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ABSTRACT RESUMEN

Novel methodologies for phenotypic evaluation in maize have 
been developed through the integration of advanced sensing 
technologies and machine learning algorithms. The aim of this 
study was to identify the most accurate machine learning algo-
rithm for the classification of maize hybrids and to determine 
the optimal input data to enhance model performance. Seven 
maize hybrids were used in the experiment. After 60 d of crop 
emergence, the remotely piloted aircraft SenseFly® eBee RTK 
was used to obtain reflectance values at the following spectral 
bands (SB): blue (475 nm, B_475), green (550 nm, G_550), red 
(660 nm, R_660), red edge (735 nm, RE_735) and near-infrared 
(790 nm, NIR_790). Following the acquisition of spectral 
band (SB) data, vegetation indices (VIs) were calculated. The 
resulting dataset was subsequently analyzed using machine 
learning techniques, evaluating six algorithms: artificial neu-
ral networks (ANN), J48 decision trees (J48), REPTree (DT), 
random forest (RF), support vector machine (SVM) and logistic 
regression (LR) as the baseline model. Three accuracy metrics 
were used to evaluate the performance of the algorithms in 
classifying maize hybrids: correct classifications (CC), Kappa 
coefficient, and F-score. Among the algorithms tested, ANN 
showed the highest performance in all three metrics, prov-
ing its superiority and potential for real-world applications. 
Although all three input configurations enhanced classifica-
tion accuracy for ANN algorithm, the optimal approach is to 
use only SB as input due to reduced data processing time and 
increased simplicity.

Se han desarrollado nuevas metodologías para la evaluación 
fenotípica en maíz mediante la integración de tecnologías de 
detección avanzadas y algoritmos de aprendizaje automatizado. 
El objetivo de este trabajo fue identificar el algoritmo de apren-
dizaje automático más preciso para la clasificación de híbridos 
de maíz y determinar los datos de entrada que mejoran el ren-
dimiento del modelo. Se utilizaron siete híbridos de maíz. A los 
60 d de emergencia del cultivo se utilizó la aeronave pilotada 
remotamente SenseFly® eBee RTK para obtener la reflectancia 
en las siguientes bandas espectrales (BE): azul (475 nm, B_475), 
verde (550 nm, G_550), rojo (660 nm, R_660), borde rojo (735 
nm, RE_735) y NIR (790 nm, NIR_790). Luego de la adquisición 
de datos de la banda espectral (BE), se calcularon los índices 
de vegetación (Vis). El conjunto de datos resultante se analizó 
posteriormente utilizando técnicas de aprendizaje automático, 
evaluando seis algoritmos: redes neuronales artificiales (RNA), 
árboles de decisión J48 (J48), REPTree (DT), bosque aleatorio 
(BA), máquina de vectores de soporte (MVS) y regresión logísti-
ca (RL) como enfoque de referencia. Se utilizaron tres métricas 
de precisión para evaluar el desempeño de los algoritmos en la 
clasificación de híbridos de maíz: clasificaciones correctas (CC), 
coeficiente Kappa y F-score. Entre los algoritmos probados, el 
algoritmo de ANN se destacó con el mayor desempeño en las 
tres métricas, demostrando su superioridad y potencial para 
aplicaciones reales en clasificación. Aunque las tres configura-
ciones de entrada mejoraron la precisión de clasificación para el 
algoritmo RNA, el enfoque óptimo es utilizar solo las BE como 
entrada debido al menor tiempo de procesamiento de datos y 
la mayor simplicidad.
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Introduction

Maize (Zea mays L.) is a highly versatile crop with numer-
ous applications, representing a substantial portion of 
cultivation in major grain-producing countries (Liu et al., 
2023). This versatility results from the extensive selection 
and improvement processes that the plant has undergone. 
These processes have enabled maize to overcome global 
challenges, improve productivity and nutritional quality, 
and meet diverse human needs (Swarup et al., 2021).

Over the years, plant breeding techniques have advanced, 
especially at the molecular level, such as genetic sequenc-
ing of several species and gene interventions, enabling the 
development of populations resistant to biotic and abiotic 
stresses (Iqbal et al., 2021; Rivero et al., 2022; Zafar et al., 
2022). However, phenotypic analysis has not progressed 
at the same rate, facing challenges such as a shortage of 
qualified personnel capable of efficiently and accurately 
selecting desirable characteristics. Therefore, it is essential 
to develop and implement advanced techniques to enhance 
the precision and performance of phenotypic evaluations 
(Santos et al., 2014).

The advancement in technologies such as remote sensing, 
combined with efforts to accelerate maize genetic improve-
ment, has led to the development of new high-precision 
phenotyping (FAP) techniques. These techniques address 
the extended duration required by traditional methods 
for the evaluation and selection of materials (Herzig et al., 
2021). FAP provides significant advantages in reducing 
fieldwork time, labor and costs by using sensors to char-
acterize phenotypes with high accuracy and efficiency in 
a non-destructive manner (Andrade et al., 2021; Dobbels 
et al., 2019; Santana et al., 2023). FAP also enables the 
correlation of several plant traits, such as the selection of 
soybean genotypes based on precocity and grain produc-
tivity (Santana et al., 2022).

The emergence of remotely piloted aircraft (unmanned 
aerial vehicle - UAV) was significantly benefited agriculture 
by integrating various sensors to capture data across differ-
ent wavelengths. This technology has become an important 
tool for non-destructive field data collection throughout 
the crop cycle (Das Choudhury et al., 2019). It is capable 
of collecting data with high speed and spatial resolution 
(Kar et al., 2021).

The amount of data generated through remote sensing is 
substantial, posing challenges for traditional statistical 

methods in correlating sensor data with plant character-
istics, due to the non-linearity between spectral variables 
and physiological or morphological characteristics of 
plants (Van Eeuwijk et al., 2019). Thus, there is a need 
for enhanced data processing capacity, which can be 
achieved through the application of machine learning 
(ML) algorithms. 

Machine learning (ML) algorithms enable the prediction 
of leaf nitrogen concentration and height in maize (Osco 
et al., 2020). Additionally, ML algorithms can be used for 
classifying different soybean cultivars (Gava et al., 2022), 
evaluating leaf nutritional traits (Santana, Teodoro et al., 
2023), and accurately classifying genotypes based on indus-
trial soybean characteristics (Santana, Teixeira et al., 2023). 
Corn plants subjected to different irrigation management 
practices exhibit distinct spectral behaviors, allowing their 
classification through machine learning modeling (Oliveira 
et al., 2025). 

This study hypothesizes that maize hybrids can be effec-
tively distinguished based on spectral data using machine 
learning models. The aim was to identify the most accurate 
machine learning algorithm for classifying maize hybrids 
and to determine the optimal input data to enhance the 
performance of these models. 

Materials and methods

Experiment conditions
The experiment was conducted in the experimental area 
of the Federal University of Mato Grosso do Sul (18°41’33’’ 
S, 52°40’45’’ W, 810 m a.s.l.), located in Chapadão do Sul, 
Brazil. The conventional soil preparation method, con-
sisting of plowing and leveling harrowing, was employed. 
The climate of the region is classified as Tropical Savanna 
(Aw) according to the Köppen classification. The soil, 
classified as clayey Dystrophic Red Oxisol (Santos et al., 
2018), exhibits the following characteristics in the 0-0.20 
m layer: pH(H2O) = 6.2; exchangeable Al (cmol kg-1) = 0.0; 
Ca+Mg (cmol kg-1) = 3.59; P (mg kg-1) = 41.3; K (cmol kg-1) = 
0.16; organic matter (%) = 1.97; base saturation (BS, %) = 45; 
aluminum saturation (%) = 0.0; sum of bases (cmol kg-1) = 
1.92; cation exchange capacity (CEC) (cmol kg-1) = 4.25.

Seed sowing was carried out using a seeder, with seeds 
placed 0.45 m apart between rows. Additionally, 200 kg 
ha-1 of monoammonium phosphate (MAP) with a formula-
tion of 11-52-00 was applied. Top dressing was performed 
using 150 kg ha-1 of urea (45% N) when the plants reached 
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the V4 growth stage. The experiment was conducted us-
ing a strip-plot design, with plot dimensions of 3.8 m x 4.9 
m (18.62 m²). The maize hybrids used in the experiment 
were: H1 (AS 1868), H2 (DKB 360), H3 (FS 615 PWU), H4 
(K 7510 VIP3), H5 (NK 520 VIP3), H6 (P 3858 PWU), and 
H7 (SS 182E VIP3). Each hybrid’s seed amount per meter 
was 2.67, 2.68, 2.74, 2.65, 2.64, 2.63, and 2.55, respectively.

Acquisition and processing of multispectral images
A flight was conducted 60 d after crop emergence, at the 
stage of full bloom for the maize varieties, using the Sense-
Fly® eBee RTK, a fixed-wing remotely piloted aircraft with 
autonomous takeoff and landing capabilities. The eBee 
was equipped with a Parrot® Sequoia multispectral sensor 
(Parrot Drones SAS). The images were obtained at 09:00 
a.m. under clear skies, at an altitude of 100 m and a spatial 
resolution of 0.10 m. The aerial survey employed Real-Time 
Kinematic (RTK) technology, which enables image acquisi-
tion with a positional accuracy of 2.5 cm. Image mosaicking 
and orthorectification were subsequently performed using 
Pix4Dmapper software.

Radiometric calibration of the entire scene was conducted 
using a calibrated ref lective surface provided by the 
manufacturer. The Parrot Sequoia multispectral sensor is 
equipped with a sunshine sensor for the calibration of ac-
quired reflectance values. The sensor captured data across 
the following spectral bands (SB): blue (475 nm, B_475), 
green (550 nm, G_550), red (660 nm, R_660), red edge 
(735 nm, RE_735) and near-infrared (790 nm, NIR_790). 
Following the acquisition of spectral band (SB) data, 41 
vegetation indices (VIs) (Suppl. Tab. 1 (S1)) were calculated, 
ranging from simple ratios to indices incorporating atmo-
sphere and soil correction (Oliveira et al., 2025; Ramos et 
al., 2020), using ESRI ArcGIS 10.5 geographic information 
systems software.

Machine learning models and statistical analysis 
The data were subjected to machine learning analyses, 
evaluating six algorithms: artificial neural networks 
(ANN) (Egmont-Petersen et al., 2002), J48 decision tree 
(J48) (Quinlan, 1993) and REPTree (Al Snousy et al., 2011), 
random forest (RF) (Belgiu et al., 2016), support vector 
machine (SVM) (Nalepa et al., 2019), and logistic regression 
(LR) (Štepanovský et al., 2017). Logistic regression (LR) was 
chosen as the baseline model due to its widespread adop-
tion in binary and multiclass classification problems. It is 
frequently used as a reference in the literature because of 
its interpretability, computational efficiency, and consistent 
performance on linearly separable data. Its comparison 

with traditional methods (such as discriminant analysis or 
Naive Bayes) was implicitly addressed through stratified 
k-fold cross-validation (k=10 with 10 replicates), ensuring 
a robust and generalizable evaluation. Although LR does 
not always outperform more complex approaches, its use as 
a baseline allows for quantifying the actual improvement 
of the proposed hybrid models, distinguishing significant 
gains from marginal ones. Additionally, its simplicity fa-
cilitates the identification of biases or underfitting, making 
it a valid substitute for traditional methods in scenarios 
where variable relationships are predominantly linear. 
All algorithm parameters were established according to 
the default configuration of Weka 3.8.5, which proved 
efficient for the problem under study, with its impact on 
model performance validated through comparative tests.

Three accuracy metrics were used to evaluate the per-
formance of the algorithms in classifying maize hybrids: 
correct classification (CC), Kappa coefficient and F-score. 
An analysis of variance (ANOVA) was conducted to assess 
the significance of ML algorithms, input variables and their 
interactions. To illustrate model performance and statisti-
cal significance, boxplots were generated using the mean 
values of CC, Kappa and F-score, grouped according to the 
Scott-Knott test (Scott & Knott, 1974) at a 5% significance 
level. All analyses and graphical representations were per-
formed using the ggplot2 and ExpDes.pt packages in R (R 
Core Team, 2013).

Results and discussion

The reflectance of each hybrid at specific wavelengths 
is shown in Figure 1. Hybrids H4 and H7 exhibited the 
highest reflectance values across all wavelengths, with 
statistically significant similarities observed only with 
hybrid H6 at the B_475 wavelength and with hybrid H1 at 
the RE_735 and NIR_790 wavelengths. Hybrids H3 and 
H5 exhibited the lowest reflectance values at the B_475, 
R_660 and G_550 wavelengths. At the RE_735 wavelength, 
hybrids H5 and H6 showed reduced reflectance, while at 
the NIR_790 wavelength, hybrid H6 demonstrated the 
lowest reflectance.

Performance evaluation of the machine learning algo-
rithms was conducted using three parameters: correct 
classification (CC), F-score and Kappa coefficient. A 
significant interaction was observed between the input 
data and the machine learning algorithms for all accuracy 
parameters assessed. 
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FIGURE 1. Boxplots illustrating the multispectral reflectance of seven maize hybrids across five spectral bands: blue (B_475 nm, A), green (G_550 
nm, B), red (R_660 nm, C), red edge (RE_735 nm, D) and near-infrared (NIR_790 nm, E). The data were analyzed using the Scott-Knott test at a 
5% significance level. Hybrids followed by the same letters for each wavelength do not significantly differ from each other.

Based on the correct classification metric, the artificial neu-
ral network (ANN) was identified as the best-performing 
algorithm among all input datasets (Fig. 2). When analyz-
ing the ANN algorithm, no statistically significant differ-
ences were observed among the input datasets. In contrast, 
the RF, LR, DT, and SVM algorithms demonstrated supe-
rior performance with the IVs and SB+IVs inputs. For the 

J48 algorithm, the best performance was achieved with the 
SB and IVs inputs.

Evaluation of the algorithms using F-score metric revealed 
that ANN was the most effective algorithm for classifica-
tion among all input datasets (Fig. 3). For the ANN, LR, J48, 
and DT algorithms, no statistically significant differences 
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were observed among the different input datasets. Con-
versely, the RF and SVM algorithms exhibited optimal 
performance with IVs and SB+IVs inputs.

Analysis using the Kappa metric indicated that the artificial 
neural network (ANN) was the most effective algorithm 
for classifying all input datasets (Fig. 4). For both the ANN 
and J48 algorithms, no statistically significant differences 
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were observed among the input datasets. In contrast, the 
RF, LR, DT, and SVM algorithms demonstrated optimal 
performance with VI and SB+VI inputs.

The spectral signature of plants generally exhibits low 
reflectance in the visible region of the electromagnetic 
spectrum due to the absorption of these wavelengths by 
pigments for photosynthesis. In contrast, reflectance in-
creases in the near-infrared and red-edge regions, above 
700 nm (Taiz et al., 2017). A study mapping corn crops 
using Google Earth Engine (GEE), with calculations of 
vegetation indices, classification by the random forest (RF) 
algorithm, followed by analysis of the confusion matrix, 
kappa, and validation statistics, found satisfactory results; 
kappa values of 81.26% and 84.61% were reported among 
the image systems considered (Maciel Junior et al., 2024).

The visible spectrum is divided into spectral bands with 
distinct roles in plant physiology. For instance, blue (475 
nm) and red (660 nm) wavelengths are critical for pho-
tosynthesis, significantly enhancing plant growth and 
development (Lu et al., 2021; Shi et al., 2019). The absorp-
tion of blue light positively regulates the expression of 
certain photosynthesis-related genes and increases the 
rate of electron transport, whereas the absorption of red 
light influences the expression of other genes involved in 
photosynthesis (Li et al., 2017; Wu et al., 2014).

The spectral behavior of hybrids varies according to their 
genetic background. In this context, hybrids H3 and H5 
exhibited lower ref lectance values across the observed 
range, suggesting greater use of wavelengths for photosyn-
thesis, due to reduced reflectance and increased absorption. 
Notably, within the blue region of the spectral signature 
at 475 nm, minimal differentiation was observed among 
the hybrids. In contrast, the 550 nm wavelength, which 
corresponds to the green region of the spectrum, shows a 
pronounced peak in reflectance due to the strong reflec-
tion of green light by chloroplasts (Nishio, 2000). The H4 
hybrid showed the highest reflectance in the 550 nm range 
compared to the other hybrids. From 735-790 nm onwards, 
a prominent increase in the reflectance within the VIS/
NIR region is observed, attributed to the abundance of 
chlorophyll and organization of the internal leaf structure 
(Hennessy et al., 2020). This increase can serve as an indica-
tor of stress, senescence, or disease incidence in vegetation 
(Atta et al., 2023; Dawson et al., 1998; Gholizadeh et al., 
2016; Zahir et al., 2022). Thus, hybrids H1 and H3 exhibited 
high reflectance at 735 nm and lower reflectance at 475 nm 
and 660 nm. This result suggests that these hybrids have 
a high concentration of chlorophyll, as indicated by their 
increased reflectance at 735 nm. Additionally, the low re-
flectance in blue and red wavelengths implies intense pho-
tosynthetic activity in these hybrids. Based on the detailed 
physiological information provided by the spectral bands, 
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it is possible to investigate relationships between different 
spectral bands (Oliveira et al., 2023) through mathematical 
models known as vegetation indices (VIs) (Pantaleão et al., 
2022; Silva et al., 2020). The use of these VIs can provide 
even more accurate information about plant physiological 
characteristics, including agronomic responses such as 
productivity (Santana, Santos et al., 2022), leaf nitrogen 
concentration, and maize plant height (Osco et al., 2020).

Distinguishing maize hybrids based on their spectral 
characteristics can reduce the costs of the genotype selec-
tion process. However, the large volume of data generated 
can hinder information processing. Consequently, the use 
of machine learning algorithms to classify plants or leaves 
(Osco et al., 2020) is a fast and accurate alternative for 
genotype differentiation. ML involves training algorithms 
on specific datasets to recognize patterns, which can then 
be applied to plant genetic improvement studies (Niazian 
& Niedbała, 2020).

Among the machine learning (ML) algorithms used, arti-
ficial neural networks (ANNs) are among the most well-
known and widely employed techniques, particularly for 
classification tasks (Vidyarthi et al., 2020). A key advantage 
of neural networks over other ML algorithms is their abil-
ity to efficiently model complex nonlinear relationships, 
without requiring prior assumptions (Qi & Zhang, 2001).

Among the three accuracy metrics evaluated, the ANN 
algorithm achieved the highest performance in classifying 
maize hybrids, regardless of the input data used. Conse-
quently, the use of SB can simplify and accelerate proce-
dural steps, as it does not require the complex mathematical 
model calculations needed for IVs (Gava et al., 2022). The 
use of only specific wavelengths enhances algorithm ac-
curacy in various agricultural analyses, such as predicting 
days to maturity, plant height and yield in soybeans (Teo-
doro et al., 2021). Identifying the most effective machine 
learning algorithms and input variables improves the 
performance of models for accurate classification (Oliveira 
et al., 2025). Our findings indicate that maize hybrids 
can be effectively distinguished using multispectral data, 
revealing distinct spectral behaviors and unique spectral 
signatures among different hybrids. Furthermore, the use 
of machine learning algorithms can be an important tool 
for classifying these hybrids. It is important to highlight 
the novelty of this research in maize cultivation. While 
similar techniques have been applied to other crops, such 
as soybeans, there is limited literature addressing genotype 
classification, both commercial and in the improvement 
process, in maize cultivation. The use of hyperspectral sen-
sors represents a promising approach for obtaining more 

comprehensive insights into maize hybrids and is suggested 
as a potential direction for future research.

Conclusions

The Artificial Neural Networks (ANN) algorithm demon-
strated the highest performance among the three accuracy 
metrics evaluated.

Although all three input configurations improved clas-
sification accuracy of the ANN algorithm, the most effec-
tive approach was using only the spectral bands, as this 
strategy reduces data processing time and simplifies the 
overall procedure.

Despite the promising results, this study has some limita-
tions. First, the analysis was restricted to a specific geo-
graphic region and a limited number of maize hybrids, 
which may affect the generalizability of the model to 
other environments or crop varieties. Second, the use of 
only multispectral data (without additional features such 
as thermal or LiDAR data) might not capture all relevant 
phenotypic variations among hybrids. Third, the perfor-
mance of the ANN algorithm, while superior in this study, 
may vary with larger datasets or more complex crop traits.
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SUPPLEMENTARY TABLE S1. List of 41 vegetation indices.

Acronym Vegetation index (VI) Equation

ARVI2 Atmospheric resilient vegetation index 2

ATSAVI Transformed soil-adjusted vegetation index

CCCI Canopy chlorophyll content index

CIgreen Green chlorophyll index

CTVI Correct vegetation index transformed

CVI Chlorophyll vegetation index

DVI Differentiated vegetation index

EVEI2 Enhanced vegetation index 2

EVI Improved vegetation index

GDVI NIR difference/vegetation index by green difference

GEMI Global environmental monitoring index

GLI Green leaf index

GNDVI Green normalized vegetation index

GSAVI Green soil adjusted vegetation index

GTVI Green triangle vegetation index

IAF Leaf area index

IPVI Infrared vegetation percentage index

LnRE Red rim vegetation index

LogR Log r

MCARI Modified chlorophyll absorption reflectance index

To be continue

 

 

Acronym Vegetation index (VI) Equation 

ARVI2 Atmospheric resilient vegetation index 2 −0.18 + 1.17 ∗ [
(R,-. − R./0)
(R,-. + R./0)

] 

ATSAVI Transformed soil-adjusted vegetation index 1.22 ∗ [
(R,-. − 1.22 ∗ R./0 − 0.03)

(1.22 ∗ R,-. + R./0 − 1.22 ∗ 0.03 + 0.0891 + 1.226)
] 

CCCI Canopy chlorophyll content index 
(R,-. − R./0/07/)/(R,-. + R./0/07/)

(R,-. − R./0)/(R,-. + R./0)
 

CIgreen Green chlorophyll index 
NIR
green − 1 

CTVI Correct vegetation index transformed 
NDVI + 0.5
NDVI + 0.5 ∗ √NDVI + 0.5 

CVI Chlorophyll vegetation index NIR
red

green6 

DVI Differentiated vegetation index 
R,-.
R./0

 

EVEI2 Enhanced vegetation index 2 
2.5 ∗ (R,-. − R./0)

(R,-. + 2.4 ∗ R./0 + 1)
 

EVI 
Improved vegetation index 2.5 ∗

(REFG	–	RGJK)
((REFG) + (C1 ∗ REFG) − (C2 ∗	RMNOJ) + L)

 

GDVI NIR difference/vegetation index by green difference R,-. −	R7.//, 

GEMI Global environmental monitoring index 
2 ∗ (1 − 0.25 ∗ 2) − ((R./0 − 0.125)

(1 − R./0)
 

 

 

GLI Green leaf index 
(2 ∗ R7.//, − R./0 − RQRS/)
(2 ∗ R7.//, + R./0 + RQRS/)

 

GNDVI Green normalized vegetation index 
(R,-. − R7.//,)
(R,-. + R7.//,)

 

GSAVI Green soil adjusted vegetation index 
(1 + L) ∗ (R,-. −	R7.//,)
(R,-. + R7.//, + L)

 

GTVI Green triangle vegetation index 
NDVI + 0.5
NDVI + 0.5 ∗ [T√NDVI + 0.5U] 

IAF Leaf area index ln	(0.69 − SAVI0.59 )
0.91  

IPVI Infrared vegetation percentage index R,-./ ZR,-. +
R./0)
2 [ ∗ (NDVI + 1) 

LnRE Red rim vegetation index (ln REFG −	 lnGJK\J) ∗ 100 

LogR Log r log
R,-.
R./0

 

MCARI Modified chlorophyll absorption reflectance index R^__ − R`^_ − 0.2(R^__ − R(aa_)
R^__
R`^_

 

MSAVI 
Modified soil-adjusted vegetation index 2nir + 1 − c(2nir + 1)6 − (8nir − red)

2  

MSR Modified soil proportion 2 ∗ R,-. + 1 − c(2 ∗ R,-. + 1)6 − 8 ∗ (REFG − R./0)
2  

MSRNir_Red Modified simple rate nir/red (
R,-.
R./0

− 1)/d
R,-.
R./0

+ 1 
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MTVI Modified triangular vegetation index 
1.5	[1.2(nir − green) − 2.5(red − green)]

e(2nir + 1)6 − (6nir − 5cred) − 0.5
 

NDRE 
Rededge normalized difference vegetation index (REFG	–	RJK\J)	

(REFG +	RJK\J)
 

NDVI 
Normalized difference vegetation index (REFG	–	RGJK)	

(REFG +	RGJK)
 

NGRDI Normalized green-red difference index 
R7.//, − R./0

R7.//,
/(R,-. + R./0 + R7.//,) 

NIR/G Simple ratio nir and green 
R,-.
R7.//,

 

NIR/R Simple ratio nir and red 
R,-.
R./0

 

NIR/RE Simple ratio nir and rededge 
R,-.
R./

 

Norm_R_1 R normal 
R./0

(R,-. + R./0 + R7.//,)
 

OSAVI Optimized soil-adjusted vegetation index 
(1 + 0.16) ∗ (R,-. −	R./0)
(R,-. + R./0 + 0.16)

 

PNDVI  
R,-. − (R7.//, + R./0 + RQRS/)
R,-. + (R7.//, + R./0 + RQRS/)

 

RDVI Renormalized difference vegetation index 
(R,-. − R./0)
cR,-. + R./0

 

 

 

SAVI Soil-adjusted vegetation index (1 + 0.5)
nir − red

nir + red + 0.5 

SQRT_IR_R  d
R,-.
R./0

 

TVI Transformed vegetation index d
R,-. − R./0
R,-. + R./0

 

VARI  
R7.//, − R./0

R7.//, + R./0 − RQRRS/
 

WDRVI Wide dynamic range vegetation index 
(0.1R,-. − R./0)
(0.1 ∗ R,-. + R./0)

 

RNIR: reflectance in the near infrared range; RGREEN: reflectance in the green range; RRED: reflectance in the red range; Rre: reflectance in the red transition range (Red-edge); 1 
L: ground effect correction factor. 2 

 3 

 4 

Acronym Vegetation index (VI) Equation

MSAVI Modified soil-adjusted vegetation index

MSR Modified soil proportion

MSRNir _ Red Modified simple rate nir/red

MTVI Modified triangular vegetation index

NDRE Rededge normalized difference vegetation index

NDVI Normalized difference vegetation index

NGRDI Normalized green-red difference index

NIR/G Simple ratio nir and green

NIR/R Simple ratio nir and red

NIR/RE Simple ratio nir and rededge

Norm _ R _ 1 R normal

OSAVI Optimized soil-adjusted vegetation index

PNDVI

RDVI Renormalized difference vegetation index

SAVI Soil-adjusted vegetation index

SQRT _ IR _ R

TVI Transformed vegetation index

VARI

WDRVI Wide dynamic range vegetation index

RNIR: reflectance in the near infrared range; RGREEN: reflectance in the green range; RRED: reflectance in the red range; Rre: reflectance in the red transition range (Red-edge); L: ground effect 
correction factor.

 

 

GLI Green leaf index 
(2 ∗ R7.//, − R./0 − RQRS/)
(2 ∗ R7.//, + R./0 + RQRS/)

 

GNDVI Green normalized vegetation index 
(R,-. − R7.//,)
(R,-. + R7.//,)

 

GSAVI Green soil adjusted vegetation index 
(1 + L) ∗ (R,-. −	R7.//,)
(R,-. + R7.//, + L)

 

GTVI Green triangle vegetation index 
NDVI + 0.5
NDVI + 0.5 ∗ [T√NDVI + 0.5U] 

IAF Leaf area index ln	(0.69 − SAVI0.59 )
0.91  

IPVI Infrared vegetation percentage index R,-./ ZR,-. +
R./0)
2 [ ∗ (NDVI + 1) 

LnRE Red rim vegetation index (ln REFG −	 lnGJK\J) ∗ 100 

LogR Log r log
R,-.
R./0

 

MCARI Modified chlorophyll absorption reflectance index R^__ − R`^_ − 0.2(R^__ − R(aa_)
R^__
R`^_

 

MSAVI 
Modified soil-adjusted vegetation index 2nir + 1 − c(2nir + 1)6 − (8nir − red)

2  

MSR Modified soil proportion 2 ∗ R,-. + 1 − c(2 ∗ R,-. + 1)6 − 8 ∗ (REFG − R./0)
2  

MSRNir_Red Modified simple rate nir/red (
R,-.
R./0

− 1)/d
R,-.
R./0

+ 1 


