

Despite their importance, seasonal precipitation forecasts for Minas Gerais remain highly 
challenging. The region lies in a climatic transition zone between tropical and subtropical regimes, 
where the influence of large-scale drivers such as the El Niño–Southern Oscillation (ENSO) is 
moderate and inconsistent [16]. ENSO phases that strongly determine rainfall in northern and 
northeastern Brazil often have weaker and less predictable effects in Minas Gerais [17,18]. Capturing 
such complex and region-specific climate signals remains particularly difficult for traditional 
forecasting approaches, which rely on dynamical models. 

Traditional forecasting approaches are based on dynamical models, known as General 
Circulation Models (GCMs), which numerically solve the fundamental equations governing 
atmospheric and oceanic processes [19]. Seasonal predictions derived from GCMs, such as those 
provided by the North American Multi-Model Ensemble (NMME) and the European Centre for 
Medium-Range Forecasts (ECMWF) seasonal forecasting system (SEAS5), have advanced 
significantly in recent decades [20,21]. However, despite these improvements, such models remain 
computationally intensive and continue to face limitations in both spatial and temporal resolution, 
which constrain their ability to capture regional climatic variability with sufficient accuracy [22,23]. 

Artificial intelligence (AI), and machine learning (ML) techniques in particular, have emerged 
as promising alternatives. Unlike dynamical models, AI-based approaches can efficiently process 
large volumes of observational and reanalysis data, identify nonlinear relationships, and generate 
forecasts with reduced computational cost. Neural networks and ensemble learning methods, for 
example, have shown potential to capture complex spatiotemporal rainfall patterns [24]. Leading 
meteorological institutions such as the ECMWF and the UK Met Office are increasingly incorporating 
AI techniques into operational forecasting, reporting improvements in accuracy and efficiency [25]. 
Recent advances have demonstrated that machine learning can outperform traditional models in 
subseasonal-to-seasonal forecasting, particularly when trained on high-resolution precipitation 
datasets [26,27]. 

In this context, the present study explores the use of artificial neural networks to improve 
seasonal precipitation forecasting in Minas Gerais. By training models on a high-resolution dataset 
and applying ensemble techniques, this research aims to predict four consecutive seasons, evaluating 
the extent to which AI can overcome the limitations of traditional models and provide more accurate 
rainfall predictions throughout the year. Given the state’s climatic diversity, its socioeconomic 
dependence on stable rainfall regimes, and the recurrent risks posed by precipitation extremes, 
improving these year-round seasonal forecasts offers a pathway to strengthen agricultural planning, 
optimize hydropower generation, and enhance disaster risk reduction strategies. 

The remainder of this paper is organized as follows: Section 2 describes the dataset employed 
and the methodology adopted. Section 3 presents the results obtained with the AI models, while 
Section 4 provides a detailed discussion of these findings. Finally, Section 5 summarizes the main 
conclusions and highlights the study’s limitations. 

2. Materials and Methods 

2.1. Study Area 

The state of Minas Gerais, located in the southeast Brazil, is known for its vast territorial expanse 
and a wide diversity of landscapes and climates, as shown in Figure 1. With an area of approximately 
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586,521 km2, Minas Gerais borders the states of Bahia, Goiás, Mato Grosso do Sul, Espírito Santo, São 
Paulo, and Rio de Janeiro. This geographical diversity results in significant variations in altitude, 
ranging from lower areas in the northeast and west of the state to mountainous regions in the south, 
such as the Serra da Mantiqueira, where peaks can reach around 2,800 meters in elevation (Figure 
1.b). 

 

Figure 1. (a) Mesoregions of the state of Minas Gerais according to the Brazilian Institute of Geography and 
Statistics [28]. (b) Topography of the State of Minas Gerais in meters based on ETOPO 2022 topography data 
with a spatial resolution of 0.0167° x 0.0167° [29]. 

Precipitation in Minas Gerais exhibits a pronounced seasonal cycle typical of a tropical–
subtropical transition region. Based on the MERGE climatology for the 25-year period (1998-2022), 
rainfall shows strong spatial contrasts and clear seasonal dependence (Figure 2). Austral summer 
(December-January-February, DJF) corresponds to the wettest season, with higher precipitation 
concentrated over the central, southern, and southeastern portions of the state, where mean daily 
values frequently exceed 8 mm day−1. This pattern is primarily associated with the South Atlantic 
Convergence Zone (SACZ) and orographic effects in elevated areas. 

During autumn (March-April-May, MAM), precipitation decreases across most of the state, 
marking the transition from the wet to the dry season. Rainfall remains moderate in southern and 
eastern regions, influenced by residual convective activity and frontal systems. Winter (June-July-
August, JJA) is the driest season, with precipitation values generally below 1 mm day−1 over most of 
Minas Gerais. This period is characterized by the dominance of subsident atmospheric conditions 
and reduced convective activity, particularly in the northern and western mesoregions. 

Spring (September-October-November, SON) marks the onset of the rainy season, with 
increasing precipitation over the western and southern sectors. Rainfall during this season exhibits 
high spatial and temporal variability, reflecting the transitional nature of large-scale circulation 
patterns and the gradual re-establishment of convective systems. 
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Figure 2. Climatological precipitation (1998-2022) from MERGE dataset for Austral (a) Summer (December-
January, February, DJF); (b) Autumn (March-April-May, MAM); (c) Winter (June-July-August, JJA); (d) Spring 
(September-October-November, SON). 

The strong seasonal contrasts in precipitation, combined with complex topography and regional 
atmospheric drivers, make Minas Gerais a challenging area for seasonal precipitation forecasting. 
These characteristics justify the use of high-resolution datasets and advanced modeling approaches, 
such as artificial intelligence-based methods, to improve the representation of regional rainfall 
variability. 

2.2. Data Sources 

The precipitation dataset used as the primary source in this study was obtained from MERGE 
[30,31]. This product, generated by the Center for Weather Forecast and Climate Studies, National 
Institute for Space Research (CPTEC/INPE), provides monthly data with a spatial resolution of 0.1° x 
0.1° for the period from 1998 to present. 

Additionally, data from the NCEP-CFSv2 model from NMME, with a 1.0° x 1.0° resolution 
(December 2023 to November 2024) was utilized solely for comparative purposes to evaluate the AI-
generated seasonal forecasts against established dynamic models [20]. 

2.3. Methods 

2.3.1. Analysis of Precipitation Data over the State of Minas Gerais 

After acquiring the precipitation data, seasonal climatology was calculated for a 25-year period 
(1998 - 2022) to establish a reference baseline. The climatology was computed separately for each of 
the four climatological seasons: summer (DJF), autumn (MAM), winter (JJA), and spring (SON). 

Seasonal precipitation anomalies for the target year (2024) were then calculated as the difference 
between the observed seasonal precipitation and the corresponding climatological mean for each 
season. This procedure allowed the identification of positive and negative departures from average 
conditions and enabled the characterization of the hydroclimatic conditions prevailing during the 
study year. 
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The analysis of seasonal anomalies provided a framework to contextualize the 2024 precipitation 
patterns within the historical record, facilitating the interpretation of forecast performance under 
conditions close to or deviating from climatological norms. This step is essential for assessing the 
representativeness of the target year and for supporting the evaluation of AI-based seasonal 
precipitation forecasts. 

2.3.2. Hyperparameter Optimization 

To enhance the model’s performance and ensure the most effective architecture for seasonal 
forecasting, a systematic hyperparameter optimization was conducted using a Random Search 
algorithm [32]. This approach allowed for an efficient exploration of the configuration space by 
randomly selecting combinations of parameters to minimize the Mean Square Error (MSE) during 
the validation phase. The search space was defined with the following variations: the number of 
neurons per hidden layer was selected from the set {16, 32, 50, 64, 96}, and the number of hidden 
layers ranged from 1 to 3. Following this optimization process, the configuration that yielded the 
highest accuracy was selected as the final model for generating the four-season precipitation 
forecasts. 

Table 1 summarizes the optimal hyperparameter configurations selected through the Random 
Search procedure for each target seasonal forecast. The number of hidden layers and neurons 
reported correspond to the architectures that minimized the MSE during the validation phase, 
considering the training period from 2001 to 2022 for each season. 

Table 1. Configuration parameters of the AI models implemented in this study. 

Target Forecast Layers Number of neurons Training Period 

DJF - 2024 3 64 
DJF  

2001 to 2022 

MAM - 2024 3 96 
MAM 

2001 to 2022 

JJA - 2024 3 96 
JJA 

2001 to 2022 

SON - 2024 3 96 
SON 

2001 to 2022 

2.3.3. AI Model Training and Validation 

The forecasting models were developed using artificial neural networks trained on the MERGE 
dataset to predict one station each. To ensure seasonal consistency, the training for each specific 
season was conducted exclusively using data from the same season in previous years. For instance, 
to forecast the DJF period, the model’s input consisted solely of DJF historical data. The same logic 
was applied to the other three seasons (MAM, JJA, and SON), allowing the network to capture the 
specific climate drivers and variability unique to each period. For the testing phase, used to evaluate 
the model’s ability to generalize to unseen data, data from the year 2023 were selected. Additionally, 
10% of the training set data were randomly selected for internal model validation at each epoch. 

The AI model training was implemented using the TensorFlow library in Python, a widely used 
tool for large-scale numerical computation and machine learning. The choice of this Machine 
Learning methodology was based on the study by Anochi [24]. 

The neural network was structured in layers, where input data were processed by multiple 
neurons until reaching the output layer. During training, the model iteratively adjusted its internal 
weights to improve prediction accuracy, with each full cycle of updates referred to as an epoch. 

Model performance during training and validation was assessed using the Mean Square Error 
(MSE) as the evaluation metric. For each iteration, the MSE was computed according to Equation (1) 
and used to guide the optimization of the neural network. 
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𝑀𝑀𝑀𝑀𝑀𝑀  =   1
𝑛𝑛
Σ𝑖𝑖=1𝑛𝑛 (𝑦𝑦𝑖𝑖 − 𝑥𝑥𝑖𝑖)2,                                                                                                 (1) 

where n is the number of time steps; x is the observed data; and y is the model’s prediction. 
Additionally, the execution time of each model was measured, from the initial data processing 

to the generation of the final plots. As expected, execution time increased with data resolution. 

2.3.4. AI Model Predictions and Ensemble Approach 

Forecast simulations were performed for all four climatological seasons using 2024 as the target 
year [12]. For austral summer (DJF), the seasonal period was defined as December 2023 and January–
February 2024, following standard climatological conventions. MERGE precipitation dataset was 
adopted due to its high temporal resolution and frequent updates, which make it particularly suitable 
for near-real-time applications and for the analysis of recent and ongoing events. These characteristics 
allow the proposed methodology to be applied not only in retrospective analyzes but also in current 
and operational forecasting contexts, especially in regions prone to extreme precipitation events such 
as Minas Gerais 

To further improve predictive accuracy, an ensemble strategy was employed. In this approach, 
the same model was run multiple times with different initializations and data partitions, and the 
forecasts were combined. Specifically, the model was executed 20 times, and the final prediction 
corresponded to the mean of all individual runs (Figure 3). By averaging across members, the 
ensemble reduced random variability, minimized overfitting effects, and yielded a more robust and 
stable forecast. 

 

Figure 3. Conceptual diagram of the ensemble technique. Input data are processed in multiple runs, generating 
independent forecasts. These forecasts are then combined, usually by averaging, to produce the final ensemble 
prediction, which reduces random errors and provides a more robust estimate. 

The model’s predictions were evaluated against observed precipitation data, i.e., the raw data 
not included in the neural network, using three performance metrics: bias (Eq. 2), Root Mean Square 
Error (RMSE) (Eq. 3), Relative Error (RE) [33] (Eq. 4), and MSE (Eq. 1). Bias measures the systematic 
difference between predicted and observed values, with an ideal value of zero, indicating no 
systematic over- or underestimation. RMSE quantifies the magnitude of prediction errors, where 
lower values, ideally close to zero, reflect greater accuracy. RE provides a comparison of each model’s 
RMSE to the “typical” model error, defined as the median RMSE across all models. A negative RE 
indicates that a model performs better than the typical model, whereas a positive RE indicates worse 
performance. 

In this framework, the best-performing models are those with bias ≈ 0, RMSE approaching 0, 
and negative RE values, indicating accuracy close to observations and performance superior to the 
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typical model. To facilitate spatial interpretation, RE and RMSE results were summarized in 
heatmaps for each mesoregion of Minas Gerais. 

𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏  =   1
𝑛𝑛
∑ (𝑦𝑦𝑖𝑖  − 𝑥𝑥𝑖𝑖 )2𝑛𝑛
𝑡𝑡  (2) 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅  =  �∑ (𝑦𝑦𝑖𝑖−𝑥𝑥𝑖𝑖)2

𝑛𝑛
𝑛𝑛
𝑡𝑡  (3) 

𝑅𝑅𝑅𝑅  =   𝐸𝐸 −𝐸𝐸
𝐸𝐸

 (4) 
where E is the RMSE of the predicted data, and Ē is the median of all RMSEs of the model forecasts. 

3. Results 

3.1. Observed Precipitation Anomalies in 2024 

Observed seasonal precipitation anomalies for 2024 were calculated relative to a 25-year period 
(1998–2022) derived from the MERGE dataset and are presented in Figure 4. The anomaly fields 
provide a reference for assessing whether the study year exhibited conditions close to or distinct from 
the climatological mean. 

During austral summer (DJF; Figure 4.a), precipitation anomalies exhibit a heterogeneous spatial 
pattern across Minas Gerais. Predominantly negative anomalies are observed over the central, 
southern, and southwestern portions of the state, indicating rainfall below the climatological average 
in these regions. In contrast, positive anomalies are evident in northern and northeastern 
mesoregions, reflecting localized above-average precipitation during the peak of the rainy season. 

In autumn (MAM; Figure 4.b), precipitation anomalies are generally weak and spatially uniform, 
with values close to zero over most of the state. This pattern indicates precipitation conditions largely 
consistent with the climatological mean, with only isolated areas presenting small positive or 
negative departures. 

Winter (JJA; Figure 4.c) is characterized by anomalies close to zero throughout Minas Gerais, 
reflecting the climatologically dry and stable conditions typical of this season. The limited spatial 
variability observed during JJA suggests minimal deviation from average winter precipitation. 

In spring (SON; Figure 4.d), anomalies display increased spatial variability. Negative anomalies 
dominate central and eastern mesoregions, while localized positive anomalies are observed in 
western and southern areas. This pattern suggests a spatially heterogeneous onset of the rainy season 
in 2024, with delayed precipitation in some regions and above-average rainfall in others. 

Overall, the observed anomaly patterns indicate that DJF and SON presented the most 
pronounced departures from climatological conditions in 2024, whereas MAM and JJA were closer 
to average conditions. These seasonal contrasts provide important context for the evaluation of AI-
based seasonal precipitation forecasts presented in the following sections. 
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Figure 4. Seasonal precipitation anomalies for 2024 relative to the 1998–2022 period derived from the MERGE 
dataset: (a) DJF, (b) MAM, (c) JJA, and (d) SON. 

3.2. Seasonal Precipitation Forecasts Using AI Models 

The ensemble forecasts for the four seasons of 2024, generated by the AI model trained with 
MERGE data, are presented in Figure 5 (a-d), alongside the observed data (e-h). The comparison 
allows for a direct visual assessment of the model’s ability to reproduce the spatial distribution and 
seasonal variability of precipitation over Minas Gerais. 
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Figure 5. Seasonal precipitation forecasts generated by the AI ensemble model for 2024 and corresponding 
observed precipitation over Minas Gerais. Panels (a–d) show the AI-based forecasts for (a) DJF, (b) MAM, (c) 
JJA, and (d) SON. Panels (e–h) present the observed precipitation fields for the same seasons derived from the 
MERGE dataset. 

For austral summer (DJF), the AI model (Figure 5.a) presents the spatially heterogeneous 
distribution of precipitation across Minas Gerais, with the blue-shaded areas highlighting regions of 
higher rainfall accumulations. When compared to observations (Figure 5e), the forecast captures the 
overall distribution of rainfall, although differences in precipitation intensity are evident in localized 
areas, particularly in regions affected by strong convective variability. 

During the transition seasons, Autumn (MAM) and Spring (SON), the model demonstrated a 
high capacity to represent the seasonality. During autumn (MAM), the model successfully represents 
the seasonal reduction in precipitation and its spatial pattern. Forecasted (Figure 5.b) and observed 
(Figure 5.f) fields show good agreement, especially over southern and eastern mesoregions, 
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indicating the model’s ability to capture transitional precipitation regimes. For spring (SON), the AI 
forecast (Figure 5.d) indicates an increase in precipitation over western and southern sectors, 
consistent with the observed reestablishment of rainfall (Figure 5.h). While the spatial pattern is 
generally well reproduced, differences in precipitation magnitude are observed in regions 
characterized by higher variability during the onset of the rainy season. 

In winter (JJA), both forecasted (Figure 5.c) and observed (Figure 5.g) precipitation fields 
indicate widespread dry conditions across the state. The high degree of similarity between simulated 
and observed patterns reflects the reduced spatial variability of precipitation during this season. 

Overall, the AI model demonstrates skill in reproducing the large-scale spatial distribution of 
precipitation across all seasons, with stronger agreement during periods of lower variability and 
increased discrepancies during wetter and transitional seasons. 

3.3. Seasonal Performance Metrics 

The quantitative performance of the AI ensemble forecasts is summarized in Table 2 using 
RMSE, MSE, and RE. These metrics provide an objective evaluation of forecast accuracy across the 
four climatological seasons. 

Table 2. Evaluation of prediction by neural network vs NCEP-CFSv2. 

 
Evaluation of prediction by neural 

network 
Evaluation NCEP-CFSv2 

Season RMSE MSE RE RMSE NCEP-CFSv2 MSE NCEP-CFSv2 
DJF 0.9449   0.8928 -4.7594 e-10 2.2247 4.9495 

MAM 0.6306 0.3976 -1.2010 e-10 1.1901 1.4164 
JJA 0.1435 0.0206 -5.2871 e-10 1.1851 1.4045 

SON 0.9469 0.8967 -2.0973 e-09 1.9291 3.7213 
Each cell’s color represents the RMSE and MSE values, with blue indicating lower errors and red 
indicating higher errors. 

The lowest error values are observed during the winter season (JJA), with RMSE of 0.1435 and 
MSE of 0.0206, indicating high agreement between predicted and observed precipitation. Autumn 
(MAM) also presents relatively low errors (RMSE = 0.6306), reflecting the reduced variability of 
precipitation during this transitional season. 

Higher RMSE values are obtained for summer (DJF = 0.9449) and spring (SON = 0.9469), which 
correspond to periods dominated by convective activity and greater spatial and temporal variability. 
Despite these challenges, Relative Error values remain negative for all seasons, indicating that the AI 
ensemble performs better than the reference median model used for comparison. 

The spatial distribution of forecast errors, represented by RMSE maps in Figure 6 and 
aggregated by mesoregions, reveals clear seasonal differences in model performance. During DJF 
(Figure 6.a) and SON (Figure 6.d), higher RMSE values are observed in regions characterized by 
strong spatial variability and convective activity, particularly over central and western mesoregions. 

In contrast, JJA (Figure 6.c) exhibits uniformly low RMSE values across most of the state, 
indicating high spatial consistency between forecasts and observations under predominantly dry and 
stable atmospheric conditions. Autumn (MAM; Figure 6b) presents intermediate RMSE values, with 
relatively homogeneous spatial patterns and lower errors compared to DJF and SON, reflecting the 
reduced convective influence during the transition from the wet to the dry season. 

Overall, the spatial RMSE patterns are consistent with the seasonal dependence identified in the 
aggregated performance metrics, confirming improved forecast skill during periods of lower 
precipitation variability and increased uncertainty during convectively active seasons. 
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Figure 6. Spatial distribution of RMSE for the AI seasonal precipitation forecasts in 2024: (a) DJF, (b) MAM, (c) 
JJA, and (d) SON. 

3.4. Comparison Between AI and NCEP-CFSv2 Seasonal Forecasts 

A comparison between the AI ensemble forecasts and the NCEP-CFSv2 is presented in Table 2 
and Figure 7. The results show that the AI-based approach consistently outperforms the dynamical 
seasonal forecasts across all seasons. 

Notably, the AI model significantly outperformed the NCEP-CFSv2 dynamic model in all 
evaluated seasons. For DJF, the AI model achieved an RMSE of 0.9449, while the NCEP-CFSv2 
reached 2.2247, representing a substantial reduction in error. This trend is consistent across all 
seasons, highlighting the AI’s superior ability to downscale and adjust forecasts to the regional 
climatology of Minas Gerais. 

Seasonal precipitation forecasts produced by the NCEP-CFSv2 ensemble for 2024 are shown in 
Figure 7 and are compared with both the AI-based forecasts (Figure 5a-d) and the observed 
precipitation fields (Figure 5e–h). The comparison highlights substantial differences in the ability of 
the two approaches to represent the spatial variability and seasonal evolution of precipitation over 
Minas Gerais. 

During austral summer (DJF; Figure 7a), the NCEP-CFSv2 forecasts depict a smoothed 
precipitation pattern with reduced spatial gradients when compared to both the AI forecasts and the 
observed precipitation. While the NCEP-CFSv2 captures the general wet-season conditions, it 
underrepresents localized precipitation maxima observed over central and southern mesoregions, 
which are better resolved by the AI model. 

In autumn (MAM; Figure 7b), the NCEP-CFSv2 forecasts present relatively homogeneous 
precipitation fields across the state, with limited spatial contrast. This behavior contrasts with the AI 
forecasts, which show improved representation of regional-scale variability and closer agreement 
with observations, particularly in transition regions between wetter and drier areas. 

Winter (JJA; Figure 7c) forecasts from the NCEP-CFSv2 exhibit very low precipitation values 
over most of the state, consistent with the observed dry-season conditions. In this season, both the AI 
and NCEP-CFSv2 models show good agreement with observations, reflecting the dominance of 
large-scale atmospheric stability and reduced convective activity. 
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During spring (SON; Figure 7d), the NCEP-CFSv2 forecasts display smoother spatial patterns 
and delayed intensification of precipitation compared to observations. The AI model more accurately 
represents the spatial distribution and magnitude of precipitation associated with the onset of the 
rainy season, particularly in central and eastern mesoregions. 

 

Figure 7. Seasonal precipitation forecasts generated by the NCEP-CFSv2 model from NMME for 2024 over Minas 
Gerais. 

Overall, the comparison indicates that the AI-based forecasts provide improved spatial detail 
and better agreement with observed precipitation patterns, especially during convectively active 
seasons (DJF and SON). 

4. Discussion 

The application of Artificial Neural Networks for seasonal precipitation forecasting over Minas 
Gerais demonstrated a strong capacity to reproduce spatial and seasonal rainfall patterns. The use of 
the MERGE dataset as a high-resolution input source proved particularly advantageous, allowing 
the model to represent regional-scale variability that is commonly underestimated or smoothed by 
global dynamical forecasting systems [22,23]. 

A central result of this study is the marked seasonal dependence of forecast performance. The 
highest skill observed during winter (JJA) reflects the predominance of stable atmospheric conditions 
and the climatologically dry regime over the region, which reduces precipitation variability and 
forecast uncertainty. Similar behavior has been reported in previous studies, where both statistical 
and dynamical models tend to exhibit improved performance during dry seasons characterized by 
large-scale atmospheric control[22,24,27,34]. In contrast, the wet seasons (DJF and SON) represent a 
more challenging forecasting environment due to the influence of mesoscale and convective systems, 
including the SACZ, local convection, and orographic effects [8–10]. These processes introduce strong 
spatial heterogeneity and temporal intermittency, which are difficult to capture using seasonal 
forecasting approaches. 

Despite these challenges, the AI-based forecasts maintained relatively low error levels during 
DJF and SON when compared to the NCEP-CFSv2 from models NMME ensemble. The RMSE spatial 
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patterns indicate that the AI model was more effective in reproducing localized precipitation features, 
particularly in central and southern mesoregions, where convective activity and topographic 
influences are more pronounced. These findings are consistent with recent literature highlighting the 
ability of machine learning models to capture nonlinear relationships and subgrid-scale variability 
when trained on high-resolution observational datasets [24,34]. 

The comparison with the NCEP-CFSv2 forecasts further emphasizes the limitations of 
traditional dynamical models in regions with complex terrain such as Minas Gerais. While the NCEP-
CFSv2 ensemble successfully represents large-scale circulation signals and broad seasonal 
tendencies, it exhibits smoother precipitation fields and higher error metrics, particularly during 
convectively active seasons. This behavior suggests that, although dynamical models are essential for 
representing physical processes at the global scale, their coarse spatial resolution constrains their 
ability to accurately simulate regional precipitation magnitude and spatial gradients [20–22]. 

The spatial analysis of forecast errors indicates that transitional zones, such as the boundary 
between the drier northern regions and the wetter southern highlands, remain challenging for both 
approaches. RMSE patterns in these areas suggest sensitivity to sharp climatic gradients and 
highlight the importance of incorporating additional predictors related to topography and land–
atmosphere interactions [35]. Nevertheless, the relative error analysis confirms that the AI ensemble 
consistently outperforms the reference median model, particularly during JJA and MAM, reinforcing 
its robustness across distinct climatic regimes. These results are in line with broader assessments 
showing that AI and machine learning can complement or surpass dynamical systems in seasonal 
and subseasonal prediction when appropriately trained and calibrated [26,36]. 

Overall, the results indicate that AI-based seasonal forecasting represents a promising 
complementary approach to traditional dynamical models, especially for regional-scale applications 
in climatically heterogeneous areas. 

5. Conclusions 

This study assessed the potential of artificial intelligence to enhance seasonal precipitation 
forecasting over Minas Gerais by comparing AI-based predictions with those produced by the 
traditional NCEP-CFSv2 dynamical ensemble for the year 2024. The results indicate that the proposed 
AI methodology, trained using the high-resolution MERGE-CPTEC dataset, achieved improved 
performance relative to the NCEP-CFSv2 forecasts across all four climatological seasons. 

The AI model consistently exhibited lower RMSE and MSE values, with the highest skill 
observed during the dry winter season (JJA), when atmospheric conditions are more stable and 
precipitation variability is reduced. During the wet seasons (DJF and SON), which are characterized 
by enhanced convective activity and greater spatial heterogeneity, the AI forecasts maintained better 
spatial coherence and closer agreement with observations than the dynamical baseline, despite the 
increased forecasting complexity. 

Beyond quantitative accuracy, the results demonstrate the operational potential of the neural 
network ensemble approach. The ensemble strategy contributed to forecast stability by reducing 
random variability and mitigating overfitting, while the ability to generate high-resolution seasonal 
forecasts at a substantially lower computational cost than global dynamical models represent a key 
advantage for regional applications. Such efficiency is particularly relevant for meteorological centers 
that require timely information to support decision-making in sectors such as agriculture and water 
resource management. 

Future research should aim to further improve this framework by incorporating additional 
large-scale atmospheric predictors, such as sea surface temperature anomalies and wind field indices, 
to enhance the representation of climate drivers and extreme events. Moreover, the exploration of 
advanced deep learning architectures capable of capturing longer-term temporal dependencies may 
improve forecast skill during transitional periods between dry and wet seasons, reinforcing the role 
of AI-based approaches as complementary tools in regional climate prediction. 
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The following abbreviations are used in this manuscript: 

AI Artificial Intelligence  
CPTEC Center for Weather Forecast and Climate Studies 
DJF Austral summer 
ECMWF European Centre for Medium-Range Forecasts 
ENSO El Niño–Southern Oscillation 
GCM General Circulation Models 
JJA Austral winter 
MAM Austral autumn 
ML Machine Learning  
MSE Mean Square Error 
NMME North American Multi-Model Ensemble 
RE Relative Error  
RMSE Root Mean Square Error  
SACZ South Atlantic Convergence Zone  
SEAS5 ECMWF seasonal forecasting system 
SON Austral spring 
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