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Abstract

Yield maps from combine harvesters are essential in precision agriculture for capturing
within-field variability and guiding variable-rate input management. However, in large-
scale systems such as those in the Brazilian Cerrado, these maps are often inconsistent
due to calibration errors, use of multiple harvesters, and complex post-processing. Orbital
remote sensing offers an alternative by providing consistent vegetation index (VI) data for
crop monitoring and yield estimation. This study developed regression models relating
Sentinel-2 VIs (EVI, TVI, NDVI, and NDRE) to cotton yield data obtained from combine
harvesters across 30 commercial plots in Mato Grosso, Brazil, over six cropping seasons
(2019–2024), totaling 76 plot-season datasets. Vegetation indices were grouped into 15-day
intervals based on days after sowing, and a logistic growth function was applied in the
regression modeling. Model performance evaluated using 15 independent plot-seasons
showed good pixel-level accuracy, with RMSE of 0.695 t ha−1 and R2 of 0.78, with EVI
performing slightly better. At the plot scale, mean yield predictions across all datasets
achieved an RMSE of 0.41 t ha−1, reflecting the higher reliability of module-based yield
measurements. These results demonstrate the potential of Sentinel-2 VIs combined with
logistic regression to predict cotton yields in the Cerrado, complementing or replacing
harvester-based monitoring.

Keywords: precision agriculture; remote sensing; yield mapping; cotton; logistic regres-
sion model

1. Introduction
Crop yield maps provide farmers with valuable insights to optimize crop management,

support decision making in agricultural practices, and enhance precision agriculture strate-
gies [1]. These maps are particularly useful for implementing variable-rate applications
of agricultural inputs, such as fertilizers, lime, seeds, growth regulators, and irrigation,
tailored to site-specific needs [2]. When generated over multiple seasons, yield maps allow

AgriEngineering 2025, 7, 390 https://doi.org/10.3390/agriengineering7110390

https://doi.org/10.3390/agriengineering7110390
https://doi.org/10.3390/agriengineering7110390
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/agriengineering
https://www.mdpi.com
https://orcid.org/0000-0003-1336-8958
https://orcid.org/0000-0003-2237-1315
https://orcid.org/0000-0002-8686-3012
https://orcid.org/0000-0002-9058-5967
https://orcid.org/0000-0002-1523-5510
https://doi.org/10.3390/agriengineering7110390
https://www.mdpi.com/article/10.3390/agriengineering7110390?type=check_update&version=1


AgriEngineering 2025, 7, 390 2 of 18

the identification of plots that consistently exhibit spatial variability in yield. This approach
highlights opportunities for economic and environmental benefits by applying variable-rate
inputs across distinct management zones within each plot [3–6].

Yield maps generated by combine harvesters equipped with yield monitors are a well-
established and efficient tool for assessing crop performance and identifying areas with
varying yield potential within a farm. However, these systems require accurate calibration
before use to minimize errors and ensure data reliability. In addition, they require extensive
data collection and substantial computational resources, which are often time-consuming
and labor-intensive [7].

In large-scale agricultural operations, such as those in the Brazilian Cerrado, multiple
harvesters with different yield monitor brands and technologies pose additional challenges
for ensuring yield map accuracy and consistency. Although yield monitors are common
in soybean, corn, and cotton harvesters, producers’ skepticism regarding their benefits
has persisted, often due to limited technical guidance on managing spatial variability
and applying variable-rate inputs. The significant effort required to extract, process, and
analyze the vast data from medium and large farms, often spanning thousands to tens of
thousands of hectares, also contributes to hesitation in fully adopting this technology.

In contrast, orbital remote sensing offers a straightforward approach to monitoring
crop development and yield prediction [8]. It enables the detection of key crop growth
stages, such as emergence, maturation, and senescence, as well as within-season crop
yield [9]. A variety of vegetation indices, including the Normalized Difference Vegetation
Index (NDVI), Normalized Difference Red Edge Index (NDRE), Enhanced Vegetation
Index (EVI), and Green Chlorophyll Vegetation Index (GCVI), among others, have been
successfully employed in these applications [10]. However, the efficacy of orbital remote
sensing in crop monitoring is influenced by several factors [11], including the size of
production plots relative to the spatial resolution of satellite imagery, revisit time, and local
precipitation patterns, which can limit the availability of cloud-free satellite images during
the crop production season [12,13].

Among the most widely used satellite products for agricultural monitoring are
Landsat-8 (30 m resolution) and Sentinel-2 imagery (10 m for visible and NIR bands,
20 m for SWIR bands), which provide spatial detail suitable for assessing large production
plots spanning hundreds of hectares, as commonly found in the Brazilian Cerrado, par-
ticularly in the states of Mato Grosso, Bahia, and Goiás. However, these resolutions may
be unsuitable for smaller plots of few tens of hectares or less, which are more common
in southern Brazilian states. In such cases, high spatial-resolution commercial satellite
imagery from platforms such as SPOT, KOMPSAT, RapidEye, and PlanetScope, among
others, may be required to effectively monitor crop yield variability within production
plots. Additionally, the Brazilian Cerrado crop production systems, typically characterized
by two crops per year (soybean in the spring-summer and corn or cotton in the summer-fall-
winter) face challenges in monitoring crop development during the rainy season (first crop:
soybean) due to frequent cloud cover. In contrast, the second crop (corn or cotton), typically
planted at the onset of the rainy season and harvested during the dry season, provides a
more favorable time window for acquiring cloud-free orbital images [13], especially during
its mid to late development stages. In this context, satellites with shorter revisit intervals,
such as Sentinel-2 (5-day revisit time), are more suitable, as they provide the chance of
obtaining a greater number of cloud-free images during the growing season compared to
Landsat-8 (15-day revisit time), for instance.

Several studies have focused on predicting crop yield using satellite-based remote
sensing, either in combination with crop models and climate data or through regression
modeling, including machine learning approaches. These methods establish relationships
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between crop yield, vegetation indices, and covariates such as climate data and soil pa-
rameters [8]. Orbital remote sensing enables the prediction of average crop yield at the
production-plot scale using lower spatial resolution imagery (e.g., 250 m) with high tempo-
ral frequency (daily), as provided by the MODIS sensors aboard NASA’s Terra and Aqua
satellites [14–17]. Additionally, these approaches facilitate the assessment of within-plot
yield variability through predicted yield maps, utilizing higher spatial resolution imagery,
such as that from Sentinel-2 [18–21].

Regression models have been applied to estimate cotton yields using vegetation
indices derived from orbital remote sensing, either alone or in combination with climatic,
topographic, and soil data. Reported root mean square error (RMSE) values typically range
from 0.2 to 1.0 t ha−1, depending on the scale and modeling approach [15]. Most of these
approaches provide average yield estimates for entire plots.

Within-field yield maps have been generated for crops such as wheat, corn, soy-
bean, sunflower, barley, canola, and triticale using vegetation indices derived from Sen-
tinel [18–24], Landsat [25,26], RapidEye [27], PlanetScope, and WorldView [28]. In general,
combine harvesters provide ground-truth yield data for training models, thereby enabling
pixel-level yield predictions. The models reported RMSE values ranging from 0.5 to
1.0 t ha−1 for winter cereals (wheat, barley, and triticale), 0.7 to 1.1 t ha−1 for corn, 0.4 to
0.5 t ha−1 for soybean, and 0.3 to 0.5 t ha−1 for sunflower.

Regression models have been developed to predict cotton yield in the Brazilian Cer-
rado using MODIS Terra and Aqua data, demonstrating the relevance of vegetation indices
such as EVI, TVI, NDVI, and NDRE for yield estimation [15]. While effective at larger
scales, these approaches are constrained by the coarse spatial resolution of MODIS, which
limits their capacity to capture within-field yield variability.

Despite these advances, research focused on generating within-field cotton yield maps
in the Brazilian Cerrado remains limited, particularly approaches that rely exclusively on
time series of vegetation indices under realistic production and harvesting conditions. The
central hypothesis is that Sentinel-2 vegetation index time series are capable of capturing the
spatial and temporal variability of cotton growth with sufficient accuracy to predict within-
field yield patterns. Accordingly, the objective was to develop and evaluate regression
models for predicting spatially explicit cotton yield maps using Sentinel-2 vegetation indices
calibrated with yield monitor data from commercial production fields in the Cerrado.

2. Materials and Methods
2.1. Experimental Area

The study area is located in the municipality of Sapezal, Mato Grosso (MT), Brazil
(Figure 1a), within the Cerrado biome. The region is characterized by a relatively flat
relief, an average annual precipitation of 1750 mm, and 30-year average maximum tem-
peratures ranging from 28 ◦C to 32 ◦C, while average daily minimum temperatures
vary between 18 ◦C and 22 ◦C. Cotton is typically cultivated as a second crop under
rainfed condition, sown between December and February after soybean harvest (crop
succession management).

This study involved 30 commercial production plots (colored polygons in Figure 1b) on
Tucunaré Farm (Amaggi Group) across six cropping seasons (2019–2024). After removing
plot-season combinations affected by harvester issues in yield measurement, 76 plot-season
data instances remained. For each plot-season, average cotton yield as well as sowing and
harvest dates were recorded.

Although the geographical position of each plot remained constant across seasons,
management practices, selected cultivar, climatic conditions, and biotic stressors varied
substantially from one season to another, exerting significant impacts on yield. The longitu-
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dinal variation across seasons was therefore considered the main source of independence
among plot-season combinations. Consequently, each plot-season combination was treated
as an independent instance.

 
Figure 1. Study area and production plots: (a) Sapezal, Mato Grosso State (MT), Brazil; (b) polygonal
map of the study plots (colored) on Tucunaré Farm; (c) clay content of the plots on Tucunaré Farm.

Fertilizer, lime, herbicide, insecticide, fungicide, and growth regulator applications,
as well as seed density and cultivar selection, were determined by the farm’s technical
team and varied among plots according to soil analyses, soil texture, location, and field
monitoring, following technical recommendations. For the late-cycle cultivars, seed densi-
ties ranged from 6 to 9 seeds per meter, while the medium and early-cycle cultivars had
densities between 8 and 11 seeds per meter. Cotton rows were spaced 36 inches (91.4 cm)
apart, and no-till management was applied for both the first crop (soybean) and the second
crop (cotton) across all plots and seasons. Under these conditions, this study represents a
typical on-farm research experiment.

2.2. Satellite Data and Processing

Based on de Siqueira et al. [15], Sentinel-2 vegetation indices (EVI, TVI, NDVI, and
NDRE; Table 1) were retrieved as raster images (GeoTIFF) using a JavaScript code im-
plemented in the Google Earth Engine (GEE) platform. Data were obtained from the
Level-2A orthorectified atmospherically corrected surface reflectance product (COPER-
NICUS/S2_SR_HARMONIZED), available since 2017, with a 5-day revisit period, 10 m
spatial resolution for visible and NIR bands, and 20 m for SWIR bands.

Table 1. Vegetation indices used in this study. Bands from Sentinel-2 used were: G (green): B03;
R (red): B04; NIR: B08; B: (blue): B02; RE: (red edge): B8A.

Vegetation Index Formula Ref.

Enhanced Vegetation Index (EVI) EVI = 2.5 × (NIR − R) / (1 + NIR + 6 × R − 7.5 × B) [29]
Triangular Chlorophyll Absorption Ratio Index
(TVI) TVI = 60 × NIR – G − 100 × (R − G) [30]

Normalized Difference Vegetation Index (NDVI) NDVI = (NIR − R) / (NIR + R) [31]
Normalized Difference Red Edge Index (NDRE) NDRE = (NIR − RE) / (NIR + RE) [32]

Shapefile-format plot contours were provided for all 30 plots included in this study.
Using sowing and harvesting dates, cloud-free vegetation index images for each growing
season were downloaded from the GEE platform and systematically organized with file
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names incorporating the plot identifier, acquisition date, season, and days after sowing
(DAS) (e.g., Plot-17, 05-25-2021, 2021-S, 104-DAS). For each plot-season, all cloud-free
images acquired between plant emergence and harvest were downloaded and recorded
for subsequent analysis (model training or testing), which typically spans the period from
January to August.

The DAS variable was adopted as the time scale instead of the day of the year (DOY).
Vegetation indices were averaged in regular 15-day intervals, which were then used to
construct the regression models for predicting cotton yield maps, following an approach
similar to that of de Siqueira et al. [15].

The geographical information system (GIS) software QGIS (version 3.22.7) was used
to process vegetation index images and cotton yield maps. Since the target variable
(cotton yield, provided by combine harvesters) and the predictors (vegetation indices from
Sentinel-2) had different spatial resolutions and formats, both datasets were resampled to a
common spatial grid for modeling. Yield maps generated by combine harvesters have high
data density (typically one acquisition per second), but often display spatial irregularities
due to variations in harvester speed, intermittent signal loss from communication or
electronic issues, and the use of multiple machines within each plot. In contrast, satellite
imagery such as Sentinel-2 provides spatially consistent measurements with uniformly
spaced 10-m pixels.

To ensure comparability and optimize model accuracy, both datasets were resampled
to a common, appropriately defined grid. Grid sizes ranging from 10 × 10 m to 70 × 70 m
were tested on a subset of eight plot-season combinations from the testing dataset. The grid
size that produced the highest correlation between the EVI and cotton yield was selected
for model training across all VI’s and DAS intervals. Vegetation index raster images were
resampled to the selected grids by averaging pixel values using the Raster Zonal Statistics
tool in the QGIS Processing Toolbox, with the plot grid vector shapefile used as the input
layer. The resulting data were exported as CSV files and subsequently converted to Excel®

format for further analysis.
All spatial datasets were projected or re-projected into a common coordinate refer-

ence system (CRS), specifically EPSG:32721–WGS 84/UTM zone 21 S, to ensure spatial
compatibility and enable accurate comparison and analysis.

2.3. Yield Mapping Data from Combine Harvesters

Cotton harvesting was performed using John Deere cotton pickers, models CP690 and
CP770 (Moline, IL, USA). The number of harvesters per plot ranged from 6 to 18, depending
on plot size and logistical requirements for each season. Combine harvester monitors were
calibrated at the beginning of the harvest season, and yield data were exported as shapefiles
after field operations. The raw yield maps obtained from the combine harvester monitors
(Ycombine) were normalized using the total weight of harvested round cotton modules
(Yweight) recorded for each plot-season. A correction factor (f) was computed for each
plot-season as: f = Yweight/Ycombine. All yield values from the combine harvester maps
were then multiplied by this factor to adjust the data and ensure equivalence between
the average monitor-derived yield and the actual harvested yield. This normalization
improves the consistency between harvester-based measurements and the reference yield
determined from the total weight of harvested modules. However, this procedure corrects
only systematic bias at the plot scale and does not compensate for measurement differences
among multiple combines operating within the same plot-season, which in this study
ranged from 6 to 18 machines per field. As a result, some residual machine-specific errors
may persist in the normalized yield maps.
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Yield values lower than 0.1 t ha−1 or higher than 7 t ha−1 were excluded as outliers.
These thresholds were established based on historical production records from the entire
Tucunaré farm and were defined in consultation with the farm data manager.

Cotton yield maps (shapefiles) were resampled to the grids by averaging vector point
data using the Spatial Join function in the QGIS Processing Toolbox, with the plot grid
vector shapefile as the base layer. The resampled data were then exported as CSV files and
subsequently converted to Excel format for further analysis.

2.4. Regression Modeling Approach

The vegetation indices (EVI, TVI, NDVI and NDRE) and cotton yield data, resampled
to the selected grid, were organized and grouped into 15-day DAS intervals. In general,
cloud-free images were only available from approximately 75 DAS onwards. Consequently,
regression models were developed for intervals ranging from 75–89 DAS to 165–179 DAS.
For each DAS interval, the selected regression function was the Slogistic1 from the Origin-
Pro 2015 software library (OriginLab) (Equation (1)). This function belongs to the logistic
family, characterized by an S-shaped curve. Data were fitted using OriginPro with the
Levenberg–Marquardt algorithm, employing the software’s default initialization param-
eters for a, k, and xc. These parameters were iteratively optimized by the algorithm to
minimize the sum of squared residuals. Model performance was assessed using the coeffi-
cient of determination (R2), root mean square error (RMSE), mean absolute error (MAE),
and Bias.

Y = a/
(

1 + e−k(x−xc)
)

(1)

where a (upper asymptote), k (growth rate), and xc (inflection point) are free parameters
(fitting coefficients), x represents the Sentinel-derived vegetation indices (EVI, TVI, NDVI
or NDRE), and Y (t ha−1) denotes cotton yield.

The logistic regression function was selected to model cotton yield because of its
superior flexibility in capturing both the growth dynamics and the saturation behavior of
VIs across different DAS intervals. Extensive preliminary testing had discarded alterna-
tive functional forms, including power, exponential, logarithmic, linear, and polynomial
models with two or three parameters. Furthermore, it offers an advantage over the linear
model previously used by de Siqueira et al. [15], as it prevents unrealistic negative yield
predictions, particularly under extremely low VI values measured at field borders or under
conditions of disease incidence or severe climatic stress.

Of the 76 observations (plot-season) in the dataset (30 plots spanning the 2019 to 2024
growing seasons), complete combine-harvester yield maps were available for 50 plot-season
combinations, while only average yield values were reported for the remaining 26 plots.
Consequently, regression model training and testing for different DAS intervals were
conducted using only the 50 plot-season with yield maps, with 35 observations allocated
for training and 15 for testing. The train-test split was performed at the plot-season level
to ensure independence between training and testing samples and to prevent temporal or
spatial leakage. The split was defined prior to any data processing or analysis. Specifically,
for plots with 5, 4, 3, or 2 growing-season observations, one observation per plot was
randomly allocated to the test dataset, and the remaining observations were assigned to
the training dataset. For the five plots with only a single growing-season observation, three
were randomly assigned to the training dataset and two to the test dataset.

Figure 2 illustrates the model training and testing procedures. During the training
phase, resampled yield data and Sentinel-2 vegetation index (VI) data are fitted using the
Slogistic1 regression function, generating seven 15-day DAS intervals regression equations
(75 to 179 DAS). The VI and DAS intervals models with the highest R2 are selected for yield
map prediction using cloud-free VI images acquired within these selected DAS intervals.



AgriEngineering 2025, 7, 390 7 of 18

 

Figure 2. Schematic representation of the model training and testing approaches used for regression
model training and testing.

During the model testing phase, predicted yield maps were generated using the
vegetation indices EVI, TVI, NDVI, and NDRE. A single cloud-free Sentinel-2 image corre-
sponding to the DAS interval with the highest model performance was selected to produce
the predicted yield map. This map was then compared to the combine harvester-measured
yield map using the best-performing resampled grid. Pixel-level cotton yield accuracy was
assessed using the RMSE between the predicted and measured values for the selected grid
and vegetation index. Additionally, plot-level yield predictions were obtained by averag-
ing the predicted values, for each of the 76 plot-season combinations (30 plots unevenly
distributed over six growing seasons) and compared to the corresponding measured yields
obtained by weight of harvested round cotton modules to assess accuracy at the plot scale.

3. Results and Discussion
3.1. Dataset Evaluation

Figure 3 presents the frequency distributions of key features of the cotton production
dataset, including plot area, growing season, sowing month, and cotton yield. The average
plot size was 202 ha, with a mean cotton yield of 3.995 t ha−1. Most plots were sown in
January and February, accounting for 85% of the dataset. The lowest yields were recorded
in plots with clay content ranging from 10% to 25%, which are typically sown in December
and often managed as single-crop systems due to their low water-holding capacity. In
contrast, the highest yields were measured in fields with clay content above 35%, which
offer greater water and nutrient retention throughout the growing season. Notably, yields
during the 2022 growing season were significantly reduced, falling below 3.5 t ha−1 across
all plots, due to highly irregular rainfall distribution. These observations are consistent
with previous studies that evaluated the influence of soil attributes and environmental
variables on cotton yield in the state of Mato Grosso [15,33,34], which identified soil texture,
altitude, precipitation and temperature patterns, and management practices as the most
influential factors.

Low- and high-yield observations (Figure 3d) are essential for developing robust
regression models for crop yield prediction [22,28,35]. Including the full range of yield
variability ensures that the model is trained on both extreme and intermediate conditions,
rather than being biased toward average cases. Likewise, capturing broad variability in
vegetation indices (VIs) and other explanatory variables enables the model to learn the
complete input-output relationships across different crop growth conditions. This diversity
in the training data reduces overfitting, prevents bias, and ultimately improves model
accuracy and generalization.
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Figure 3. Frequency distribution of plot-season data for plot area (a), sowing month (b), cropping
season (c), and cotton yield (d).

3.2. Cloud-Free VI Images Evaluation

The availability of cloud-free VI images during the 90–150 DAS period has been critical
for achieving good yield prediction accuracy for cotton cultivated in Brazil’s Cerrado
region [15]. Among the 50 plot-season datasets used to train and test the models, the
number of cloud-free images acquired for the period of 75–179 DAS ranged from 4 to 16,
with an average of 9 images. In contrast, cloud-free imagery was scarce from sowing to
74 DAS. Figure 4 shows the number of free-cloud images in 15-day intervals, normalized
by the total of plot-season (50). From 75 to 149 DAS, the availability of cloud-free images
steadily increased and then stabilized through 135–179 DAS. For the 105–119 DAS interval,
at least one cloud-free image was available on average. Prior to this interval, the average
number of cloud-free images per plot-season was less than one, whereas after this point,
the average exceeded one image per interval. Therefore, in terms of data availability
for the regression models, the period from 105 to 179 DAS provides the most consistent
and abundant source of valid input data. These findings are consistent with the seasonal
cloud patterns reported for the Brazilian Cerrado biome [13], where periods with lower
cloud cover, and thus higher availability of cloud-free satellite scenes, are predominantly
observed from May to September (mid-autumn to late spring). As shown in Figure 3b,
most sows were performed in January and February.

 
Figure 4. Frequency distribution of cloud-free images (number of images normalized by the total
number of plot-season; 50) from 75 to 179 DAS in 15-day intervals.
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3.3. Resampling Grid for Yield and VI Maps

Figure 5 shows that the relationship between EVI and yield improved with increasing
grid size, with R2 values rising up to the 40 × 40 m resolution and stabilizing thereafter
(Figure 5h). A similar pattern was observed for the other vegetation indices. This trend
suggests the presence of noise in the original yield data, which effect is progressively
reduced as grid size increases due to the averaging of more measurements within each cell.
This effect is further illustrated in Figure 5i, which shows the frequency distribution of yield
points per grid cell for the 10 × 10 m and 40 × 40 m grids. While approximately 1300 pixels
in the 10 × 10 m grid contained only a single yield measurement, this number dropped to
just 20 pixels in the 40 × 40 m grid, demonstrating the improved robustness and spatial
coherence provided by the larger grid size. Comparable findings were reported in a large-
scale wheat yield prediction study in Sweden, where the best model performance using
Sentinel imagery was obtained after resampling the yield maps to 40 m resolution [36].

 
Figure 5. Relationships between EVI and yield for eight plot-seasons using grids of 10 × 10 m (a),
20 × 20 m (b), 30 × 30 m (c), 40 × 40 m (d), 50 × 50 m (e), 60 × 60 m (f), 70 × 70 m (g); coefficient of
determination (R2) between EVI and yield across grid sizes (h); and frequency distribution of yield
data points per pixel for the 10 × 10 m and 40 × 40 m grids (i).

Based on these findings, the 40 × 40 m grid was selected for subsequent model
training and testing. This result aligns with previous studies that emphasize the importance
of post-processing yield maps acquired by sensors mounted on combine harvesters to
improve their correlation with vegetation index images derived from satellite data for
yield prediction modeling [37]. Although several strategies exist to detect and eliminate
anomalous yield data, such as geostatistical filtering, Moran’s spatial autocorrelation, and
simple thresholding methods that exclude values beyond the mean ± n × SD (standard
deviation), this study adopted a resampling-based approach.

The resampling method proved effective in reducing noise and enhancing the correla-
tion between yield and VI data. The use of this simple yet robust approach is justified by
the complex sources of error inherent to large-scale commercial cotton production systems
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in the Brazilian Cerrado, where multiple combine harvesters are often used simultaneously,
leading to inconsistencies in yield data acquisition. Furthermore, studies addressing yield
map filtering strategies under these specific production conditions are still limited and
warrant further investigation in future research [38].

3.4. Model Training and Testing

Figure 6 shows the correlations between cotton yield measured by combine harvesters
and the vegetation indices EVI, TVI, NDVI, and NDRE across seven DAS intervals, using a
40 × 40 m grid, for the training dataset. The figure also presents the fitted growth/logistic
model (Equation (1)), with corresponding coefficients provided in Table 2. Residuals from
the fitted models were visually inspected using residuals versus fitted values plots, which
revealed no obvious patterns of heteroscedasticity.

Figure 6. Correlations between cotton yield and vegetation indices (EVI, TVI, NDVI, and NDRE)
across seven DAS intervals, using a 40 × 40 m grid for the training dataset. The fitted growth/logistic
model coefficients and R2 values are detailed in Table 2.
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Table 2. Fitting coefficients (a, xc and k) of Equation (1) derived from the training dataset to describe
the relationships between cotton yield and vegetation indices (VI) across DAS intervals (Figure 6).

DAS VI a (95% CI) xc (95% CI) k (95% CI) R2 N

75–89

EVI

5.480 (5.436–5.523) 0.579 (0.572–0.586) 8.116 (7.917–8.507) 0.80 15,648
90–104 7.131 (7.003–7.260) 0.715 (0.698–0.733) 4.757 (4.655–4.958) 0.82 30,801
105–119 6.111 (6.042–6.180) 0.606 (0.594–0.617) 5.379 (5.270–5.592) 0.79 33,183
120–134 5.333 (5.310–5.356) 0.466 (0.462–0.470) 7.844 (7.707–8.112) 0.67 41,615
135–149 5.067 (5.056–5.079) 0.362 (0.359–0.364) 12.99 (12.79–13.38) 0.68 46,227

75–89

TVI

5.313 (5.285–5.342) 23.82 (23.62–24.01) 0.242 (0.237–0.252) 0.83 15,648
90–104 6.216 (6.157–6.275) 26.79 (26.42–27.16) 0.138 (0.136–0.143) 0.83 30,801
105–119 5.581 (5.546–5.616) 22.90 (22.62–23.15) 0.159 (0.156–0.165) 0.8 33,183
120–134 5.143 (5.127–5.158) 18.33 (18.20–18.45) 0.246 (0.242–0.254) 0.67 41,615
135–149 4.998 (4.988–5.008) 14.78 (14.71–14.86) 0.447 (0.440–0.461) 0.67 46,227

75–89

NDVI

6.828 (6.613–7.043) 0.775 (0.756–0.794) 7.825 (7.518–8.426) 0.75 15,648
90–104 9.126 (8.686–9.565) 0.875 (0.845–0.906) 6.419 (6.211–6.826) 0.76 30,801
105–119 10.92 (10.13–11.71) 0.942 (0.891–0.993) 5.306 (5.125–5.661) 0.76 33,183
120–134 6.491 (6.480–6.503) 0.720 (0.709–0.731) 7.276 (7.071–7.677) 0.62 41,615
135–149 5.457 (5.424–5.490) 0.600 (0.596–0.604) 9.277 (9.090–9.644) 0.65 46,227

75–89

NDRE

6.839 (6.628–7.050) 0.787 (0.769–0.804) 8.209 (7.895–8.827) 0.75 15,648
90–104 8.380 (8.053–8.706) 0.855 (0.831–0.878) 7.093 (6.874–7.522) 0.76 30,801
105–119 10.036 (9.421–10.65) 0.916 (0.875–0.956) 5.829 (5.636–7.522) 0.76 33,183
120–134 6.551 (6.431–6.671) 0.744 (0.733–0.755) 7.817 (7.595–8.251) 0.62 41,615
135–149 5.511 (5.475–5.546) 0.630 (0.626–0.634) 9.734 (9.537–10–12) 0.66 46,227

a: upper asymptote; xc: inflection point; k: growth rate; R2: determination coefficient; N: number of points;
CI: confidence intervals.

Differences in fitting performance based on R2 were relatively small, with EVI and TVI
performing slightly better [39]. This is likely due to the growth/logistic function, which
is versatile for modeling sigmoid-shaped relationships, effectively capturing phases of
growth and stabilization [40], making it particularly suitable for modeling the seasonal
dynamics of VIs in relation to crop yield.

The best performances were observed for 75–89, 90–104, and 105–119 interval. When
selecting the best DAS interval model, the number of points per interval (Table 2) should be
considered alongside R2. The lower number of points in the 75–89 DAS interval, compared
to the subsequent intervals, is explained by the high incidence of cloud cover during this
period (Figure 4), which reduced the availability of usable satellite images [13,41].

Between 75 and 120 DAS, cotton typically transitions from late vegetative growth to
the main reproductive phase. For most medium-cycle cultivars cultivated in tropical envi-
ronments such as the Brazilian Cerrado, this period corresponds to peak flowering (R1–R2),
boll formation (R2–R3), and boll filling/early boll opening (R3–R4) [42,43]. These stages
are physiologically critical for yield determination, which explains the strong relationships
observed between vegetation indices and final yield in this period.

Analysis of cloud-free images (Figure 4) and sowing date distributions (Figure 3d)
across all plot-season combinations indicates that mid- and late-season cotton sowing
(January and February) provides a high probability of obtaining cloud-free images within
the most favorable DAS window, where the models achieved their best performances.
In contrast, early sowing (December) presents a slightly less optimal scenario due to a
lower likelihood of acquiring cloud-free images during the same DAS period. Since the
model-testing approach requires choosing a single satellite image to estimate the yield map
(although multiple images could be used and then averaged for a more refined estimate, the
simpler approach with one image was adopted here). One cloud-free image was selected as
the first available for each of the 15 plot-season (test dataset) according to the following DAS
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priority order: 90–104, 105–119, 75–89, 120–134, and 135–149. This strategy is consistent
with previous studies demonstrating that yield prediction models can achieve high accuracy
using a single vegetation index image acquired at key phenological stages [44,45]. When
combined with the resampling grid approach and the logistic growth model, this procedure
resulted in high coefficients of determination (R2 ≈ 0.80) for the 75–119 DAS intervals
using EVI and TVI, which is in line with the average R2 of 0.77 reported in a recent review
evaluating 32 crop yield prediction studies [46].

The comparison between measured and predicted cotton yield for the test dataset
(15 plot-seasons), based on the selection of one cloud-free image per plot-season from the
DAS models (Table 2), is shown in Figure 7. The performance metrics (RMSE, MAE, Bias,
and R2) for each VI are summarized in Table 3. The EVI achieved the best performance,
with RMSE, MAE, and Bias values of 0.695, 0.542, and 0.03 t ha−1, respectively, and R2 of
0.78, although differences with the other VIs were relatively small. The strong performance
observed across all VIs highlights both the robustness of the growth/logistic regression
model and the effectiveness of selecting appropriate satellite acquisition dates and DAS
interval models.

 
Figure 7. Comparison between measured and predicted cotton yield using EVI (a), TVI (b), NDVI
(c), and NDRE (d), based on one selected cloud-free image for each plot-season in the test dataset
(n = 15), following the DAS model priority order: 90–104, 105–119, 75–89, 120–134, and 135–149. All
VI image data were resampled to 40 × 40 m.

Table 3. Performance metrics (RMSE, MAE, Bias, and R2) for pixel-level cotton yield prediction using
EVI, TVI, NDVI, and NDRE in the test dataset (15 plot-seasons).

VI
RMSE MAE Bias

R2
t ha−1

EVI 0.695 0.542 0.03 0.78
TVI 0.705 0.550 0.03 0.76

NDVI 0.722 0.569 0.05 0.77
NDRE 0.707 0.555 0.08 0.77
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This pixel-level yield prediction, with an RMSE of approximately 0.7 t ha−1, is con-
sistent with values reported in other studies for soybean and corn [28], wheat [18,20,28],
and cotton [47], which used regression modeling based on VIs alone or combined with
environmental and soil covariates at similar spatial scales. Although substantially lower
RMSE values have been reported in some studies [35,45,48], these typically correspond to
relatively small study areas, where the higher precision of combine harvester yield maps,
often generated using a single machine, and the use of high spatial resolution imagery
reduce prediction uncertainty. Consequently, these lower RMSE values are not directly
comparable to those obtained in broader, more heterogeneous production areas.

The prediction accuracy of yield maps regression models at the pixel scale is highly
dependent on the quality of the combine harvester yield maps, which served as the geospa-
tial ground-truth reference for model training and testing [20]. During the training and
testing stages, yield maps of varying quality were identified when processing the data in
QGIS. Lower-quality maps were primarily associated with multiple harvesters operating
simultaneously, nighttime harvesting under high humidity, and missing sensor calibra-
tions [47,49].

Figure 8 illustrates examples of measured yield maps alongside predicted maps
generated with EVI for four plot-seasons, as well as scatterplots comparing measured
and predicted data. Overall, the model shows strong agreement with the yield maps
obtained from the combine harvester monitor. In the examples, plots 121A and 174 display
substantial yield variability (ranging from 1–2 to 4–5 t ha−1), largely driven by the wide
variation in clay content within these plots (approximately 10–70%). These plots achieved
RMSE values of 0.38 and 0.55 t ha−1, lower than the overall average RMSE (0.695 t ha−1),
likely due to the higher quality of the corresponding yield maps. In contrast, plots 54
and 119, which are more homogeneous in clay content (50–70%), show yield variation
that appears to be more strongly influenced by climatic conditions and border effects.
These plots presented RMSE values above the testing average. Similar findings have been
reported in other studies that evaluated pixel-level crop yield prediction using combine
harvester data for model training and testing, where substantial differences in prediction
accuracy were observed among individual plots/fields [3,20,28]. Although the causes of
such discrepancies have not been extensively investigated, it is reasonable to hypothesize
that the quality of individual yield maps plays a decisive role in both model training and
testing [37], especially in studies that rely on on-farm datasets and multiple data sources
across broad spatial scales.

The spatial variability patterns observed in Figure 8 are consistent with the main
drivers of within-field yield variability reported in the literature [34,42,45,50]. The dominant
natural sources of variability include differences in soil texture, especially clay content,
which directly affects soil water-holding capacity, nutrient retention, and plant availability.
Topographic features also play a key role by influencing surface runoff, erosion, and
water redistribution across the landscape. These natural factors frequently interact with
anthropogenic influences, such as soil compaction caused by machinery traffic, uneven
distribution of agricultural inputs, localized pest and disease incidence, and suboptimal
fertilizer management. As a result, within-field yield variability typically reflects complex
interactions between soil properties, terrain attributes, and management practices.

To reduce data noise and improve model performance, a resampling procedure to
a 40 × 40 m grid was applied. Although aggregation at this coarser spatial resolution
improves model fitting and validation statistics by reducing random variability, it may
also smooth genuine spatial patterns associated with management practices, microrelief
conditions, or localized crop stress. To address this limitation, predicted yield maps were
originally generated at the native Sentinel-2 spatial resolution (10 m), as illustrated in
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Figure 2. These 10 m maps (Figure 8b) preserve fine-scale variability and are suitable for
precision agriculture applications such as variable-rate management, management zone
delineation, and localized stress diagnostics. The 40 × 40 m resampling was primary ap-
plied to ensure consistent comparison with combine-harvester yield data (Figures 7 and 8c)
and to improve model accuracy, but the original 10 m resolution predicted yield maps
(Figure 8b) should be preferred for precision agriculture applications.

Figure 8. Cotton yield maps from combine harvesters (a), predicted from Sentinel-2 EVI at 10 × 10 m
resolution (b), and scatterplots of measured vs. predicted yields on the 40 × 40 m grid (c), for four
plots of the testing dataset.

A comparison between measured and predicted yields at the plot scale (mean plot
yield) for the entire dataset (76 plot-season combinations) is shown in Figure 9. The results
indicate a RMSE of 0.41 t ha−1, which is substantially lower than the pixel-level prediction
error (RMSE = 0.695 t ha−1). This improved accuracy at the plot scale likely reflects the
fact that average yields were calculated from weight of harvested round cotton modules,
whereas yield maps were generated from combine harvester monitors which can exhibit
systematic and random errors arising from sensor response lag, flow dynamics in the
harvester, calibration drift over time, and differences between machines or harvest condi-
tions [49,51–53]. At the plot scale, predicted yields showed a slight average overestimation
of 0.08 t ha−1 (Bias), while at the pixel scale the Bias was smaller (0.03 t ha−1).
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Figure 9. Comparison between predicted and measured cotton yields at the plot level across all
76 plot-season combinations, including testing (15) and training (35) datasets with combine harvester
yield maps, as well as plots where only average plot yield was available.

4. Conclusions
This study demonstrated the feasibility of predicting cotton yield maps in large-scale

production systems of the Brazilian Cerrado using Sentinel-2 vegetation indices combined
with a logistic growth regression modeling. A grid resampling procedure ensured spatial
correspondence between vegetation index layers and yield maps, which improved pixel-
level model performance. The approach was evaluated across multiple days-after-sowing
(DAS) intervals using EVI, TVI, NDVI, and NDRE. Among these indices, EVI achieved
the highest predictive accuracy in the independent test dataset (R2 = 0.78), based on single
cloud-free images from 15 plot-seasons. When the optimal vegetation index and DAS
interval were selected, yield predictions achieved an RMSE of approximately 0.70 t ha−1 at
the pixel scale (relative to combine harvester maps) and 0.41 t ha−1 at the plot scale (relative
to average yields derived from cotton module weights).

The proposed method demonstrates the potential of satellite remote sensing as a
scalable, cost-effective, and spatially explicit alternative to conventional harvester-based
yield monitoring. The 10 m spatial resolution of Sentinel-2 proved adequate for capturing
within-field yield variability typical of mechanized cotton systems in the Cerrado. The
framework is also adaptable and can be extended to other crops, cultivated from January to
August as a second crop after soybean that is cultivated as the first crop in the rainy season,
reinforcing its value for precision agriculture applications.

From a practical perspective, remote sensing-based yield prediction enhances decision
making for variable-rate input management, within-field zoning, and yield forecasting,
particularly where harvester yield maps are unavailable or unreliable. At a broader scale,
it offers an operational solution for regional production monitoring, supporting farm
management, agribusiness planning, and public policies. These results highlight the
growing role of Earth Observation technologies in digital agriculture and demonstrate their
potential to complement or substitute traditional yield mapping approaches in large-scale
tropical agriculture.
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