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Abstract
Accurate precipitation measurement is essential for climate, hydrological, and agronomic studies. However, in regions 
such as the Amazon, the scarcity of rain gauges and frequent gaps in historical series pose a significant challenge for 
long-term analyses. This study evaluated the performance of satellite and gridded precipitation estimates for gap-filling 
daily rainfall data recorded between 2019 and 2024. The observed dataset was obtained from a micrometeorological tower 
installed in an oil palm-based Agroforestry System (AFS) in the Eastern Amazon. The evaluation employed widely rec-
ognized statistical metrics, such as the coefficient of determination (R2), root mean square error (RMSE), mean absolute 
error (MAE), percent bias (PBIAS), Nash-Sutcliffe efficiency (NSE), and Willmott’s index of agreement (d). Addition-
ally, cumulative precipitation curves from different databases were compared with the observed series to identify over- or 
underestimation trends. The results showed that, among the tested databases, NASA Power (NP) exhibited the best per-
formance in terms of consistency and lower bias, making it the most suitable for filling gaps in the observed series. The 
analyses highlighted the importance of a careful selection of alternative databases to ensure data continuity and quality in 
remote tropical regions, an essential aspect for hydrological modeling studies.
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1  Introduction

The Amazon plays a fundamental role in regulating the 
regional and global hydrological cycle. Rainfall variability 
in tropical ecosystems directly influences all components of 
the water balance [29, 40], triggering multi-year cycles of 
precipitation excess and scarcity that manifest in different 
parts of the Amazon region [21, 23].

The seasonality and distribution of rainfall in the Ama-
zon are directly influenced by large-scale climate systems, 
including the Intertropical Convergence Zone (ITCZ), 
the South Atlantic Convergence Zone (SACZ), and the El 
Niño-Southern Oscillation (ENSO) phenomenon (Fisch et 
al., 1998; [11, 37, 41, 45]). Extreme climatic events, such 
as those caused by El Niño, tend to accentuate the occur-
rence of prolonged droughts, affecting important ecosystem 
processes, including soil water storage and, consequently, 
agricultural productivity (17, 20). Such events have become 
more frequent and intense in recent decades, reinforcing the 
importance of understanding and monitoring rainfall in the 
region [4, 23].

However, the sparse distribution of rain gauges and 
recurrent gaps in historical series compromise accurate pre-
cipitation analysis, especially in remote and hard-to-access 
regions like the Amazon [40]. Added to the spatial and tem-
poral variability of precipitation, this is a critical factor for 
hydrological monitoring and modeling, particularly in areas 
with limited data collection infrastructure. This method-
ological gap is even more relevant in productive systems 
such as agroforestry, which have been expanding in the 
Eastern Amazon but remains understudied from a hydrome-
teorological perspective.

Considering this context, in addition to data from meteo-
rological stations, such as those from the National Institute 
of Meteorology (INMET), and reanalysis products, such 
as the Xavier product, remote sensing data are also widely 
used, including the Climate Hazards Group InfraRed Precip-
itation with Station data (CHIRPS), the Global Precipitation 
Measurement (GPM), and NASA’s Prediction of Worldwide 
Energy Resources (POWER/NP). These products comple-
ment observed data and allow for more robust analyses of 
precipitation trends and patterns at expanded temporal and 
spatial scales (25, 31 , 47).

Studies on water dynamics in productive systems depend 
on complete and consistent rainfall series, since precipita-
tion is generally the main input variable in water balance 
models and soil flow simulations [9, 19, 48]. The pres-
ence of gaps in these series compromises the quality of 
the results and, in many cases, makes continued analysis 
unfeasible. Thus, rainfall gap-filling constitutes an indis-
pensable methodological step for environmental modeling 

[22], agricultural management, and water planning [35, 36]. 
Despite the growing availability of satellite and reanalysis 
data, there is still a scarcity of studies that systematically 
evaluate the performance of these products in filling gaps in 
observed series, especially in agricultural production areas 
of the Amazon.

Given this, the objective of the present study was to 
evaluate the performance of rainfall estimates from con-
ventional and satellite-based sources for gap-filling daily 
rainfall data recorded by a micrometeorological observa-
tion tower installed in an agroforestry system in the Eastern 
Amazon.

2  Materials and Methods

2.1  Study Area

The study was conducted on a rural property located in the 
municipality of Tomé-Açu, Pará State, Brazil (2∘24′15′′S; 
48∘14′53.3′′W) (Fig. 1). The region features a hot and humid 
tropical climate, classified as Am according to Köppen, with 
an approximate annual mean temperature of 26.4 °C and an 
annual mean precipitation of 2,300 mm [1].

The local relief is gently undulating, composed of low 
flattened plateaus, terraces, and floodplains, with altitudes 
ranging from 14 m to 96 m. The predominant soil is Dys-
trophic Yellow Latosol (Oxisol), typical of the Amazon 
region [32]. The original vegetation corresponds to Dense 
Ombrophilous Forest, which is currently significantly 
altered due to anthropogenic use. The present landscape 
is a mosaic of urban areas, secondary forests, and agri-
cultural activities, including Agroforestry Systems (AFS).

In March 2008, an AFS was established in an area previously 
occupied by an abandoned orchard for 11 years, designated as 
Demonstration Unit 1 (UD-1). The system exhibits high spe-
cies diversity, composed of double rows of oil palm (Elaeis 
guineensis Jacq.), spaced at 9.0 × 9.0 × 9.0 m, interspersed with 
21-m wide strips containing agricultural and forest species. 
Currently, the study area consists mainly of intercropped oil 
palm, açaí (Euterpe oleracea Mart.), cocoa (Theobroma cacao 
L.), and forest species. The complete list of species composing 
the AFS can be found in Barros et al., 2025 [3].

2.2  Data Collection and Instrumentation

In the study area, a 23 m-high micrometeorological obser-
vation tower was installed in 2019. The tower is equipped 
with instruments that perform continuous, low-frequency 
measurements of micrometeorological variables, both 
below and above the AFS canopy (Fig. 2a).
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Measurements were recorded by an electronic microlog-
ger (CR1000, Campbell Scientific, Inc., USA), which sam-
ples values every 60  s. Precipitation data were calculated 
by summing the rainfall events and recorded at a 30-minute 
temporal resolution. Data were stored in both the equip-
ment’s internal memory and high-performance memory 
cards (CFM2G, Campbell Scientific, Inc., Logan, UT, 
USA). These cards were replaced monthly during field vis-
its, and data could also be accessed via telemetry. After col-
lection, the data underwent assessment and quality control, 
excluding values outside possible physical limits, follow-
ing microclimatic studies and the protocol adopted by the 
Large-Scale Biosphere-Atmosphere Experiment in Amazo-
nia (LBA).

The rain gauge used in this study is a tipping-bucket type 
with a precision of 0.198 mm (PluviDB, Dual Base, Brazil), 
installed on the tower at a height of 21 m above the ground 
(Fig. 2b). This instrument is widely used in automatic moni-
toring stations for climatological and hydro-environmental 
parameters due to its simple, easily understood mechanism 

and relatively low manufacturing costs [15, 33]. Its opera-
tion is based on a double-tipping system: rainwater is col-
lected by a funnel (Fig. 3a) and directed to a small chamber 
containing two buckets (Fig. 3b).

Each time one of the buckets accumulates a specific vol-
ume of water, equivalent to 0.198 mm of precipitation, an 
automatic tipping occurs, emptying the full compartment 
and positioning the other for the next collection. This move-
ment triggers a magnetic reed switch, generating an electri-
cal signal sent to the data acquisition system, allowing for 
the continuous recording of accumulated precipitation [6].

To ensure the consistency of the time series, we identified 
the need to perform gap-filling for days where more than 
20% of the data were missing, which corresponds to more 
than 288 min per day of missing or invalid data. In total, 209 
days without precipitation data were identified.

The time series consisted of 2,141 days, of which 1,932 
days (approximately 90.3% of the series) presented valid 
observed data. For this period, the average daily precipita-
tion recorded at the TSAF tower was 6.5 mm day⁻¹. This 

Fig. 1  Geographical location of the experimental area. (a) Position of 
Pará State within the Brazilian territory; (b) Municipality of Tomé-
Açu, with the red dot indicating the location of the experimental area; 

(c) Satellite image of the experimental area, outlined in yellow, where 
the red dot represents the location of the installed micrometeorologi-
cal tower
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or intermittent sequences (typically 3 to 7 days). Isolated 
gaps were predominantly associated with routine mainte-
nance procedures, such as cleaning the collection funnel or 
recording spurious tipping during technical inspections. The 
short-to-medium-term sequences were mainly attributed to 
system operation interruptions caused by power failures, 
technical issues, or physical obstructions in the tipping 
mechanism, such as the accumulation of leaves and insects. 
Since these gaps were dispersed rather than concentrated in 
a single large block, the overall seasonal pattern of the his-
torical series remained intact, supporting the application of 
daily-scale reconstruction methods.

This criterion was adopted based on the quality control 
protocols established by the LBA. The 288-minute limit 
(20% of the 1,440 min in a day) serves as a safeguard to 
ensure that the calculated daily precipitation totals remain 
representative of actual weather conditions. In the Ama-
zonian context, where high-intensity convective rains fre-
quently occur in brief intervals, the loss of more than 20% 
of daily records significantly increases the risk of missing 
a major rain event, thus compromising the integrity of the 
daily total. This approach allowed for the rigorous identifi-
cation of the 209 days requiring reconstruction to maintain 
long-term series consistency.

2.3  Precipitation Data Sources and Processing

Tests involving the creation of artificial gaps for cross-val-
idation were performed. However, these preliminary tests 
did not provide a reliable basis for selecting a gap-filling 
source and often obscured the products’ ability to capture 
broader seasonal trends due to the extreme spatio-temporal 
variability of daily precipitation in the Eastern Amazon, 
which is characterized by localized convective events.

To complete the precipitation series, five databases were 
chosen, selected based on their spatial coverage character-
istics, temporal resolution, and availability for the study 
site. The databases include satellite products as well as 
data from meteorological stations and gridded reanalyses, 
reflecting different methodologies for data acquisition and 
interpolation [12, 8].

A point-to-pixel comparison approach was adopted. Pre-
cipitation values were extracted specifically from the grid 
cell (pixel) of each product that overlapped the geographic 
coordinates of the micrometeorological tower (2° 24’ 15’’ 
S; 48°14’ 53.3’’ W). No spatial homogenization (resampling 
of all products to a common grid) was performed, aiming to 
evaluate the native accuracy of each dataset in representing 
local precipitation. This approach avoids interpolation arti-
facts that could bias validation results, providing a realistic 
assessment of the performance of these ‘ready-to-use’ prod-
ucts for local gap-filling.

average value served as a baseline for evaluating the per-
formance of the gap-filling models, allowing us to verify if 
the regression-corrected estimates outperformed the simple 
local climatology.

The 209 days identified for gap-filling were intermittently 
distributed throughout the study period, from February 21, 
2019, to December 31, 2024. These gaps were primarily 
characterized by short-term isolated events (1 to 2 days) 

Fig. 3  Funnel (a) and buckets (b) of the DualBase PluviDB rain gauge 
instrument installed on the tower [7]

 

Fig. 2  Micrometeorological observation tower in the municipality of 
Tomé-Açu, Pará (a); Location of the tipping bucket rain gauge. (b) 
Source: Giselle Nerino (a); Leonardo Ramos (b)
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micrometeorological observation tower installed in the 
agroforestry system (AFS). Data with hourly frequency 
were used and aggregated to a daily scale for the period 
from February 21, 2019, to December 30, 2024. How-
ever, the series presented missing data in the following 
intervals: April 20, 2019; from December 14, 2021, to 
June 21, 2023; and from September 19 to 27, 2024.

	● Xavier: Database composed of daily and monthly pre-
cipitation estimates, organized in a spatial grid of 0.25° 
x 0.25°. The values were obtained through the interpola-
tion of rain gauge station data, using methods such as 
Arithmetic Mean, Natural Neighbor, Inverse Distance 
Weighting (IDW), and Ordinary Kriging [44]. The pe-
riod of collected data spanned from February 21, 2019, 
to March 20, 2024.

 
Precipitation data were organized into spreadsheets with 

a daily temporal resolution (mm/day). Statistical and graph-
ical analyses were performed using a routine in the R pro-
gramming language, utilizing codes developed to automate 
the processes and ensure the reproducibility of the data treat-
ment and comparison stages. To evaluate the capacity of the 
different databases to fill the gaps in the precipitation series, 
simple linear regression analyses were performed between 
the data measured by the AFS tower and the data estimated 
by each external source, aiming to verify the degree of lin-
ear association between the series.

Initially, linear regression equations with a free intercept 
were fitted, allowing for the evaluation of the coefficient of 
determination (R2) and the slope of the line for each data-
base. However, considering that null precipitation should 
correspond to the absence of rain in both observed and esti-
mated data, it was also decided to fit the equations with the 
intercept forced through the origin (zero).

The choice to use regression equations forced through the 
origin for the final reconstruction was dictated by the need 
for physical consistency in the precipitation time series. In 
a free-intercept model (y = ax + b), the presence of a non-
zero constant (b) would result in the estimation of ‘spurious 
rain’ on days when the external satellite or gridded product 
recorded no precipitation. By forcing the intercept to zero, 
the model ensures that y = 0 when x = 0, thereby preserving 
the frequency of dry days in the filled series. In this con-
text, the slope of the line (a) functions as a scaling factor 
that adjusts the magnitude of the external estimates to better 
align with the local intensity recorded at the tower site. This 
adjustment consistently improved the statistical fit and pro-
vided a more realistic representation of daily precipitation 
totals for the 209 missing days.

Based on these fitted equations, a new column of rainfall 
estimates was generated for each source, using exclusively 

The selection of a single pixel, rather than a spatial aver-
age of neighboring pixels, aimed to preserve the native vari-
ability and error structures of each product at a local scale. 
This approach avoids the smoothing of intense, short-dura-
tion convective events, a prominent characteristic of rainfall 
in the Eastern Amazon, ensuring that the validation metrics 
accurately reflect the potential of each source to represent 
the specific conditions of the agroforestry system. The fol-
lowing datasets were used:

	● Global Precipitation Measurement (GPM): Precipita-
tion estimates from the GPM mission, developed in co-
operation between the National Aeronautics and Space 
Administration (NASA) and the Japan Aerospace Ex-
ploration Agency (JAXA), were obtained through the 
IMERG (Integrated Multi-satellitE Retrievals for GPM) 
version 6 product. This product integrates data from ac-
tive and passive sensors, such as the GPM Microwave 
Imager (GMI) and the Dual-frequency Precipitation Ra-
dar (DPR), which have been operational since 2014. The 
selection of IMERG v6 is justified by its high spatial 
resolution (0.1°, approximately 10 km) and high tem-
poral frequency (30 min) [14]. For this analysis, data 
spanning the period from February 21, 2019, to June 3, 
2024, were used.

	● NASA Prediction Of Worldwide Energy Resources 
(NASA POWER): NASA project that provides satellite-
derived meteorological data with near-global coverage 
since 1981. The data are organized in geographical grids 
of 0.5° latitude by 0.625° longitude (approximately 55.5 
× 70 km) and are widely used for energy and climate 
studies [38]; NASA Power, [28]. The period of collected 
data spanned from February 21, 2019, to December 31, 
2024.

	● Climate Hazards Group InfraRed Precipitation with Sta-
tion data (CHIRPS): It combines satellite data and rain 
gauges, with time series dating back to 1981, a spatial 
resolution of 0.05° (approximately 5 km), and daily fre-
quency. It is recognized as an important database for 
climate studies in tropical and developing regions [13]. 
The period of collected data spanned from February 21, 
2019, to December 30, 2024.

	● Brazilian National Institute of Meteorology (INMET): 
INMET provides real-time observational data and his-
torical series from an extensive network of automatic 
weather stations distributed throughout the Brazilian 
territory. Precipitation measurements are performed 
by automatic rain gauges, with records on hourly and 
daily bases, following standardized technical crite-
ria for climate monitoring [16]. In the municipality 
of Tomé-Açu, the weather station used in this study 
(code A213) is located approximately 25 km from the 
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agreement) to 1 (perfect agreement), and is widely used to 
validate environmental and hydrological models [27, 43].

Descriptions and equations for each of the statistical 
indices are provided in Table 1. These statistical indica-
tors allowed for the measurement of different aspects of the 
quality of the estimated data relative to the observed data, 
considering dispersion, bias, and efficiency. The combina-
tion of these parameters enables a more accurate assessment 
of which dataset exhibits the best performance for gap-fill-
ing in precipitation time series [46].

3  Results and Discussion

3.1  Comparative Assessment Between Observed 
and Estimated Data

To evaluate the performance of the different reconstruc-
tion models and assist in selecting the most suitable source 
for gap-filling, a descriptive analysis of the estimated data 
corresponding to the 209 missing days was first performed 
(Table 2). The NASA Power reconstruction, using the free-
intercept model, presented the highest total accumulated 
precipitation (1,493.76  mm). These reconstructions were 
compared to the local historical variability to ensure the sta-
tistical integrity of the final series.

The NASA Power base presented the highest total accumu-
lated precipitation over the analyzed period (1,493.76 mm), 
while the lowest total was estimated by the INMET base 
with zero-intercept regression (696.54  mm). In terms of 
daily average rainfall, the highest estimate was obtained by 
the NP base with a free intercept (7.15 mm), and the lowest 
by the INMET base (3.33 mm). The highest standard devia-
tion was identified in the GPM base (8.20 mm), reflecting 
greater variability in the daily precipitation estimates.

The analysis of maximum daily values, which reflect 
the intensity of extreme events, showed that the GPM 
base (with zero intercept) presented the highest value 

the slope coefficient multiplied by the daily precipitation 
value of the respective external base. This procedure was 
applied to all days with gaps in the tower series, filling the 
209 missing days consistently with the statistical behavior 
identified for each data source.

Direct correlation between the complete series was 
used as a preliminary step to verify the alignment between 
the bases. However, given the low explanatory power of 
daily R2 in tropical regions, it was decided to apply direct 
gap-filling methods and subsequently evaluate the perfor-
mance of these techniques with specific statistical met-
rics, considering only the days originally missing from the 
tower series.

Although there were variations in the total temporal cover-
age period among the bases, validation and gap-filling were 
performed using only the consistent overlapping data inter-
vals. Thus, the statistical representativeness of the correlation 
and performance analyses was preserved, ensuring the integ-
rity of the reconstructed series for the AFS [18, 27, 34, 43].

The indices selected to evaluate the performance of the 
precipitation data estimates were the coefficient of determi-
nation (R2), the Root Mean Square Error (RMSE), the Mean 
Absolute Error (MAE), the Percent Bias (PBIAS), the Nash-
Sutcliffe Efficiency (NSE), and Willmott’s index of agree-
ment (d). The R2 expresses the degree of linear correlation 
between estimated and observed values, while the RMSE 
quantifies the average magnitude of the errors, being sensi-
tive to large discrepancies. The MAE represents the average 
of the absolute differences between observed and estimated 
values, being useful for interpreting the average error with-
out considering its direction. The PBIAS allows for the 
identification of the systematic tendency for overestimation 
or underestimation of the estimates relative to the observed 
data. Furthermore, the NSE provides a measure of the over-
all predictive performance of the base, comparing it with the 
simple mean of the observed data as an estimate. Finally, 
Willmott’s index of agreement (d) evaluates the proximity 
between estimated and observed values, ranging from 0 (no 

Table 1  Statistical techniques used for model performance evaluation
Statistical techniques Description Equation
Coefficient of Determination (R²) Association between observed and estimated values. R2 = 1 − SSE

SST

Root Mean Square Error (RMSE) Average magnitude of the errors between observed and estimated values. RMSE =
√

1
nΣ(Oi − Ei)2  

Mean Absolute Error (MAE) Mean of the absolute differences between observed and estimated values. MAE = 1
n Σ (Ei − Oi)

Percent Bias (PBIAS) Indicates the tendency for overestimation or underestimation. PBIAS = 100 x Σ Ei− Σ Oi
Σ Oi

Nash–Sutcliffe Efficiency (NSE) Efficiency of the estimates relative to the observed mean. NSE = 1 − Σ(Oi−Ei)2

Σ(Oi−Oi)2   

Willmott’s Index of Agreement (d) Degree of agreement between observed and estimated values. d = 1 − Σ(Ei−Oi)2

Σ(Ei−Oi)+(Oi−Oi)2   

SSE: Sum of Squared Errors (difference between observed and estimated values); SST: Total Sum of Squares (difference between observed 
values and the observed mean). Oi: observed values (SAF); Ei: estimated values (alternative sources); Ō: mean of the observed values (SAF); 
n: number of observations
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(82.26 mm), while the lowest was recorded by the CHIRPS 
base (25.29 mm), evidencing the more conservative nature 
of the estimates from this source.

Regarding statistical performance, the coefficients of 
determination (R2) indicated that the GPM base, with regres-
sion forced through the origin (zero intercept), achieved the 
best linear fit relative to the observed data, with R2 = 0.41. 
This was followed by the NASA Power base with R2 = 0.38. 
These results suggest that these two bases exhibit greater 
adherence to the data recorded at the tower’s automatic sta-
tion and, therefore, possess higher potential for use in gap-
filling the precipitation time series (Fig. 4).

Additionally, a comparative analysis was performed 
between the original observed series (n = 1,932 days) and 
the final reconstructed series (n = 2,141 days). The results 
presented in Table  3 demonstrate that the daily mean 
remained around 6.5  mm for the datasets used, with the 

Table 2  Descriptive statistics of the daily precipitation reconstruction (mm/day) for the 209-day gaps, including total accumulation, mean, stan-
dard deviation, extreme values, and R2 relative to the observed data
Reconstruction 
Model

Regression
Type

Coefficient of 
Determination 
(R²)

Total Rain-
fall (mm)

Min.
(mm)

Max.
(mm)

Mean 
(mm)

Standard 
Devia-
tion

Nasa Power Free Intercept (y = 0.6537x + 1.9084) 0.20 1493.76 1.91 39.82 7.15 5.94
Nasa Power Zero Intercept (y = 0.7694x) 0.38 1288.69 0 44.63 6.17 6.99
GPM Free Intercept (y = 0.2732x + 2.9869) 0.26 1360.95 2.99 70.49 6.51 6.73
GPM Zero Intercept (y = 0.3329x) 0.41 897.67 0 82.26 4.3 8.2
CHIRPS Free Intercept (y = 0.4733x + 3.0538) 0.16 1310.05 3.05 25.29 6.27 4.2
CHIRPS Zero Intercept (y = 0.6164x) 0.33 874.92 0 28.96 4.19 5.47
Xavier Free Intercept (y = 0.4167x + 3.3781) 0.14 1440.84 3.38 25.96 6.89 4.25
Xavier Zero Intercept (y = 0.571x) 0.33 1006.91 0 30.94 4.82 5.83
Inmet Free Intercept (y = 0.5235x + 3.5592) 0.20 1299.73 3.56 51.51 6.22 5.4
Inmet Zero Intercept (y = 0.656x) 0.31 696.54 0 60.09 3.33 6.76

Table 3  Comparative descriptive statistics between the measured pre-
cipitation series and the series generated by the different processing 
methods and databases
TSAF Initial data Regression Estimate Reconstructed series

6.5
NP 7.12 5.48 6.47
GPM 14.81 4.3 6.51
CHIRPS 7.24 4.19 6.48
Xavier 8.41 4.82 6.54
INMET 5.04 3.33 6.48
Initial Data: For TSAF, this refers to the data observed in situ by 
the tower's micrometeorological sensor, corresponding to the effec-
tive operation period (1,932 days), including the original gaps. 
Regression-based Estimate: Refers to the values calculated for the 
total period (2,141 days) through the application of linear regression 
equations (with zero intercept) on the data from external sources. 
Reconstructed Series (Final): Refers to the final consolidated prod-
uct, composed of the data measured from the tower, with the 209-day 
gaps filled by the Regression-based Estimates.

Fig. 4  Linear fits between 
observed and estimated data by 
the NASA POWER and GPM 
datasets, using regression models 
with a free intercept (a and c) and 
forced through the origin (b and 
d), over the study period. The 
graphs illustrate the performance 
of the datasets that yielded the 
best Coefficients of Determina-
tion (R²), highlighting their 
potential for precipitation data 
gap-filling
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scales tends to substantially improve statistical fit. Alves 
and Victoria, 2020 [2] highlight that utilizing ten-day or 
monthly series smooths the variability of extreme events, 
resulting in higher correlation values. Similarly, Tan et al., 
2017 [39], when evaluating the GPM product, also observed 
that statistical performance improves considerably when 
precipitation is analyzed in broader time windows. Never-
theless, in the present study, the obtained linear correlation 
was sufficient to allow the adjustment of regression equa-
tions forced through the origin as a strategy to reduce poten-
tial biases. From these equations, corrected precipitation 
estimates were generated, which supported the filling of the 
209 days with gaps in the tower series.

The RMSE ranged between 10.64  mm (NP) and 
11.15 mm (INMET), with this indicator being adopted as 
the primary comparison criterion as it reflects the dispersion 
of errors relative to observed values. The NP base presented 
the lowest RMSE, evidencing higher overall accuracy for 
gap-filling, while INMET recorded the highest value, indi-
cating greater variability in the errors associated with its 
estimates.

The MAE ranged from 5.11 mm (INMET) to 6.08 mm 
(Xavier), indicating moderate differences in the average 
magnitude of absolute errors among the evaluated bases. The 
lower value observed for INMET suggests that, on average, 
this base’s estimates were slightly closer to the observed 
values. However, this result should be interpreted alongside 
the other indicators, since the MAE, by not weighting the 
magnitude of extreme errors, may underestimate situations 
where large individual discrepancies occur [43]. The other 
bases showed similar performance, with values near 5.6 to 
5.7 mm, reflecting general consistency in daily estimates.

The Nash-Sutcliffe Efficiency (NSE) coefficient pre-
sented positive values for all databases, ranging from 0.09 
(Xavier) to 0.22 (GPM). Statistical indices demonstrate 
that, despite the inherent limitations of satellite and grid-
ded products in reproducing all daily extreme events, the 
corrected estimates exhibit superior performance compared 
to using the climatological mean of the observed series 
(6.5 mm day⁻¹) as a gap-filling strategy. While applying a 
simple mean would result in a static series devoid of vari-
ability, reconstruction based on regression equations allows 
for capturing seasonality and the alternation of precipitation 
events. This approach preserves the climatic characteristics 
of the Eastern Amazon with greater fidelity, which is essen-
tial for the integrity of the reconstructed time series.

GPM (0.22) and NP (0.19) stood out, suggesting a better 
ability to capture temporal variability compared to the other 
bases, while Xavier obtained the lowest value (0.09). Still, 
the relatively low magnitude of these values is consistent 
with studies conducted in tropical regions, where the high 
spatio-temporal variability of rainfall, combined with the 

NASA POWER (NP) regression estimate showing the clos-
est proximity to the original TSAF tower mean, reinforcing 
its consistency.

These results confirm that the insertion of 9.7% estimated 
data did not distort the local climatology, maintaining the 
robustness of the reconstruction despite the inherent biases 
of satellite and gridded products in the Amazon. Therefore, 
it is demonstrated that the regression methodology was sta-
tistically satisfactory for gap-filling without introducing sig-
nificant distortions to the climatological characteristics of 
the TSAF tower database.

3.2  Statistical Performance Indicators of the 
Datasets for Gap-Filling

The performance of the different datasets for filling daily 
precipitation gaps in the observed data is presented in 
Table 4.

To verify if the gap-filling process compromised the 
homogeneity of the original time series, a comparative 
evaluation of descriptive statistics was performed before 
and after the inclusion of the 209 reconstructed days. The 
original TSAF series and the final series with filled gaps 
showed high consistency in fundamental parameters: the 
daily mean remained with a deviation of less than 5%, and 
the proportion of dry days was preserved due to the zero-
intercept regression approach. Furthermore, the standard 
deviation and daily maximums of the filled data aligned 
with the local historical variability, indicating that the use of 
NASA Power for reconstruction did not introduce artificial 
trends or attenuate the magnitude of seasonal precipitation 
peaks. This statistical stability confirms that the final dataset 
is suitable for long-term hydrological modeling and water 
balance studies in the agroforestry system.

The coefficient of determination (R2) ranged from 0.31 
(INMET) to 0.41 (GPM), values that reflect limited linear 
correlation between the observed and estimated series. This 
performance is expected given the high spatio-temporal 
variability of precipitation on a daily scale, a prominent 
characteristic of the Amazon region, where short-duration 
convective events are frequent and difficult to represent by 
spatial databases. Previous studies reinforce that, in humid 
tropical regions, evaluation at more aggregated temporal 

Table 4  Statistical indicators between observed data (AFS tower) and 
data estimated by different datasets
Indicador GPM NP CHIRPS INMET XAVIER
R² 0,41 0,38 0,33 0,31 0,33
RMSE (mm) 10,86 10,64 11,08 11,15 11,12
NSE 0,22 0,19 0,12 0,13 0,09
PBIAS (%) -29 -17 -30 -47 -30
MAE (mm) 5,62 5,68 5,72 5,11 6,08
Índice d 0,65 0,58 0,55 0,60 0,54
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(0.55) showed intermediate performance, both indicating 
reasonable levels of correspondence with observed data. 
The lowest value was recorded for Xavier (0.54), though 
still within the range considered acceptable in comparative 
rainfall studies. Similar results have been reported in stud-
ies conducted in the Amazon, where the spatial heterogene-
ity of convective rainfall contributed to reduced agreement 
between estimates and observations at a daily scale [5, 10].

In general, although GPM showed better performance 
in the correlation coefficients (R2, NSE, and index d), 
NASA POWER stood out for the lowest error values 
(RMSE = 10.64  mm) and bias (–17%), indicating greater 
statistical precision relative to the tower data. Thus, this 
base was considered the most suitable for filling the his-
torical series gaps and was used to estimate the 209 missing 
days.

3.3  Temporal Analysis of Accumulated Precipitation

The analysis of cumulative precipitation highlights the 
pattern of strong seasonal variability characteristic of the 
Amazon region, reflected in the upward trend of the curves 
throughout the evaluated period (Fig. 5). It is observed that 
all databases presented an evolution consistent with the 
progressive increment of rainfall, following the pattern of 
increase during wet periods and relative stabilization during 
drier periods. This behavior demonstrates that, in general, 
the analyzed series adequately captured regional seasonality, 

occurrence of intense and localized convective events, tends 
to compromise daily-scale fit [2, 39].

The mean bias (PBIAS) ranged from − 17% (NASA 
Power) to -30.0% (CHIRPS and Xavier), indicating a gen-
eral trend toward underestimating daily precipitation in all 
analyzed datasets. The smallest bias was observed in NP 
(–17%), evidencing closer proximity between estimated 
and observed values. Conversely, INMET presented the 
largest deviation (–47%), suggesting a higher propensity to 
underestimate precipitation totals. Intermediate values were 
recorded for GPM (–29%), CHIRPS, and Xavier (–30%), 
all pointing toward a slight to moderate underestimation of 
rain events. Similar results have been reported by studies in 
humid tropical regions, where atmospheric complexity and 
the convective nature of rainfall favor systematic deviations 
in satellite-based or reanalysis products [25, 26, 30]. Despite 
these limitations, the relatively low PBIAS values suggest 
that, in general, the analyzed bases did not present extreme 
overestimation or underestimation trends, which is a favor-
able aspect for their application in time series gap-filling.

Willmott’s index of agreement (d) ranged from 0.54 
(Xavier) to 0.65 (GPM), reflecting moderate to high agree-
ment between observed and estimated values across the 
different bases. GPM presented the highest value (0.65), sug-
gesting better performance in reproducing the magnitude of 
precipitation events, although accompanied by uncertainties 
associated with other indicators such as RMSE and PBIAS. 
INMET obtained d = 0.60, while NP (0.58) and CHIRPS 

Fig. 5  Accumulated daily precipitation curve (mm/day) for the period from 2019 to 2024, comparing the observed data with the estimates from the 
GPM, NP, CHIRPS, INMET, and Xavier datasets
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significantly due to the high spatio-temporal variability of 
tropical convective events.

The NASA POWER dataset emerged as the most reliable 
source for gap-filling in the Eastern Amazon, presenting the 
lowest overall error (RMSE = 10.64  mm) and systematic 
bias (PBIAS = -17.0%). Although GPM (IMERG) demon-
strated a superior agreement index (d = 0.65), the stability 
and low PBIAS of NASA POWER consolidate it as a robust 
alternative for maintaining data continuity in remote tropical 
regions, faithfully representing seasonality and long-term 
trends. However, the identified systematic underestima-
tion requires caution in high-precision applications, such as 
irrigation planning and crop water balance. Thus, users in 
areas with a scarcity of stations should consider these error 
limits to mitigate impacts on agricultural management, with 
future research being necessary to establish specific toler-
ance levels for these errors in different Amazonian produc-
tion systems.

Despite a general trend toward underestimation across all 
products, the results demonstrate that satellite-derived data 
perform better than using the simple mean of the observed 
series for gap-filling. Consequently, this methodology 
proves essential for sustainable water resource management 
and hydrological modeling in agricultural production areas, 
such as agroforestry systems, where rain gauge networks 
are often sparse. Future research should incorporate sea-
sonal evaluations and regional statistical adjustments to fur-
ther refine the accuracy of these estimates during extreme 
climatic events.
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albeit with differences regarding the total accumulated vol-
ume and the intensity of the increments over the years.

The TSAF presented the highest cumulative precipitation 
values, showing greater sensitivity to intense rainfall events 
recorded locally. Among the evaluated bases, the NP product 
stood out for its closer proximity to the TSAF, consistently 
reproducing the precipitation growth trend over the period, 
although with slightly lower values. The CHIRPS database 
also showed similar behavior, following the temporal variabil-
ity but with a slight underestimation of the total accumulation.

On the other hand, the Xavier, GPM, and INMET bases 
showed greater divergence from the TSAF, especially from 
the middle of the series onward, where a lower accumula-
tion of precipitation is observed. This underestimation may 
be associated with limitations in the spatial resolution of 
satellite products and the point representativeness of con-
ventional stations, which do not always capture the spatial 
heterogeneity of rainfall in the Amazon [24]. Nevertheless, 
these series followed the seasonal pattern of alternation 
between rainy and less rainy periods, which reinforces the 
consistency of the general behavior of the estimates [42].

Overall, the results confirm that while all analyzed bases 
capture the typical seasonality of precipitation in the East-
ern Amazon region, there are significant differences regard-
ing the total accumulated volume. The proximity between 
the TSAF and the NP and CHIRPS series suggests that these 
bases possess a greater capacity to represent the temporal 
variability of rainfall at a local scale, which is in line with 
the previously discussed statistical indicators. Conversely, 
the underestimations observed in Xavier, GPM, and INMET 
highlight restrictions that may compromise the direct appli-
cation of these series for more detailed hydrological anal-
yses, especially in studies requiring higher precision in 
the water balance. Thus, the joint evaluation of statistical 
indicators and cumulative rainfall behavior reinforces the 
choice of the NP base as the most suitable for gap-filling the 
TSAF series, ensuring greater data reliability.

Figure 5 presents the analysis of daily cumulative pre-
cipitation for the 2019–2024 period. Although all series 
show the same cumulative upward trend over time, indicat-
ing consistency in seasonality and rainfall distribution pat-
terns, there are relative differences in the total accumulated 
volume between the bases.

4  Conclusion

This study evaluated the performance of satellite-based and 
gridded precipitation products for gap-filling daily rainfall 
series in an agroforestry system (AFS) in the Eastern Ama-
zon. Our results confirm that, although all datasets capture 
regional seasonality, performance at the daily scale varies 
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