- TR

DOI: https://doi.org/10.29312/remexca.v16i3.3636 Article

Estimation of corn yield thro ugh image treatments obtained by Sentinel
2: case of Las Arenas, Acambay

Monica lvonne Garcia-Martinez!
Xanat Antonio-Némiga®$

José Francisco Ramirez-D4évila?
Adan Salazar-Garibay3

1 Facultad de Geografia-Universidad Auténoma del Estado de México. Ciudad Universitaria s/n. Toluca,
Estado de México. México. CP. 50110.

2 Facultad de Agronomia-Universidad Autonoma del Estado de México. Carretera Toluca-Ixtlahuaca km
15.5, El Cerrillo Piedras Blancas, Toluca, Estado de México. México. CP. 50200.

3 Agencia Espacial Mexicana. Insurgentes sur 1685, Alvaro Obregén, Ciudad de México, México. CP. 01020.

Autor para correspondencia: xantonion@uaemex.mx

Abstract

Corn (Zea mays L.) is the basis of food and culture in the state of Mexico, so estimating its production
to sustain a growing population is a current need. Therefore, images obtained by ESA Copernicus’
Sentinel 2 were used to estimate corn yield in plots in the localities of Las Arenas, Acambay, state
of Mexico. The efficiency of various indices and biophysical indicators calculated with information
from these images was tested to establish their correlation against the harvest measured in the
field. The indices calculated in Sentinel 2 were: NDVI and EVI and the LAl and FAPAR indicators.
In this region and under conditions of intense drought, the NDVI calculated in Sentinel 2 had the
best predictive ability for corn yield (model fit r’= 0.79). Based on the correlation, the production of
10 randomly selected plots was estimated, demonstrating that, in the range of values between 0.4
and 0.5, NDVI is an excellent predictor of corn harvest under drought conditions, whereas higher
NDVI values tend to overestimate yield by up to 1 t ha™. This information is useful for estimating
the harvest and insurance of agricultural production.
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Introduction

Estimating the yield of grain corn, in order to guarantee the production required to feed a constantly
growing population, is of utmost relevance. Crop yield prediction is a priority to increase knowledge
of climate/crop relationships and to generate information that can be used in timely planning and
production management (Herndndez and Caballero, 2009). Yield estimation techniques diversified
with the design of satellite technology, giving rise to a range of possibilities that include, in addition
to procedures based on mathematical crop simulation models, those that use satellite information
exclusively and others that integrate both (Weiss et al., 2001; Doraiswamy et al., 2003).

The yield of a plot is a multifactorial phenomenon, in which soil and climatic components intervene,
interacting with management practices. The characteristic spectral response of plants during their
production and growth process is very specific and has been widely documented. In essence,
healthy vegetation has a low response in the red region of the visible spectrum and very high in
the infrared region of the spectrum (Chuvieco, 2002; Manzo and Meave, 2003). The difference in
response between these two regions has led to the development of various vegetation indices, the
value of which can be considered an indicator of the state of vegetation health.

Since plant reflectance has a high correlation with crop health status, there is a significant
relationship between vegetation spectral indices and their yield (Cruz-Duran et al., 2011).
Vegetation indices have been documented to be sensitive to vegetation changes in terms of
physiological development (Asrar et al., 1984; Kolotii et al., 2015). Each vegetation index has its
own limitations, hence the importance of combining indices and biophysical indicators.

Biophysical indicators are variables that can be used to evaluate vegetation stress and forecast
agricultural yields. The leaf area index (LAI) calculates the area of leaves per unit of soil area,
whereas the fraction of absorbed photosynthetically active radiation (FAPAR) quantifies the solar
radiation absorbed by plants within the photosynthetically active spectral region (Ovando, 2021).
LAl is closely related to plant productivity and biomass, a higher value indicates better canopy
development and therefore higher potential yield (Hu et al., 2014). For its part, FAPAR is an
indicator of photosynthetic activity and vegetation productivity. By being directly related to the
energy absorbed by plants for their growth, it can complement other indices (Qin et al., 2018).

Several studies around the world have tested the performance of vegetation indices calculated in
Sentinel-2 (Huang et al., 2014; Xu et al., 2022). For example, Xiuliang et al. (2020) report that the
three-band water index (TBWI) was ideal for estimating corn biomass, establishing the relationship
between biomass and leaf area index at various stages of growth. For their part, Chi et al. (2022)
estimated corn biomass in the province of Jilin, China, by using Sentinel-1 and Sentinel-2 indices
and biophysical variables, and they found that the difference of cross-polarizations in Sentinel-1
provides a more accurate estimate of biomass (R°= 0.81-0.83, RMSE= 0.4-0.41 kg m™) than models
based on simple polarizations, and they combine predictors (optical indices, radar indices, and
biophysical indicators) to improve accuracy.

Authors such as Chen et al. (2021) combine information from the Sentinel-1 radar with the
multispectral images from Sentinel-2 for multitemporal mapping of corn in highly complex and
heterogeneous landscapes. Bolton and Friedl (2013) found high correlations between vegetation
indices and yield when the crop was fully developed. For their part, Lewis et al. (1998) evaluated
corn production in Kenya and found that the maximum values of the NDVI index are a sensitive
indicator of corn production in the agricultural district. Their results from a simple regression model
with NDVI as an independent variable to predict corn production are encouraging (r’= 0.75, p< 0.05).

Various remote sensing techniques have been applied to estimate the yield of corn plots in advance
(Soria et al., 2004). The present study used data obtained in the field to obtain a more robust
model for predicting yield in the municipality of Acambay, state of Mexico. This is because, although
satellite images and the indices derived from them provide valuable information, measurements of
plant biomass, density, and physiological parameters measured in the field are essential to validate
the models, improving their accuracy.
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Materials and methods

Study area. The plots monitored were 40 plots of native corn cultivation in well 2 of the agricultural
irrigation system of the locality of Las Arenas, municipality of Acambay, state of Mexico. Together,
these cover a total area of 63 ha (Figure 1). The area is characterized by a temperate climate with
rainfall from June to September, with a maximum rainfall of 160 mm and an average temperature
of 15 °C. The dry season includes December, January, and February, whereas the rainy season
covers the months from June to October (Figure 2).

Figure 1. Geographical location of the study area.

Figure 2. Climate chart of the Huapango dam station, Mexico in 2022, number 15187 (CONAGUA, 2022).

Sentinel 2 image processing

Sentinel 2B is a multispectral optical sensor from the European Space Agency (ESA) that collects
information on the reflectance of the Earth’s crust in the visible and infrared regions. The image
used was an image obtained on October 13, 2022, the date that corresponds to the maturity of
the ears of corn and in which cloud-free information was acquired, a criterion of utmost importance
for the calculation of the indices. The scene was downloaded from the Open Access Hub (https://
scihub.copernicus.eu/dhus/#/home) server with an L2 level, which includes radiometric calibration.
The image was co-registered with vector mapping and the pixels of the image bands were
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resampled to a size of 10 m pixel™ taking advantage of the finest spatial resolution available from
the source in the optical bands and using the nearest neighbor method and the scene cut to the
study area. These used SNAP’s thematic processing functions for optical sensors to calculate the
indices and indicators listed below (Table 1). The minimum, maximum, and average values of the
indices indicated above in the pixels located at the boundaries of the plots were obtained by means
of zonal statistics operations in the QGIS software (QGIS development team, 2024).

Table 1. Indices calculated in the Sentinel 2 images.

Index Characteristics Formula

NDVI It correlates the visible red and infrared NDVI=(NIR-Rvis) / (NIR+Rvis)
regions and is associated with crop

vigorousness (Rouse et al., 1974).

EVI In addition to the visible red infrared region, it Wl:Gvis*[%]
incorporates the blue band to correct the effect
of the atmosphere and soil (Huete et al., 2002).
LAI This is generated from EVI by means LAI=(3.618*EVI-0.118)
of correction factors (Chen, 1992).
FAPAR Radiation that plants absorb in the range FAPAR= ND * scale factor + offset ND
of the electromagnetic spectrum from 0.4 the reflectance value of the vegetation

to 0.7 um (Vega and Alvarado, 2019).

Where: NIR corresponds to the near-infrared region, Rvisto the visible red channel and Gvisto the visible green channel.
Scale and offset factors are set by ESA.

Calculation of corn production with data obtained in the field

Field sampling was carried out following the methodology of the International Maize and Wheat
Improvement Center (CIMMYT, for its acronym in Spanish) in its corn yield estimation manual
(CIMMYT, 2019). Before harvest (from December 01 to 15, 2022), plants were cut and collected
from three samples chosen randomly by using random selection methods. The number of rows in
each plot was counted and based on a table of random numbers, the number immediately below
was chosen to indicate which was the row to collect the sample.

To estimate the distance between furrows to be measured, the average length of the furrow was
calculated and divided by 10. Once the furrow to be measured was identified, all the ears found in
an area of 5 m were harvested and these were shelled and dried to later be weighed. Dry yield was
calculated according to the following formula:

} Kg total grain weight-moisture

For its part, the amount of moisture was estimated by multiplying the total grain weight by the
percentage of moisture in the grain. This percentage of moisture was measured with a moisture
meter and its value was 14%.

K Dry yield
Yield at 14%(H_§ ] = r%),g6

The yield value is extrapolated for the evaluated plots

In this study, the plot is the territorial unit of analysis, that is, the pixel values of the indices obtained
from the satellite images were averaged per plot and the yield values sampled in the field are also
summed per plot. This is because the spatial resolution of the image prevents a direct relationship
between the pixel of the image and the individual (plant) in the field.
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Results and discussion

Figure 3 shows the cartography of the indices and indicators calculated in the study area.

Figure 3. Indices and biophysical indicators calculated in October 2022 in Las Arenas, Acambay,
calculated from the Sentinel 2 image.

The NDVI showed minimum values of 0.17 and maximum values of 0.89, with the values most
frequently found between 0.4 and 0.75, which, according to the scale proposed by Alarcén-Rozo
(2021), indicates that the plots in the study area have abundant vegetation cover (Figure 4).
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Figure 4. NDVI values in October 2022 in the plots of Las Arenas, Acambay, calculated in the
processing of the Sentinel-2 image.
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The enhanced vegetation index, EVI, showed its average ranges between 0.1 and 0.25, obtaining
a minimum value of 0.025 and a maximum of 0.34 (Figure 5).
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Figure 5. EVI values in October 2022 in the plots of Las Arenas, Acambay, calculated in the
processing of the Sentinel-2 image.
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The leaf area index, LAI, showed minimum values of 0.26 and maximum of 4.7 (Figure 6).
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Figure 6. LAl values in October 2022 in the plots of Las Arenas, Acambay, calculated in the
processing of the Sentinel-2 image.
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The FAPAR indicator showed minimum values of 0.16 and maximum of 0.89 (Figure 7). This
indicator stands out for being the one with the greatest variability between plots.
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Figure 7. FAPAR values in October 2022 in the plots of Las Arenas, Acambay, calculated in the
processing of the Sentinel-2 image.
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Relationship of the indices with the yield obtained in the field

As can be seen in Figure 8, the yield in the 40 plots evaluated was highly variable, with yields ranging
from less than 1 tha™ to 6.2 t ha™. The size of the plot does not necessarily determine production as
there are some small plots with high production and other large ones with low productions, which
highlighted the importance of crop management as a decisive factor in production.

Figure 8. Corn yield evaluated in plots of Las Arenas, Acambay in December 2022. Prepared with data
obtained in the field.

elocation-id: e3636 9



https://doi.org/10.29312/remexca.v16i3.3636

- TR

DOI: https://doi.org/10.29312/remexca.v16i3.3636

A producer from the Pozo 2 ejido applied irrigation in March. However, given the drought conditions
reported by CONAGUA, it is not considered a significant variation compared to the other plots. The
Table 2 reported indicators of the regression model relating the productivity measured in the field
and the indices calculated on the Sentinel 2 image.

Table 2. Statistical properties of corn crop yield regression models.

Statistic NDVI EVI LAI FAPAR
R? 0.797 0.556 0.591 0.603
Foat 149 475 55 57.7

p-val <0.001 <0.001 <0.001 <0.001
RMSE 0.672 0.993 0.953 0.939

The index that presented the greatest correlation with the production measured in the field was
the NDVI (R*= 0.79), with an RMSE of 0.672, which indicates a better fit compared to the different
indices evaluated (Figure 9); the result is similar to that obtained by Lewis et al. (1998), who found a
correlation value of R*= 0.75, concluding that NDVI can be a sensitive indicator of corn production,
especially in areas of high spatial variability, as was the case of the study area, where, due to the
agricultural management of each plot, the NDVI value presented values ranging from 0.2 to 0.9.

Figure 9. Correlation between measured corn crop yield and NDVI index.

This study found a direct linear relationship between NDVI and the production measured in the field
for the plots studied, with a strong correlation (R*= 0.79). This allows us to be optimistic about the
possibilities of predicting the harvest of grain corn, it is necessary to have more replications that
allow this relationship to be sustained (Figure 10).
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Figure 10. Estimated corn crop yield in Las Arenas, in October 2022 based on the regression with the
NDVI index, derived from ESA’s Sentinel-2B image.

The EVI index had a coefficient of R°= 0.55 in the fit to actual production. This is used in early or
late stages where NDVI tends to become saturated, because its correction coefficients reduce
the distortion of the atmosphere and soil in reflectances; however, it showed a low
relationship with yield.

The same occurred with the biophysical indicators LAI (R’= 0.59), FAPAR (R’= 0.6). This
is explained by the temporality of the satellite image since it corresponds to October, the season
in which corn begins its senescence. There are studies that have reported the efficiency of the
LAl and FAPAR indicators, they are developed in forested areas with abundant vegetation and
dense canopy cover, such as the Monarch Butterfly Biosphere Reserve (Champo et al., 2014).
This would explain why, in herbaceous crops such as corn, these indicators are not as efficient
in estimating productivity.

Given the high correlation found between the values of NDVI and production measured in the field,
a predictive model was run on the image to estimate production considering the equation:

Yield=(18.512*NDVI-7.4722)

To validate the data predicted by the model, estimated yield values were chosen in 10 randomly
chosen plots and their values were contrasted against the yield reported by the owners of the plots.
Table 3 contrasts the estimated and actual values of corn yield. It was observed that there were
plots where the model estimated the yield very accurately, such as number 2 (3.6/3.5) and 4 (3.3/3).
Nonetheless, there were others where the model overestimated production by up to 2 t such as
plot 5 (7.5/5.5).
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Table 3. Values estimated by satellite image processing and actual values measured in the field
of corn yield.
Plot NDVI Estimated yield (t ha™) Actual yield (t ha™) Difference
1 0.7 5.5 45 1
2 0.6 3.6 35 0.1
3 0.59 3.4 25 0.9
4 0.58 33 3 0.3
5 0.79 7.2 5.5 1.7
6 0.73 6 5.5 0.5
7 0.76 6.6 5 1.6
8 0.44 0.7 15 0.8
9 0.68 5.1 3 21
10 0.7 5.5 45 1
Average 0.7 4.7 3.9 1
Overestimation= 26%

The model tends to overestimate yield when there are high NDVI values (0.7); calculated with
average NDVI values (0.5-0.6), its performance is better. On average, the difference between yields
isup to 1.5, that is, the model varies by up to 26% compared to actual production. Given the strong
correlation between the average NDVI value and the estimated harvest, yield could be estimated
at least two months before harvest, in agreement with Prasad et al. (2006). Replications in other
agricultural areas and other climatic conditions are required to confirm this predictive ability of the
NDVI index in Sentinel 2. This is because crop yields are driven by a variety of factors, including
soil properties, weather conditions, pest and disease pressures, management practices, and crop
genetic traits.

Conclusions

In the plots of well number 2 in the locality of Las Arenas, Acambay, state of Mexico and
under conditions of intense drought, the NDVI calculated with spectral information from images
from the Sentinel 2 sensor had the best predictive capacity for corn production (model fit r’=
0.79) so it turned out to be an adequate predictor of the corn harvest under drought conditions,
whereas higher NDVI values tend to overestimate yield by up to 1 t ha™. This information can be
useful for the estimation of harvest.
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