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ABSTRACT
Objective: Estimate vegetation cover (VC) using Unmanned Aerial Vehicle (UAV) and Sentinel-2 satellite 
images for monitoring agricultural areas. 
Design/methodology/approach: Sixteen vegetation indices (VI) were evaluated to automatically estimate 
VC. Observed VC was obtained from high-resolution georeferenced orthomosaics generated by a multispectral 
camera mounted on a UAV. These observed VC values were correlated with vegetation indices (VI) calculated 
from Sentinel-2 satellite imagery. 
Results: The VIs with the best statistical performance in estimating VC were identified. It was found that the 
ARVI vegetation index can be used to accurately monitor VC for forage maize in Cuauhtémoc, Chihuahua.
Limitations/implications: The results obtained are representative of the specific conditions of the study area; 
however, their application in other regions requires prior calibration.
Findings/conclusions: Based on the coefficients obtained in this study, vegetation cover (VC) can be 
automatically monitored using the VICAL tool. This feature enables the monitoring of VC status across 
different plots and time periods during the agricultural cycle, facilitating spatial and temporal analysis of crop 
development.

Keywords: Remote sensing, vegetation cover, vegetation indices, VICAL.

INTRODUCTION
	 Vegetation cover (VC) is defined as the vertical projection area of vegetation elements 
onto the ground per unit of horizontal surface area (Gonsamo et al., 2013). VC is also 
considered a key parameter in monitoring crop development, as it can be associated with 
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crop growth and evapotranspiration. This is because the dynamics of VC can reflect the 
phenological stages of crop growth (Calera, 2005). VC has been extensively used to evaluate 
the phenological and physiological status of vegetation, monitor crop development stages 
(Yu et al., 2013), and estimate crop yields (Yang et al., 2006).
	 Traditionally, VC is directly measured using quadrats, where a square frame is placed 
over the vegetation to assess plant density, cover, and frequency (Leirana-Alcocer & 
Bautista-Zúñiga, 2014). However, determining the precise moment when full cover is 
achieved is often complex and costly. Additionally, measuring VC in tall crops poses further 
challenges, prompting the frequent adoption of indirect methods (Alonso et al., 2020).
	 High-resolution aerial imagery provides valuable spectral information on the radiation 
reflected by vegetation across various wavelengths (Torres-Sánchez et al., 2014). To estimate 
VC using remote sensors, images captured by cameras mounted on Unmanned Aerial 
Vehicles (UAVs) can be employed and subsequently analyzed using vegetation indices (VIs) 
(Xiao & Moody, 2005).
	 In recent decades, the significant volume of remote sensing data, combined with 
advances in computational and image analysis technologies, has enabled extensive research 
on determining VC across large geographic scales—from regional to global levels ( Jing et 
al., 2006; Zhou & Lyu, 2016).
	 While the use of satellite imagery to derive vegetation indices offers considerable 
advantages for assessing vegetation conditions across broad areas, its application in small to 
medium-scale regions faces challenges. These include low vegetation density and temporal 
mismatches arising from the spatial and temporal resolution limitations of satellite sensors 
such as MODIS, Landsat, and Sentinel (Zhou & Lyu, 2016). In recent years, visible and 
hyperspectral sensors have been integrated into UAV platforms for VC estimation due to 
their low cost, efficiency, ease of deployment, and precision (Fawcett et al., 2020; Martínez 
et al., 2021).
	 Furthermore, cutting-edge strategies in precision agriculture increasingly aim to 
develop more effective methods for monitoring and boosting crop production using UAV 
technology (Ahirwar et al., 2019; Roslim et al., 2021).
	 UAVs enable ultra-low-altitude flights (100 m), capturing imagery with high spatial 
resolution (10 cm), which facilitates the classification of bare soil, crops, and weeds. 
For such high-resolution imagery, it is essential to determine the VI that best enhances 
the contrast between vegetated and non-vegetated pixels. Several threshold-based 
segmentation algorithms are available for this purpose, including histogram mean, isodata, 
black pixel percentage, two peaks, Otsu, and Otsu-Valley methods. However, since UAV 
flights cannot be conducted continuously over time or across large areas, it becomes 
necessary to extrapolate VC data using vegetation indices derived from satellite sensors 
such as Sentinel-2. This allows for comprehensive spatial and temporal monitoring of VC 
throughout the crop cycle.
	 Therefore, the objective of this study was to calibrate maize crop VC using various 
vegetation indices derived from Sentinel-2 satellite imagery and to validate these estimates 
with multispectral images captured by a multispectral camera mounted on a UAV. 
Additionally, the VICAL tool was adapted to automate the estimation of VC.
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MATERIALS AND METHODS
	 In this study, images acquired using a multispectral camera mounted on an Unmanned 
Aerial Vehicle (UAV) were employed to calculate the observed vegetation cover (VC). 
This observed VC was then correlated with various vegetation indices (VIs) to identify 
functional relationships that enable the indirect estimation of VC using Sentinel-2 satellite 
imagery. The simplified calibration methodology is illustrated in Figure 1. 

Study area
	 The study area is located within the “Laguna de Bustillos” watershed, between 
coordinates 28° 29ʼ 19”′N and 106° 58ʼ 24” W, in a maize field equipped with a central 
pivot sprinkler irrigation system, covering an area of 54.28 hectares. The field is situated 
in Campo 2B of the Mennonite agricultural zone in Cuauhtémoc, Chihuahua, Mexico. 
Notably, the municipality of Cuauhtémoc ranked first in national maize production during 
the 2022 spring-summer agricultural cycle (SIAP, 2023). Two yellow maize hybrids, 
P1898 and P1445, were sown on April 13, 2023, at a planting density of 90,000 plants 
per hectare. The watershed is located in the northwestern part of the state of Chihuahua 
(Figure 2) and forms part of Hydrological Region No. 34, known as “Cuencas Cerradas del 
Norte”. The prevailing climate in the region is semi-arid temperate, and the watershed’s 
drainage network is radial, converging concentrically towards the lagoon —an indication 
that the basin is sustained primarily by rainfall (CONAGUA, 2024). According to data 
from the network of weather stations managed by the Unión de Fruticultores del Estado 
de Chihuahua (UNIFRUT), the average maximum temperature over the past year was 
23.8 °C, while the average minimum was 6.5 °C. The annual average precipitation ranged 
between 390 and 400 mm (UNIFRUT, 2023).

Figure 1. Flowchart of the methodology employed. The observed vegetation cover (VC) was obtained from 
georeferenced orthomosaics generated by a UAV.



250 AGRO PRODUCTIVIDAD 2025. https://doi.org/10.32854/9ax60p15

Figure 2. Study area: a) Location of Mexico, b) Location of the municipality of Cuauhtémoc, Chihuahua, and 
c) Location of the study plot in Campo 2B within the Mennonite agricultural zone in Ciudad Cuauhtémoc, 
Chihuahua, Mexico.

	 Meteorological data recorded during the 2023 agricultural cycle are presented in Figure 
3. The average air temperature was 16.03 °C, with maximum and minimum averages 
of 24.62 °C and 7.43 °C, respectively. Solar radiation averaged 22.15 MJ m2 day1, 
while the vapor pressure deficit (VPD) maintained an average of 0.93 kPa. Reference 
evapotranspiration (ETo) was calculated using the FAO56 Penman-Monteith method, 
resulting in an average of 4.33 mm, with peak values occurring in June and July coinciding 
with the crop’s peak development stages. Total rainfall during the entire growing season 
amounted to 184.8 mm, indicating a precipitation deficit for the cycle. This underscores 
the importance of continuous monitoring of agricultural variables through remote sensing 
technologies.

Aerial image acquisition
	 During the 2023 spring summer agricultural cycle, multispectral images were 
acquired using a camera mounted on an Unmanned Aerial Vehicle (UAV) throughout 
the phenological development of the crop. The equipment used was a DJI Phantom 4 
Multispectral quadcopter, equipped with a multispectral camera comprising six spectral 
sensors (Table 1). These include a ½ 9-inch CMOS RGB sensor for the visible spectrum 
and five monochromatic sensors for multispectral image capture. Additionally, the UAV 
features a solar irradiance sensor mounted on top, which measures real-time sunlight 
exposure, thereby enhancing the accuracy of the acquired multispectral imagery. The 
general specifications of the sensors are detailed in Table 1.
	 A total of 16 UAV flights were conducted (Table 2) between May and September 2023. 
The flights were scheduled for 12:00 p.m. local time, coinciding with the solar zenith, 
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Figure 3. Meteorological data during the agricultural cycle of 2023. a) Tprom: Average air temperature (red 
line), Tmin: Minimum temperature (dashed black line), Tmax: Maximum temperature (blue line), b) Rs: Solar 
radiation (black line), c) VPD: Vapor pressure deficit (dashed black line), d) ETo: Reference evapotranspiration 
Pen-man Montieth method (blue line) and e) PP: precipitation (blue bars).

and had an effective duration of approximately 25 to 27 minutes. The flight altitude was 
maintained at 60 meters above the plot, enabling a spatial resolution (Ground Sample 
Distance, GSD) of 10 cm/pixel. The processing of the multispectral images and the 
generation of georeferenced orthomosaics were carried out using the PIX4Dfields software.

Vegetation cover estimation
	 Vegetation cover (VC) is defined as the vertical representation of crop foliage over 
the soil surface, typically expressed as a percentage or fraction of the area (Choi et al., 
2016). During the early phenological stages of maize growth specifically the vegetative 
stage a greater number of pixels correspond to bare soil. As maize plants continue to 
develop, canopy cover progressively increases. Subsequently, during the reproductive 
development stage, canopy cover reaches its maximum extent, resulting in a gradually 
increasing number of pixels classified as vegetation. From the generated orthomosaics, the 
Normalized Difference Vegetation Index (NDVI) was calculated for each date. 

Table 1. Specifications of the UAV’s multispectral camera.

Features Description
Sensors CMOS (RGB and 5-band multispectral)

Sensor Type Global electronic shutter

Effective Pixels per Sensor 2.08 MP

Spectral Sensors Blue (B): 450 nm  16 nm

Focal Length Green (G): 560 nm  16 nm

Operating Temperature Red (R): 650 nm  16 nm
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Table 2. UAV flight dates and multispectral image acquisition. 

Flight 
No. Flight date Wind speed 

(m/s)
Temperature 

(°C)
Days After 

Sowing (DAS)

Growing 
Degree Days 

(GDD)
1 06/05/2023 1.65 28.07 23 214.9

2 13/05/2023 3.01 26.21 30 251.3

3 20/05/2023 2.13 22.73 37 285.4

4 27/05/2023 1.88 27.74 44 348.3

5 03/06/2023 1.30 28.34 51 394.3

6 10/06/2023 2.22 30.01 58 452.5

7 19/06/2023 1.78 30.87 67 551.8

8 24/06/2023 1.81 33.07 72 611.8

9 08/07/2023 2.18 33.56 86 778.4

10 15/07/2023 2.10 31.42 93 867.9

11 22/07/2023 1.75 31.21 100 957.5

12 29/07/2023 2.18 29.93 107 1038.2

13 04/08/2023 0.77 32.22 113 1102.6

14 06/09/2023 1.22 31.01 146 1451.0

15 09/09/2023 1.01 31.08 149 1481.8

16 18/09/2023 5.34 26.61 158 1566.4

	 To distinguish vegetation from other land cover types, the approach proposed by 
Marcial-Pablo et al. (2019) was employed. This method relies on analyzing NDVI 
intensity histograms to determine a threshold value that classifies pixels as either crop 
(NDVIthreshold) or soil (NDVIthreshold). The threshold was calculated automatically 
using the Otsu-Valley thresholding algorithm (Hui-Fuang, 2006), which has demonstrated 
superior performance compared to the original Otsu method (Otsu, 1979) in recent studies 
involving RGB or multispectral imagery for precision agriculture (e.g., Marcial-Pablo et al., 
2017). The Otsu method identifies an optimal threshold using a grayscale image histogram 
by satisfying two conditions: maximizing between-class variance and minimizing within-
class weighted variance (Equation 1). Hui-Fuang (2006) introduced an enhancement 
to the original algorithm, known as the Otsu-Valley method. This improved technique 
determines the optimal threshold by locating the histogram value situated between the two 
highest peaks of the spectral histogram (Equation 2).

	 t t L t t t t
ArgMax

T T*= ≤ < ( ) ( )−( )+ ( ) ( )−( ){ }0 1 1 2 2
2

ω µ µ ω µ µ 	 (1)

	 t t L p t t t t
ArgMax

t*= ≤ < −( ) ( ) ( )+ ( ) ( )( ){ }0 1 1 1
2

2 2
2ω µ ω µ 	 (2)

Where t* represents the optimal threshold,  denotes the class probabilities,  is the mean 
gray-level value of the respective classes, and T is the overall mean gray level of the 
entire image.
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	 Based on the classification of vegetation pixels (derived using the NDVI index and the 
calculated threshold), the vegetation cover fraction for the study site was computed as the 
ratio between the area classified as vegetation and the total delineated area. The entire 
procedure was implemented in MATLAB. 

Relationship between vegetation indices and vegetation cover
	 The estimation of agronomic variables in maize is commonly based on one or two 
vegetation indices (VIs), with the most prevalent being the Soil-Adjusted Vegetation Index 
(SAVI) and the Normalized Difference Vegetation Index (NDVI). However, access to 
advanced technologies such as Google Earth Engine (GEE) has facilitated the acquisition 
and processing of a larger number of VIs, enabling a more comprehensive and diversified 
analysis of the phenomenon under study.
	 In this work, a total of 16 vegetation indices were calculated (Table 3) using Sentinel-2 
satellite imagery. The VI values were automatically extracted through the Google Earth 
Engine platform using the VICAL tool (Vegetation Index Calculator, Jiménez-Jiménez et 
al., 2022).
	 Subsequently, linear regression models were employed to estimate the relationship 
between the vegetation indices (VIs) listed in Table 3 and the vegetation cover derived from 
the orthomosaics. A linear model was chosen due to its simplicity, ease of interpretation, 
and practical applicability —particularly beneficial for end-users such as technicians and 
agricultural producers. Accordingly, the coefficient of determination (R2, Equation 3) 
was calculated, and the three VIs with the highest R2 values were selected, in addition to 
the NDVI.

	 R
y y

y y

t tt
n

t tt
n

2 1

2

1

21= −
−( )
−( )

=

=

∑

∑



	 (3)

Where yt represents the measured values, yt
  the estimated values, and y t  the actual mean 

value.

	 Based on the four selected vegetation indices, the maximum and minimum values 
required to estimate vegetation cover (VC) were determined using the model proposed by 
Hunsaker et al. (2005) (Equation 4).

	 VC
VI VI

VI VI
=

−

−
min

max min
	 (4)

Where: VI is the mean value of the vegetation index; VImax is the maximum value of the 
vegetation index (VI ) when the crop reaches its maximum ground cover and VImin is the 
value of the VI of the bare soil.
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Table 3. Vegetation indices used for vegetation cover estimation (adapted from Jiménez-Jiménez et al., 2022).

Number Vegetation index Equation Reference

1 Atmospherically resistant vegetation 
index

ARVI
NIR R B R

NIR R B R
=

− − −( )( )
+ − −( )( )

γ

γ
 

1.0

Kaufman & Tanré, 1992

2 Adjusted transformed soil-adjusted 
vegetation index

ATSAVI
a NIR aR b

R aNIR ab X a
=

− −( )[ ]

+ − + +( )( ) 1 2

a1 ; b0; X0.08

Baret & Guyot, 1991

3 Difference vegetation index DVI  NIR-R Richardson & Wiegand, 1977)

4 Enhanced vegetation index EVI
NIR R

NIR R B
=

−

+ − +









2 5

6 7 5 1
.

.
A. Huete et al., 2002

5 Enhanced vegetation index EVI
NIR R

NIR R
2 2 5

2 4 1
=

−

+ +









.

.
Jiang et al., 2008

6 Green normalized difference 
vegetation index GNDVI

NIR G
NIR G

=
−

+
Gitelson et al., 1996

7 Modified soil adjusted vegetation 
index MSAVI

NIR NIR NIR R
2

2 1 2 1 8
2

2
=

+( )− +( ) − −( ) Qi et al., 1994

8 Modified triangular vegetation index MTVI NIR G R G= −( )− −( )[ ]1 2 1 2 2 5. . . Haboudane et al., 2004

9 Modified triangular vegetation 
index-2

MTVI
NIR G R G

NIR NIR R
2

1 5 1 2 2 5

2 1 6 5 0 52
=

−( )− −( )[ ]

+( ) − −( )−

. . .

.
Haboudane et al., 2004

10 Normalized difference vegetation 
index NDVI

NIR R
NIR R

=
−

+
Rouse et al., 1973

11 Optimized soil adjusted vegetation 
index

OSAVI
NIR R

NIR R X
=

−

+ +









1 16.

X0.16

Rondeaux et al., 1996

12 Renormalized difference vegetation 
index

RDVI
NIR R

NIR R
=

−

+
Roujean & Breon, 1995

13 Soil adjusted vegetation index SAVI
NIR R

NIR R L
L=

−

+
+( )

*
1

L0.5

A. R. Huete, 1988

14 Triangular vegetation index TVI NIR G R G= −( )− −( )[ ]0 5 120 200.  Broge & Leblanc, 2001

15 Transformed soil adjusted vegetation 
index

TSAVI
a NIR aR b

R aNIR ab
=

− −( )[ ]
+ −( )[ ]  

a1; b0; 

Baret et al., 1989

16 Wide dynamic range vegetation 
index WDRVI

NIR R
NIR R

=
−

+

0 2
0 2

.

.
(Gitelson, 2004)

*R: Red band, G: Green band, B: Blue band, NIR: Near-infrared band.
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Error parameters
	 To statistically evaluate the model and compare performance, the following metrics 
were used: Mean Error (ME), Mean Absolute Percentage Error (MAPE), Root Mean 
Square Error (RMSE), and the Coefficient of Determination (R2) (Chicco et al., 2021). 
Within this set of metrics, RMSE reflects the weighted variance of the errors, where lower 
values indicate higher precision; MAPE quantifies the average absolute percentage error; 
and R2 represents the proportion of variance in the dependent variable that is predictable 
from the independent variables.

	 ME
n

y yt t
t

n
= −

=
∑

1

1
 	 (5)

	 MAPE
n

y y

y
t t

tt

n
=

−
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=
∑

1
100

1



	 (6)

	 RMSE
n

y yt t
t

n
= −( )

=
∑

1 2

1
 	 (7)

RESULTS AND DISCUSSION
Vegetation cover
	 Figure 4 illustrates the dynamics of vegetation cover (VC) during the vegetative growth 
period, starting with values of 0.1 at 23 Days After Sowing (DAS) (214.9 Growing 
Degree Days, GDD), followed by gradual increases reaching 0.2 at 51 DAS (394.3 
GDD). After this stage, a rapid increase is observed, culminating in approximately 867.9 
GDD (93 DAS) with a VC value of 0.8. This value is characteristic of row-planted crops, 
which typically do not exceed 90% VC (Imukova et al., 2015). During this period, the 
crop reaches maximum leaf greenness shortly after f lowering (Valentinuz and Tollenaar, 

Figure 4. Vegetation cover values on UAV flight dates during the phenological development of maize.
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2004). Subsequently, VC values begin to gradually decline throughout the reproductive 
stage and into senescence, reaching values around 0.4. This trend is closely linked to 
the crop’s phenological stages and canopy density (You et al., 2013; Marcial-Pablo 
et al., 2019). Moreover, accurate estimation of VC is crucial for quantifying surface 
processes, including hydrological f luxes in agricultural lands ( Jung et al., 2006), as well 
as understanding annual vegetation development dynamics.
	 Figure 5 illustrates the temporal evolution of vegetation cover (VC) during the maize 
crop growth stages. The first UAV flight, conducted on May 6, 2023, at 23 Days After 
Sowing (DAS), recorded a VC of 8% within the plot. By the second flight, on May 13 (30 
DAS), the VC had increased to 14%. From flights 3 to 6, conducted between May 20 and 
June 10 at 37, 44, 51, and 58 DAS respectively, a similar spatial pattern was observed, with 
VC values of 19%, 24%, 22%, and 28%.
	 As the crop developed, VC continued to increase, with the northern section of the plot 
consistently showing the highest coverage. García-Martínez et al. (2020) indicated that this 
spatial variability may be attributed to factors such as the plant material used, sowing date, 
soil type, irrigation practices, fertilization, rainfall, and planting density.
	 On June 19 and 24 (67 and 72 DAS), VC rose to 39% and 46%, respectively, showing 
a more uniform spatial distribution across the field. By July 8 (86 DAS), VC reached 68%. 
On July 15 (93 DAS), VC peaked at 81%, indicating a near-complete canopy closure. 
At this stage, the crop was at its most vigorous vegetative development, a result of the 
continuous accumulation of nutrients primarily nitrogen which is closely associated with 
biomass growth ( Ji et al., 2021).
	 From July 22 to September 18 (100 to 158 DAS), VC gradually declined from 77% to 
44%, due to the natural process of leaf senescence (Abeledo et al., 2020).
 
Vegetation index calibration
	 Based on the analysis of vegetation cover (VC) and its relationship with various 
vegetation indices (VIs), a strong linear correlation was observed between VC and 
the majority of the VIs, with most presenting an R20.9. The three indices with the 
highest R2 values (Figure 6) were the Atmospherically Resistant Vegetation Index (ARVI, 
R20.963), the Enhanced Vegetation Index (EVI, R20.963), and the Optimized Soil-
Adjusted Vegetation Index (OSAVI, R20.960), all of which exhibited slightly better 
performance than the NDVI (Normalized Difference Vegetation Index, R20.945) in 
representing vegetation cover.
	 This trend has also been reported in other studies, where indices such as OSAVI have 
demonstrated superior performance over NDVI in estimating VC (He et al., 2019).
	 The maximum and minimum values for these vegetation indices are presented in 
Figure 7. According to the error parameters shown in this figure, the Atmospherically 
Resistant Vegetation Index (ARVI) can be reliably used to monitor vegetation cover (VC) 
with high precision for forage maize in Cuauhtémoc, Chihuahua, provided that the 
specified maximum and minimum index values are applied. ARVI yielded a Root Mean 
Square Error (RMSE) of 0.7, indicating a strong predictive performance.
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Figure 5. Vegetation cover classification on the UAV flight dates.
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Figure 6. Relationship between vegetation cover and vegetation indices.

Figure 7. Vegetation cover estimated using vegetation indices.
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	 ARVI has been shown to be less sensitive to atmospheric conditions compared to NDVI 
(Bannari et al., 1995; Almalki et al., 2022).

VICAL Adaptation to estimate vegetation cover
	 To automate vegetation cover estimation using VIs, the VICAL tool was adapted 
(https://inifapcenidraspa.users.earthengine.app/view/vical, Jiménez-Jiménez et al., 2022). 
This adaptation includes: i) using equation 4 to estimate VC, ii) the ability to enter the 
VImin and VImax values ​​indicated in Figure 7 for the ARVI, as well as defining the interval 
from 0 to 1 to represent the VC range (Figure 8). This functionality allows for automated 
(Figure 8a) and continuous (Figure 8b) monitoring of vegetation cover, eliminating the 
need to use spreadsheets or other external image analysis tools.

Figure 8. Adaptation of VICAL for vegetation cover (image date: June 16, 2024). a) Vegetation cover estimation 
using the ARVI index on corn plots in Cuauhtémoc (VICAL vector file ID: projects/ee-serchjimenez1990/
assets/SHAPE_MAIZ_VICAL), Chihuahua; b) vegetation cover time series (red line graph) for the plot with 
a red border.
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CONCLUSIONS
	 Three of the 16 vegetation indices showed acceptable performance: ARVI, NDVI, and 
OSAVI. Furthermore, the VC calculation was successfully introduced into the VICAL 
database, allowing for reliable and automatic calculation of vegetation cover for corn 
crops. This proposed methodology allows for quick and easy calibration of vegetation 
cover, along with other agricultural variables, using satellite information; it can also be 
replicated in other areas with prior calibration.
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