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ABSTRACT: The use of remote sensing in agriculture presents some practical applications
in crop production forecast. In this context, studies with remote sensing are scarce for crops
such as white oats, which may indicate the capacity of using this technique in the crop. The aim
of this study was to evaluate the accuracy in validation of white oat biomass and grain yield
estimates by spectral models previously calibrated using two vegetation indices (NDVI and
IRVI) at three phenological stages. The mean values of NDVI and IRVI were correlated with
the grain and biomass yield of white oats to obtain regression equations. The accuracy was
verified by the determination coefficient (R?), root mean square error (RMSE) and mean bias

error (MBE). The models were calibrated using data from a field experiment carried out in

2017 and validated with data from the same experiment, but conducted in 2018. The models geé?ezwggw
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The use of remote sensing in the diverse crops presents some practical applications as the crop production forecast, thematic
mapping for fertilization and irrigation in variable rate and production destination by the farmers. For crop production
estimates, the use of remote sensing by spectral indices can indicate the regional and national scale of crop production before
its harvest, helping to define the price of agricultural products and production destination. Currently, in several countries,
crop production forecast is performed after its harvest, presenting high cost and time in the process (CONAB 2018).

In addition, remote sensing can lead to recommendations on fertilization and irrigation in variable rate. Vegetation indices
represent the physiological state of the crop with accuracy (Rissini et al. 2015), and the yield represents the interaction
of the edaphic conditions to which the crop was submitted (Grohs et al. 2009). Therefore, estimation of crop yield as a
function of vegetation indices can be performed, while, based on this crop yield, thematic maps can be generated for the
definition of specific management areas. This is because higher yield sites have better conditions for crop development and
can receive less resource, such as water and fertilizer, compared to areas with lower yields.

Among the best known spectral indices in remote sensing of agricultural areas, the vegetation indices are the most
utilized. They include NDVI (Normalized Difference Vegetation Index) and IRVI (Inverse Ratio Vegetation Index), calculated
from the spectral response at different wavelengths. These indices are widely used in the definition of specific management
areas and crop yield estimation. However, the accuracy in the estimation of agronomic attributes varies according to the
crop and phenological stage evaluated, vegetation index and model used (Ramirez et al. 2011; Bolton et al. 2013).
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Validation models using vegetation indices

Model calibration is an essential step in the estimation of crop yield. Defining the best phenological stage and index which
guarantee higher accuracy will interfere with the decision-making by the producer regarding both production management
and agricultural management of the next crops. However, model validation is an even more important factor because it
ensures the generalization capacity. Due to interannual and temporal variations of the indices, models may exhibit wide
variations of accuracy, especially at initial stages of evaluation (Raun et al. 2005). Therefore, the accuracy assessment for he
different crops becomes necessary to obtain accurate results.

In this context, studies with remote sensing are scarce for crops such as white oats, which may indicate the capacity of
using this technique in the crop and the best phenological stages to perform the evaluation. White oats crop has highly
world importance, presents planted area of 9.52 10° ha and average yield of 2.47 Mg.ha' (USDA 2018). It is used for grain
production for human and animal feeding, forage, hay production and for straw production in no-tillage system (Damian
etal. 2017). This study aimed to evaluate the accuracy in the validation of spectral models for estimating white oat biomass
and grain yields previously calibrated using two vegetation indices (NDVI and IRVI) and at three phenological stages.

The experiment was conducted at the School of Agricultural and Veterinarian Sciences of the Sao Paulo State University -
Unesp, Jaboticabal, SP, Brazil (21°14°44”S, 48°17°00”W and altitude of 545 m) from May to August 2018. The regional climate
-according to the classification of Képpen - is Aw, subtropical, with relatively dry winters and rainy summers (Alvares et al.
2013).

White oat (cv. IAC 7) was sown on May 2, 2018, at density of 80 kg.ha"', using seeds with 95% germination rate at
spacing of 17 cm between rows. Treatments were arranged in an experimental design in strips, formed by five irrigation
levels: 11%, 31%, 60%, 87% and 100% of the water volume evapotranspired by the crop (ETc). The experimental plots were
5 m long and 2.4 m wide. The first 50 cm on each side of the plots were considered as border. Additional information on
the definition of treatments and experimental area can be found in Coelho et al. (2018).

The ground sensor used was the portable GreenSeeker HandHeld™. This sensor is active and automatically generates
two vegetation indices, NDVI and IRVI, from the measurement of the spectral response of red (650 nm) and near infrared
(770 nm) bands. Data were manually obtained with GreenSeeker by moving it 0.50 m above the white oat canopy, covering a
sampled area of 5.9 m® per plot. The models applied to verify accuracy were those used by Coelho et al. (2018). In this study,
the authors calibrated models at four phenological stages of white oat for the same experimental area in the 2017 season, but
accuracy was tested only for three stages because the models were not significant at stage 4 (pseudostem appearance) (Table 1).

NDVI and IRVI readings were taken at three phenological stages of the crop: rubbery (8) appearance of flag leaf sheath
(10) and kernel watery ripe (10.5.4), according to the phenological scale for winter cereals of Feeks and Large (Large, 1954).
Each replicate had a mean value of NDVI and IRV, which were used to estimate white oat grain and biomass yield through
the calibrated models (Coelho et al. 2018).

Table 1. Equations generated in the calibration of estimative models of grain and biomass yield of white oats as a function of vegetation
indices and phenological stages.

Equations**

Phenological Stage

NDVI NDVI
8* GY =7318.2*NDVI - 625.45 BY =30,094*NDVI - 6937.8
10 GY =7875.1*NDVI-1256.4 BY =28,728*NDVI - 6,784.6
10.5.4 GY =7326.8*NDVI - 838.59 BY =28,189*NDVI-6,332.3
IRVI IRVI
8 GY =-8,768.1*IRVI + 6,126.1 BY =-34,011*IRVI + 20,804
10 GY =-8,915.2*IRVI + 5,869.7 BY =-31,688*IRVI + 18,880
10.5.4 GY =-8,413.6*IRVI + 5,848.1 BY =-31,943*IRVI + 19,277

*8 —rubbery; 10 - flag leaf sheath appearance; 10.5.4 — kernel watery ripe; GY — grain yield (kg ha™); BY — biomass yield; *Phenological scale of Feeks and Large
(10); **Equations obtained in the study of Coelho et al. (2018)
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White oat grain yield was calculated by harvesting a 2 m* area in each plot, with moisture content standardized at 0.14 g-g™.
To obtain the biomass, white oat shoots were harvested within a 0.5 m? area in each plot and the samples were dried in a
forced air circulation oven at 65 °C for 72 hours, and weighed to determine the dry matter. Accuracy quality in the validation
of the models was assessed by the coefficient of determination (R?), Root Mean Square Error (RMSE) (Eq. 1) and Mean
Bias Error (MBE) (Eq. 2).

N
_ L _ > 1)
RMSE= J N ; (Yobs, - Yest,)
1 N
MBE= — Z (Yobs - Yest) 2)

where: N = number of data; Yobs, = observed values; Yest, = estimated values.

Figure 1 shows the performance of grain yield estimation for the validation of the models generated for each white oat
phenological stage with the vegetation indices NDVI and IRVI. Models generated at more advanced stages of the cycle
(10.5.4) showed lower error than those generated at earlier stages (8 and 10). Regardless of stage, all models overestimated
grain yield. The lowest error was obtained by the model of the stage 10.5.4. Considering the average grain yield of the
validation data (2,839 kg-ha), the models with NDVI and IRVI overestimated white oat yield by 27%, and there were no
major differences of accuracy (R?) and mean errors (RMSE and MBE) between the models.

For biomass yield estimation, it was also observed that the models generated at more advanced phenological stages led
to lower errors compared to those generated at earlier stages (Fig. 2). Regardless of stage, all models overestimated biomass
yield. However, the highest overestimation occurred for the models of the phenological stage 8, with MBE above 3,500
kg-ha'!, while the mean errors of the models for the other stages were much lower. The lowest mean bias error (MBE) was
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Figure 1. Performance graph for the validation of the models generated in the estimation of white oat grain yield (GY) using NDVI and IRVI
values at the stages 8 (aand d), 10 (b and e) and 10.5.4 (c and f).
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Figure 2. Performance graph for the validation of the models generated in the estimation of white oat biomass yield (BY) using NDVI and
IRVI values at the stages 8 (a and d), 10 (b and e) and 10.5.4 (c and f).

obtained for the model of the stage 10.5.4. Considering the average biomass yield of the validation data (10,919 kg.ha),
the models with NDVI and IRVI overestimated white oat biomass by 1.36% and 0.90%, respectively. For biomass, the mean
bias errors of the models generated for IRVI were lower at the stages 10 and 10.5.4 compared to those generated for NDVT,
whereas the accuracy (R?) did not differ significantly.

Although the same managements of the previous season (2017) were performed and the readings were taken at the same
phenological stages, there was a considerable overestimation of white oat grain yield. This occurs because the vegetation
indices exhibit interannual variability (Grohs et al. 2011). Hence, the same values obtained between years do not always
lead to the same grain yields. Biotic and abiotic factors such as temperature, relative humidity, solar radiation and diseases
incidence diseases may affect crop yield, leading to different yields for the same indices values (Rissini et al. 2015).

Considering that more than 60% of the interannual variability in crop yield can be explained by climate variability (Ray et al. 2015),
the error of the models in overestimating white oat yield by 27% is considered as acceptable. Aiming to evaluate the spatial variability of
wheat grain yield with NDVT values for validation of models, Grohs et al. (2011) observed intermediate correspondence (48%) between
observed and predicted values. According to these authors, grain yield prediction based only on NDVI values is unstable along crop
cycle. For biomass yield, these authors observed correspondence of 81%. It can be noted that the estimation of biomass yield using
NDVTis more accurate than the estimation of grain yield because the latter is highly influenced by climate conditions (Raun et al. 2005).

In most studies on model calibration and validation, the dataset comes from the same agricultural year, in which
part of the samples is used for model calibration and another part for validation (Zeleke et al. 2011; Gomes et al. 2014).
This validation method ensures higher accuracy for the models because, since all samples were subjected to the same
environmental conditions, there is no interannual variability of the indices, which could reduce the accuracy and increase
the error of the models. In studies in which validation is carried out using data from other study sites and/or agricultural
years, estimate variations of 10% to 30% occur in the calibrated models but, despite that, they are still recommended by the
authors to estimate crop growth and yield (Nassif et al. 2012; Bertolin et al. 2017).

By the present study; it is verified that the biomass yield (BY) estimation of the white oats presented greater accuracy than
for the grain yield (GY) estimation. Thus, it is verified that the definition of specific management areas for white oats will
be more accurate if performed in function of BY. In addition, plotting the relative GY (RGY) as a function of the absolute
BY (Fig. 3), it is verified that areas with higher BY will present higher grain yield, even if in absolute numbers this does not
happen between the evaluation years. This is because, as discussed earlier, the interannual variation of the GY is higher
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Figure 3. Estimation of relative grainyield (RGY) as a function of biomass yield (BY) for the years 2017 (models calibration) and 2018 (models validation).

than the BY, due to the climatic variations interfering more in the GY. However, when the analysis is performed by the RGY
within each year, areas with higher BY will present higher GY, since the angular and linear coefficients and constants of the
generated equations for the estimation of the RGY as a function of the BY for the years 2017 and 2018 (Fig. 3).

Another use indicated through to Fig. 3 is the grain yield estimation of white oats as a function of RGY. From the
NDVI values in each phenological stage of white oats, it is possible to estimate the biomass yield and from this value to
estimate the RGY in each area. For BY above 15,000 kg-ha™, for example, the RGY of a given area will be above of 75%
(Fig. 3). As the estimation accuracy of the GY was lower than the BY, the use of the RGY estimation as a function of the
BY has more accurate, because of the high correlation between the RGY and the BY (R*> 0.85).

The models showed good generalization capacity for estimating white oat yield, especially for biomass yield. Models
generated at stages closer to white oat flowering show lower error of estimation. Models calibrated with the vegetation index
IRVI had lower error of estimation of white oat biomass yield than those calibrated with NDVTI. The use of relative grain

yield through to biomass yield presents greater estimation accurate.

AUTHOR’S CONTRIBUTION

Conceptualization, Coelho A. P. and Faria R. T.; Methodology, Coelho A. P, Faria R. T. and Rosalen D. L.; Investigation,
Coelho A. P, Leal E. T. and Barbosa J. A.; Writing — Original Draft, Coelho A. P, Leal . T. and Barbosa J. A.; Writing -
Review and Editing, Faria R. T. and Rosalen D. L.; Supervision, Faria R. T.

FUNDING

Conselho Nacional de Desenvolvimento Cientifico e Tecnologico
[https://doi.org/10.13039/501100003593]

Coordenagao de Aperfeicoamento de Pessoal de Nivel Superior
[https://doi.org/10.13039/501100002322]

REFERENCES

Alvares, C. A, Stape, J. L., Sentelhas, P. C., Goncalves, J. L. M. and Sparovek, G. (2013). Koppen’s climate classification map for Brazil.
Meteorologische Zeitschrift, 22, 711-728. https://doi.org/10.1127/0941-2948/2013/0507

240 Bragantia, Campinas, v. 79, n. 2, p.236-241, 2020


https://doi.org/10.1127/0941-2948/2013/0507

Validation models using vegetation indices

Bertolin, N. O., Filgueiras, R., Venancio, L. P. and Mantovani, E. C. (2017). Predi¢ao da produtividade de milho irrigado com auxilio de
imagens de satélite. Revista Brasileira de Agricultura Irrigada 11, 1627-1628. https://doi.org/10.7127/rbaiv11n400567

Bolton, D. K. and Friedl, M. A. (2013). Forecasting crop yield using remotely sensed vegetation indices and crop phenology metrics.
Agricultural and Forest Meteorology, 173, 74-84. https://doi.org/10.1016/j.agrformet.2013.01.007

Coelho, A. P, Rosalen, D. L. and Faria, R. T. D. (2018). Vegetation indices in the prediction of biomass and grain yield of white oat under
irrigation levels. Pesquisa Agropecuaria Tropical, 48, 109-117. https://doi.org/10.1590/1983-40632018v4851523

[CONAB] Companhia nacional de abastecimento. (2018). Acompanhamento da safra brasileira: graos. Quinto Levantamento. Brasilia: CONAB.

Damian, J. M., Santi, A. L., Fornari, M., Da Ros, C. O. and Eschner, V. L. (2017). Monitoring variability in cash-crop yield caused by previous
cultivation of a cover crop under a no-tillage system. Computers and Electronics in Agriculture, 142, B, 607-621. https://doi.org/10.1016/j.
compag.201711.006

Gomes, A. C. S., Robaina, A. D., Peiter, M. X., Soares, F. C. and Parizi, A. R. C. (2014). Model to estimate the yield for soybean. Ciéncia
Rural, 44, 43-49. https://doi.org./10.1590/S0103-84782013005000145

Grohs, D. S., Bredemeier, C., Mundstock, C. M. and Poletto, N. (2009). Model for yield potential estimation in wheat and barley using the
GreenSeeker sensor. Engenharia Agricola, 29, 101-112. https://doi.org/10.1590/S0100-69162009000100011

Grohs, D.S., Bredemeier, C., Poletto, N. and Mundstock, C. M. (2011). Validation of model for wheat yield prediction potential using active
optical sensor. Pesquisa Agropecuaria Brasileira, 46, 446-449. https://doi.org/10.1590/S0100-204X2011000400015

Large, E.C. Growth stagesin cerealsillustration ofthe Feekes scale. (1954). Plant Pathology, 3,128-129. https://doi.org/10.1111/j1365-3059.1954.tb00716.x

Nassif, D. S. P., Marin, F. R., Pallone Filho, W. J., Resende, R. S. and Pellegrino, G. Q. (2012). Parameterization and evaluation of the
DSSAT/Canegro model for Brazilian sugarcane varieties. Pesquisa Agropecuaria Brasileira, 47, 311-318. https://doi.org/10.1590/
S0100-204X2012000300001

Ramirez, J. F.,Sanchez, J.R., Gonzélez, A.and Ledn, C. G.-D. (2011). Modelizacién y generacién de mapas del comportamiento espacial
de Sporisorium reilianum ((Kihn) Langdon y Fullerton) em Estado de México, México. Revista de La Facultad de Ciencias Agrarias,
43,2,157-173.

Raun, W. R., Solie, J. B., Stone, M. L., Martin, K. L., Freeman, K. W., Mullen, R. W., Zhang, H., Schepers, J. S. and Johnson, G. V. (2005).
Optical sensor-based algorithm for crop nitrogen fertilization. Communications in Soil Science and Plant Analysis, 36, 19-20, 2759-2781.
https://doi.org/10.1080/00103620500303988

Ray, D. K., Gerber, J. S., MacDonald, G. K. and West, P. C. (2015). Climate variation explains a third of global yield variability. Nature
communications, 6, 1-9. https://doi.org/10.1038/ncomms6989

Rissini, A. L. L., Kawakami, J.and Gen(, A. M. (2015). Normalized difference vegetation index and yield of wheat cultivars under different
application rates of nitrogen. Revista Brasileira de Ciéncia do Solo 39, 1703-1715. https://doi.org/10.1590/01000683rbcs20140686

[USDA] United States Department of Agriculture. (2018). World Agricultural Production. Circular Series. WAP 2-18, February. [Accessed
Feb. 20, 2018]. Available at: https://downloads.usda.library.cornell.edu/usda-esmis/files/5q47rn72z/ws859g16b/rn301181z/worldag-
production-02-08-2018.pdf

Zeleke, K. T, Luckett, D. and Cowley, R. (2011). Calibration and testing of the FAO AquaCrop model for canola. Agronomy Journal, 103,
1610-1618. https://doi.org/10.2134/agronj2011.0150

Bragantia, Campinas, v. 79, n. 2, p.236-241, 2020 241


https://doi.org/10.7127/rbai.v11n400567
https://doi.org/10.1016/j.agrformet.2013.01.007
https://doi.org/10.1590/1983-40632018v4851523
https://doi.org/10.1016/j.compag.2017.11.006
https://doi.org/10.1016/j.compag.2017.11.006
https://doi.org
https://doi.org/10.1590/S0100-69162009000100011
https://doi.org/10.1590/S0100-204X2011000400015
https://doi.org/10.1111/j.1365-3059.1954.tb00716.x
https://doi.org/10.1590/S0100-204X2012000300001
https://doi.org/10.1590/S0100-204X2012000300001
https://doi.org/10.1080/00103620500303988
https://doi.org/10.1038/ncomms6989
https://doi.org/10.1590/01000683rbcs20140686
https://downloads.usda.library.cornell.edu/usda-esmis/files/5q47rn72z/ws859g16b/rn301181z/worldag-production-02-08-2018.pdf
https://downloads.usda.library.cornell.edu/usda-esmis/files/5q47rn72z/ws859g16b/rn301181z/worldag-production-02-08-2018.pdf
https://doi.org/10.2134/agronj2011.0150

