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ARTICLE INFO ABSTRACT

Unmanned aerial vehicles (UAV) have been recognized as excellent tools to provide real time feedback of
temporal and spatial conditions found in agricultural fields throughout the growing season. UAVs have also
allowed accelerating breeding programs by screening varieties or by selecting agronomic traits that confer re-
sistance to biotic and abiotic stresses and selecting the best management practices that optimize the management
of soil and water resources. The main objectives of this study were to assess the potential use of UAVs to
determine crop height, canopy cover, and NDVI during the tomato growing season for three tomato varieties; to
validate tomato height obtained with a UAV; and evaluate the correlation between leaf area index and canopy
cover determined with the UAV. The UAV was flown over a tomato trial planted with 90 plots that contained
eight different tomato varieties; 3 roma and 5 round replicated three times per row and planted in three rows.
The plots of the tomato varieties TAM-HOT, Shourouq, and Mykonos were selected for validation with the UAV.
Commitment field measurements of plant height, leaf area index, and NDVI were collected weekly (from April 27
to June 22, 2017). All the tomato varieties were healthy without diseases and the NDVI values estimated with
the UAV peaked between 90 and 110 days after transplanting (DAP). A coefficient of determination of 0.72 was
observed between canopy cover estimated with the UAV and leaf area index measured with the ceptometer. The
coefficient of correlation between the estimated and measured crop heights were 0.9845, 0.9766 and 0.9949 for
the TAM-HOT, Shourouq and Mykonos, respectively. In addition, the calculated paired t test statistic showed no
significant difference (P = 0.05) between the estimated, the UAV and manually measured crop heights. In the
future, UAV crop growth and NDVI monitoring could be improved through temporally dense data acquisition,
increasing the number of ground samples and their geometric coincidence with the grids in UAV images, re-
moval of weather effects, and other systematic errors caused from image quality and grid size.
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1. Introduction

Remote sensing platforms, either mounted on mobile vehicles
(Enciso et al., 2017) or low altitude unmanned aerial vehicles (UAV)
have been recognized as excellent tools to seek real-time, high quality,
high-volume crop data to accelerate crop improvement through
breeding and to optimize agronomic practices (Shi et al., 2016). Ac-
celerated crop improvement techniques are needed to satisfy the global
food production demands (Alston et al., 2009; Godfray et al., 2010).
Researchers predicted that the use of UAV-based technology will grow
exponentially in the next few years, resulting in the development of
robust aerial sensing-based crop phenotyping methods available to the
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plant breeders and to the research community (Sankaran et al., 2015).
UAVs have allowed accelerating breeding programs by screening vari-
eties or by selecting agronomic traits that confer resistance to biotic and
abiotic stresses and selecting the best management practices that opti-
mize the management of soil and water resources (Sankaran et al.,
2015). Some of the advantages of using these multiple sensors mounted
in UAVs are that data can be collected extensively at low cost without
conducting expensive and destructive measurement (Burud et al.,
2017). In addition to allowing farmers to monitor and obtain valuable
information about field and crop conditions such as soil moisture
content, leaf area index, plant nutrient-water status, crop health, vigor,
growth stage, stress index, among others that ultimately determine
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yield and quality (Jones and Vaughan, 2010).

In breeding programs, scientists must identify traits and screen the
best varieties between a big selection of varieties for their breeding
objective. In the case of the tomato breeding programs in Texas, several
varieties plots are established and replicated several times in the field
and the breeder needs to select and document which variety traits are
more disease resistant, have better vigor and growth, evaluate the
earliness of the production, estimate yield, etc. Additionally, an agro-
nomist needs to select the best yielding variety based on the fruit
quality in response to different best management practices such as
fertilization, irrigation practice, pesticides applications, the use of
plastic mulches of different colors, etc. The breeding and agronomic
experiments involved measuring several traits such as the canopy
height, the canopy cover, canopy density and biomass, the health of the
plant, yield and quality of the fruits and find correlations among the
different traits. Often, breeders assess the varieties based on manual
methods such as visual observations considering the overwhelming
amount of data that need to be collected, the labor-intensive and prone
to human errors, as well as creating a subjective and inaccurate method
for selecting their varieties (Burud et al., 2017). UAV platforms com-
bined with the state-of-the-art big data processing, visualization, and
geospatial data analysis, offer an innovative opportunity for the de-
velopment of precision agriculture applications designed to improve
plant phenotyping and screening crops for different traits of interest.

The first step for the wide use of UAV for plant breeding and
agronomic programs is that the data must be validated with measured
field data. Several papers in the literature have validated UAV data
from field observations for various crops such as wheat and sorghum
(Madec et al., 2017; Watanabe et al., 2017). However, there are very
few papers in which UAV has been used to describe and validate the
crop growth and phenology of tomatoes with field observations. Crop
height has been evaluated from UAV imagery data for crops such as
energy sorghum and barely against plant height manually measured
(Chang et al. (2017); Bendig et al (2014); Watanabe et al. (2017)).
Chang et al (2017) acquired the aerial images from a DJI Phantom 2
Vision 1 Plus platform, which is manufactured by DJI (Shenzhen,
China). The DJI Phantom Vision Plus takes the 14 Megapixels RGB
image with a 1/2.3-inch sensor. Their results showed that the Root
Mean Square Error (RMSE) of average individual sorghum heights
measured with UAV against hand-sampling measured heights was
0.33 m. Differences between the results of the two methods may have
occurred due to the image quality, image matching, 3D point cloud
density, weather conditions, GPS accuracy, and hand-sampling varia-
bility. Other authors have used some other sensors mounted in the UAV
to measure crop height. For example, Anthony et al. (2014) measured
height with a laser scanner and Harwin et al. (2015) with optical sen-
sors. One of the advantages of using UAV imagery is that it can be used
for measuring traits throughout the growing season (Chang et al.,
2017).

Indices based on leaf/canopy reflectance has been used as an in-
dicator of plant function because green vegetation absorbs a greater
portion of the light reflected and depend directly on a leaf’s pigment
composition (e.g. chlorophylls and xanthophyll), which can be corre-
lated with the plants’ physiological status (Jones and Vaughan, 2010;
Marcial-Pablo et al., 2018). The most employed index is the normalized
difference vegetation index (NDVI) = (NIR-R)/(NIR + R); where NIR is
the reflectance in the near-infrared band (800 nm) and (R) in the red
band (680 nm). This index has commonly been used to detect plants
and “greenness”, due to the high IR reflectance of chlorophylls (Zarco-
Tejada et al., 2012). The NDVI sensors has been widely used to de-
termine crop nitrogen status (Sripada et al., 2008; Link et al, 2002). The
NDVI sensors have been mounted in tractors such as crop circle
(Sripada et al., 2008) or other sensors such as Green Seeker and the
Decagon Spectral sensors had been mounted in mobile platforms
(Enciso et al., 2017). NDVI has been also used to estimate percent cover
and biomass in winter crops (Prabhakara et al., 2015). NDVI obtained
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with a mobile platform has been used to estimate crop coefficients and
crop evapotranspiration (Hunsaker et al., 2005). Canopy cover is an
important agronomic trait for agronomy and water management
(Hunsaker et al., 2005; Enciso et al., 2017). Canopy cover has been
correlated with leaf area index for corn, winter wheat and triticale,
(Nielsen et al., 2012). LAI determined with a ceptometer has also re-
sulted in high correlation (R? = 0.86) with direct measurements in
tomatoes (Mamun et al., 2017). The 3-dimensional geometric features
of individual trees and tree-rows such as canopy area, tree height and
crown volume has also been determined using UAV and object-based
image analysis techniques (Torres-Sinchez et al., 2015), and similar
techniques could be applied for vegetables to determine crop phe-
nology. The main objectives of this study were to assess the potential
use of UAVs to determine crop height, canopy cover, and NDVI during
the tomato growing season for eight tomatoes varieties and validate
tomato height obtained with a UAV. Another objective was to evaluate
the correlation between leaf area index and canopy cover determined
with the UAV.

2. Materials and methods
2.1. Experimental location and design

This study was conducted at the Texas A&M AgrilLife Research and
Extension Center located in Weslaco, TX at a latitude of 26°9’30”N and
a longitude of 97°57/43”W. The drone was flown over a tomato trial
planted with 90 plots that contained eight different tomato varieties; 3
roma (DRP8551, SV8579TE, and Tycoon) and 5 round (Mykonos, TAM-
HOT, Shourouq, TAMH FlA F1, Everglade) replicated three times per
row and planted in three rows (Fig. 1). The middle row and the varieties
Mykonos, TAM-HOT, and Shourouq were only analyzed in this study.
The bordering rows were planted to avoid edging effects. The plots of
the tomato varieties Mykonos and DRP8551 were duplicated so plants
could be removed and destroyed to collect plant data if needed. Each
plot was planted with four tomato plants spaced at 0.46 m between
plants and 2 m between rows. Each rectangular grid of 2.7m x 1.1 m
represented the area of a plot (Fig. 1). The average plant population was
14,346 plants per hectare and they were transplanted on February 20,
2017. The tomato plants were harvested on May 22, May 30, and June
30 of 2017. The tomato was drip irrigated and the tape was buried 25 to
30 cm deep in the center of the white plastic mulch bed.
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Fig. 1. Layout of the tomato experiment consisting of three rows of tomato
plants (top figure) with each row containing 30 plots (10 plots with different
tomato varieties replicated 3 times). Each rectangular grid contained four to-
mato plants (Bottom figure).



J. Enciso, et al.

2.2. UAV data collection

UAV data were acquired using a DJI Phantom 4 pro platform, which
is manufactured by DJI (Shenzhen, China), on March 3 and 21, April 6
and 27, May 24, and June 8, 14, and 22 of 2017. The RGB camera
mounted on the Phantom 4 pro takes 20 Megapixels images. In addition
to the RGB data collection, an DJI Matrix 100 platform with a
SlantRange 3P was used to collect multispectral data. The Slant Range
3P sensor records the center spectral wavelengths and bandwidths of
green (550nm, 10nm), red (650nm, 10nm), red-edge (710nm,
10 nm), and near-infrared (850 nm, 10 nm), with 1.2 Megapixels re-
solution. The multispectral UAV system was flown on April 27, May 11,
May 24, June 8, and June 22 of 2017. Autonomous UAV flight missions
were designed to acquire images with 60% front and side overlap at
30 m altitude above ground. Four permanent Ground Control Points
(GCPs) and two portable GCPs were established around the study area
for accurate geo-referencing. Since the study area was approximately
330 m? in size, the number and the location of GCPs were reasonable
and enough to remove geometrical errors from UAS data (Mesas-
Carracosa et al. 2015). The coordinates of all GCP were surveyed using
a differential dual frequency GPS, manufactured by V-Map (http://v-
map.net/). The raw images were processed to generate ortho-mosaic
image and digital surface model (DSM) using Agisoft Photoscan Pro
software (DSM) (Fig. 1), and the GCP surveying results were used in this
process to accurately georeference resulting geospatial data products
(orthomosaic images and DSM) for further analysis. Radiometric cali-
bration is an important process especially when comparing spectral
measurements acquired in different illumination condition (An et al.
2016). The SlantRange 3P sensor is equipped with upward looking solar
spectrometer so that raw images can be radiometrically calibrated ac-
curately to reflectance values. Raw images collected from the Slan-
tRange 3P sensor were radiometrically calibrated using SlantView
software (see http://www.slantrange.com/slantview/) to convert di-
gital numbers in the raw images into reflectance values. The converted
reflectance images and GCP surveying results were then fed into Agisoft
Photoscan Pro to generate orthomosaic images with reflectance values.
Radiometrically calibrated multispectral orthomosaic images were used
to generate various vegetation indices so that spectral measurements
from multiple flights can be compared without bias.

2.3. Field measurements

The field measurement of plant height, leaf area index and NDVI
data were also collected approximately every week for the medium
row. The collection dates were April 27, May 4, May 10, May 24, and
June 22. There were 10 plots that were measured in each row. Each
ground sampling was conducted on a 2.7 m long plot along the row line.
Three plants from each sampling location were collected per variety in
each treatment. The crop height was measured manually with a mea-
suring stick. The Green Seeker Handheld Crop Sensor (Trimble Inc.,
Sunnyvale, California 94085) was used to measure NDVI manually by
getting the average of about 5 readings in each plot of the medium row
level. The readings were taken around 80 cm from the soil surface and
the field of view was approximately 34 cm wide. The green seeker re-
cords red (660 nm), and near infrared (770 nm) spectral wavelength,
with an approximate bandwidth of 25 nm.

LAI was measured to evaluate if there were correlations between an
AccuPar LP-80 ceptometer (Decagon Devices, Pullman, WA, USA)
readings and canopy cover estimated with the UAV. Direct methods to
estimate LAI are more accurate, but they are extremely time consuming
and labor intensive. LAI was measured indirectly with an AccuPar LP-
80 ceptometer in this experiment. LAI is a dimensionless area defined as
the one-sided area (or maximum projected leaf area) per unit of ground
area (Watson, 1947; Myneni et al., 1997). The LAI value reported in the
literature vary with crop species, values between 6 and 8 are observed
in deciduous forest and between 2 and 4 for annual crops (Beadle et al.,
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1993).

2.4. Data analysis

Both RGB and multispectral UAV data were processed using the
Agisoft Photoscan Pro software to generate orthomosaic and DSM. GCPs
were also used for accurate georeferencing and alignments between
data sets. The spatial resolution of orthomosaic of RGB and multi-
spectral were less than 2 cm and 3 c¢m, respectively. DSM had about two
times larger spatial resolution than orthomosaic image. Crop height
Model (CHM) which is above ground crop height was generated by
subtracting digital terrain model (DTM) from DSM. The DSM generated
from UAV acquired on March 3rd, 2017 before transplanting was
considered as DTM, which is ground elevation.

For the measurements, a geographical information system (GIS)
array consisting of small (1.1 m by 2.7 m) grids was generated to extract
canopy height, canopy cover, and NDVI for each variety (Fig. 1). The
polygons include not only tomato, but also soil and mulch. Canopy
cover measurements indicate the portion (%) of green canopy per unit
grid. The Canopeo algorithm (Patrignani and Ochsner, 2015) was used
to differentiate canopy pixels from other background pixels, and canopy
cover was calculated as the ratio between the number of canopy pixels
and the total number of pixels within the grid.

The highest value of CHM within each polygon was selected as
canopy height of each variety. The canopy cover is expressed in percent
and it is calculated from the RGB data based on plot boundary specified
in Fig. 1. Average of NDVI values of canopy pixels within polygon was
calculated as the representative NDVI for each variety. The tomato
height estimated with the UAV was used to fit a sigmoidal Eq. (1) with
three parameters using the curve expert 1.3 software (Hyams Devel-
opment). The height measurements were fitted to a sigmoidal Eq. (1),
which has 3 parameters:

a

y:1+be‘“"

@
where x represents the DAP, y represents crop height, a represents the
maximum end value of height, and b and c are constant shape para-
meters (b > 0 and ¢ > 0). Sigmoidal curves are commonly used to
describe a biological process such as crop growth. The sigmoid curves
that have primarily used are the ones that only have three parameters,
and by assuming that the minimum value is zero (Chang et al., 2017;
Zeide, 1993).

Paired t-tests using PROC TTEST (SAS, 2014) were used to compare
the estimated and measured crop height data during validation. The
goodness-of-fit estimators used p-values from the t-tests and coefficients
of determination (R?). The R? value describes the degree of collinearity
between the measured and estimated data (Moriasi et al., 2007). R2
ranges from O to 1, with higher values indicating less variance. In each
of the tomato varieties the root mean square error (RMSE) was calcu-
lated from the following equation:

| N
1

RMSE = ’—2 E; — M,
Ni:1(l 1)

\

where E; is the ith estimated value from the UAV, M; is the ith measured
value, and N is the number of data pairs. RMSE represents the dis-
crepancy between observations and estimations. A value of 0 indicates
a perfect fit. If the crop height difference between the UAV data and the
field data follows a normal distribution, the overall vertical accuracy at
the 95 percent confidence level can be calculated by using
1.96 x RMSE. A correlation analysis was conducted to evaluate the
association between canopy cover estimated with the UAV and LAI
measured with the ceptometer for April 27 and May 24 since it was the
only date when both field measurements and UAV data were collected
on the same date.
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Fig. 2. NDVI values during the growing season estimated with the UAV for
different tomato varieties. Weslaco, TX.

3. Results and discussion

The NDVI has become the most widely used vegetation index; it has
been extensively used for assessing and monitoring vegetation dy-
namics, biomass production, and changes in vegetation conditions.
NDVI values obtained for the UAV for the three studied varieties during
the tomato growing season and for the middle row are presented in
(Fig. 2). All the tomato varieties were healthy without diseases and the
NDVI values peaked between 60 and 120days. No correlation
(P > 0.05) was observed between the hand-held Green Seeker meter
and the estimated NDVI with the UAV per variety and per plot for three
dates analyzed. Most of the analysis resulted in an R of less than 0.45.
The green seeker has a very small oval field of view (approximately
34 cm wide), while the UAV was obtaining the average NDVI of the
plot. The different wavelength between Green Seeker and SlantRange
might cause the low correlation. Additionally, there were slight dif-
ferences in the measuring time and weather condition which could also
explain the low correlation. The way we calculated NDVI might have
resulted in low correlation with ground NDVI measurements because
the green seeker measurements were collected by pointing canopy,
while the UAV averaged the NDVI of all the vegetative area.

The expansion of the tomato canopy cover (%) for selected tomato
varieties from UAV data are presented in (Figs. 3 and 4). The growth of
the canopy cover is an important factor to determine the amount of
fertilizer and water resources that the plant requires during the growing
season. The leaf area index (LAI) is useful to split evapotranspiration
estimated with weather station in crop evapotranspiration and soil
evaporation. Crop evapotranspiration is useful for irrigation studies and

Computers and Electronics in Agriculture 158 (2019) 278-283

80
70
[ ]

~ 60 ]
g S
50 R A
> =
S 40 : " i i : + Mykonos
§ i -1 ® Shorouq
g 30 A TAM-HOT
o]

20 !

10

0 —& &

0 10 20 30 40 50 60 70 80 90 100 110 120 130

Days after transplanting

Fig. 4. Canopy cover (%) for different tomato varieties obtained from UAV data
during the spring growing season. Weslaco, TX.

Maunal measurments (LAI)

S = N W A L O I ®

S
=]

25

30 35 40 45
Canopy cover (UAV measurement)

50 55
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cover (%) estimated with a UAV system during April 27 (triangles) and May 24
(rectangles).

it is used by crop models to estimate crop phenology and growth.
Mamun et al. (2017) found an R? of 0.86 between LAI determined with
the ceptometer and with a direct destructive method. The correlation
between canopy cover estimated with the UAV and leaf area index
measured with the ceptometer for the middle row is presented in
(Fig. 5). This graph was determined by evaluating the correlations be-
tween the field measured LAI and estimated canopy cover with the UAV
during two dates in which the measurements and UAV data were ac-
quired the same day (April 27, May 24). A coefficient of correlation of
0.73 was observed, indicating good collinearity between both variables.
This is an important finding for physiological and irrigation studies
because LAI measurements are time consuming to determine manually,
and it will be more practical to estimate the canopy cover with a UAV.
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Fig. 6. Tomato crop height during the spring growing season estimated with the UAV system (fitted line) and manually measured in the field (data points) for the

Mikonos, Shourouq, and TAM-HOT varieties.

Table 1
Statistics for the differences between estimated and measured crop height in
each of the tomato varieties.

Variety Min (m) Max (m) Mean (m) Skew RMSE (m) 1.96 X RMSE
Tam-Hot  —0.085 0.072 0.002 —0.337 0.045 0.088
Shouroug —0.031 0.123 0.032 0.475 0.057 0.112
Mykonos  —0.069 0.121 0.043 —0.429 0.075 0.147

Crop height is also used to determine the vigor of the plant and it is
related with the amount of biomass accumulation.

The tomato height for the variety TAM-HOT, Shorouq, and Mykonos
as measured manually and estimated with the UAV for the medium row
is presented in Fig. 6. The plant height reaches a maximum around day
90th, and at this day the plants transfer nutrients from the leaves to the
fruits, and there is a reduction of plant height. The UAV data was fitted
to a sigmoid curve to obtain the estimated data in the dates of mea-
surements. The coefficient of correlation between the estimated and
measured crop heights were 0.9845, 0.9766 and 0.9949 for the TAM-
HOT, Shourouq and Mykonos, respectively. Descriptive statistics about
crop height difference between estimated and measured data such as
minimum, maximum, and mean height errors, skew values, RMSE va-
lues, and vertical accuracies (1.96 X RMSE) are listed in Table 1. The
range between minimum and maximum varied between —0.03 and
0.12m for the three varieties. The symmetry of the probability dis-
tribution of the crop height differences evaluated by means of the skew
value which is an indicator of asymmetry of the data is presented in
Table 1. When the skew value exceeds + 0.5, it is a strong indication of
asymmetry in the data. Therefore, the obtained results clearly indicate
that errors are normally distributed in each of the tomato varieties.
Crop height errors followed a normal distribution in the three varieties.
Despite some value differences which fell outside the range, those va-
lues did not affect the normal distribution of the data. Therefore, the
vertical accuracy data at 95% confidence level was calculated using the
equation 1.96 X RMSE and the results are listed in Table 1.

In addition, the calculated paired t test statistic with P-values of
0.8998, 0.1138, and 0.1119 with 8 degrees of freedom for the TAM-
HOT, Shourouq, and Mykonos, shows no significant difference
(P > 0.05) between crop heights estimated with the UAV and heights
measured manually. A RMSE of 0.045, 0.05 and 0.07 was observed for
the TAM-HOT, Shorouq and Mykonos varieties, respectively. Chang
et al., (2017) observed a RMSE of 0.33m for energy sorghum which
reaches crop heights of approximately 2.4 m.

4. Conclusions

This study proposed a methodology for measuring spatial and
temporal variations of crop height, canopy cover and NDVI values using
UAV data. An orthomosaic image was created for each flight date from
which a crop grid was used to delineate each variety plot. The crop grid
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was used to extract canopy cover and crop height for each tomato
variety during the growing season. The results showed a high correla-
tion between canopy cover estimated with the UAV and field measured
LA, indicating that canopy cover may be used for studies where crop
growth and LAI determinations are important. The tomato plant height
derived from UAV was compared to measured plant heights measured
manually. The calculated paired t test statistic showed no significant
difference (P > 0.05) between the estimated UAV and manually
measured crop heights. The RMSE values from estimated and measured
data indicated that UAV will be an efficient method to estimate plant
heights with an acceptable accuracy and it can be used for assessing
crop growth. In the future, UAV crop growth and NDVI monitoring
could be improved through temporally dense data acquisition, removal
of weather effects, and other systematic errors caused from image
quality and grid size.
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