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Abstract Leaf area index (LAI) is involved in biological, environmental and physio-
logical processes, which are related to photosynthesis, transpiration, interception of radi-
ation and energy balance. Thus, most crop models use LAI as a key feature to characterize
the growth and development of crops. However, direct measures of LAI are destructive and
tedious so that samplings can seldom be repeated in time and in space. Green canopy cover
(GCQ) is directly involved in crop growth and development. GCC estimation can benefit
from aerial observation, as it can be measured by using image analysis or estimated by
obtaining different vegetation indices. The main purpose of the second part of this paper
was to study the relationships between GCC and LAI by using aerial images from UAVs in
order to characterize crop growth. Also, the relationships between GCC and a vegetation
index based on the visible spectrum was calibrated and validated. Relationships between
LAIT and GCC, growing degree days (GDD) and GCC and GDD and LAI were calibrated
and validated for maize and onion crops with proper fitting. Visible atmospherically
resistant index also appears to be a sensitive indicator to different growing stages and could
generally be applied to any field crop. To apply this methodology, GCC and LAI rela-
tionships must be calibrated for many other crops in different irrigable areas. In addition,
the cost of the UAV is expected to decrease while autonomy increases through improved
battery life and reductions in the weight of on-board sensors.
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Introduction

Monitoring crop development is an important tool as farming decision support, since it
permits assessment of the most critical stages of growth. Phenological monitoring also
improves the understanding of crop development and growth processes (Viiia et al. 2004).
Most crop models use leaf area index (LAI) as a key feature to characterize the growth and
development of crops. LAI, is defined as one-sided area of leaf tissue per unit ground
surface area (Watson 1947). Due to the applicability of LAI in modelling, there is a need
for LAI estimation during a growing cycle. Also, LAI is involved in biological, environ-
mental and physiological processes, which are related to photosynthesis, transpiration,
interception of radiation and energy balance (Kucharik et al. 1998). Direct measures of
LALI are destructive and time consuming so that samplings can seldom be repeated in time
and in space. Several techniques of remote sensing have been developed to estimate LAI
from easy indicators, such as vegetation indices. These studies have indicated the need for
model calibration and validation and that high resolution images obtained with aerial
vehicles at low altitude over experimental plots are an excellent resource (Chen et al.
2004).

Green canopy cover (GCC) is directly involved in crop growth and development. Many
studies, such as Wright (1982), Allen et al. (1998) and Kato and Kamichika (2006),
determined the growth intervals based on the different slope of the GCC curve throughout
the progression of the crop cycle, considering GCC as the fraction of soil surface covered
by the crop canopy (Steduto et al. 2009). Also, GCC is related to soil and erosion, with the
atmosphere and transpiration, climate, plant stress agents and crop vegetation management
(Pereira and Allen 1999). Recognised models, such as Aquacrop (Steduto et al. 2009) use
GCC as the main parameter instead of LAI, developing an empirical relationship between
GCC and LAI obtained by regression.

Unmanned aerial vehicle (UAV) platforms offer new possibilities to agriculture in order
to obtain high spatial resolution imagery delivered in near-real time (Herwitz et al. 2004).
Green canopy cover estimation can benefit from this aerial observation, as it can be
measured by using image analysis. Spectral vegetation indices are widely used for tem-
poral and spatial variations in vegetation structure and biophysical parameters. Normalized
vegetation index (NDVI) is one of the most used in remote sensing applications related to
land cover studies (Pettorelli et al. 2005). However, NDVI saturates as a function of LAI or
GCC beyond a threshold value (Turner et al. 1999). Techniques that use only the visible
range of the spectrum for quantitative estimation of GCC, such as green vegetation index
(Vlgreen) and visible atmospherically resistant index (VAR ..n) have been proposed
(Gitelson et al. 2002; Stark et al. 2000). These indices have been applied to avoid the effect
of saturation experienced with NDVI. Some studies, such as those developed by Asrar
et al. (1989) and Baret and Guyot (1991) studied the correlations between different veg-
etation indices with LAI, green biomass and GCC.

The main purpose of the second part of this paper was to study the relationships between
GCC and LAI by using aerial images from UAVs in order to characterize crop growth.
Also, the relationship between GCC and a vegetation index based on the visible spectrum
was calibrated and validated.
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Materials and methods
Study area

The fields analysed were located in Tarazona de La Mancha (Albacete, Spain) in com-
mercial plots for two seasons: 2010-2011 and 2011-2012. The main crop characteristics
are shown in Table 1 for the two seasons. These maize and onion crops were both irrigated
using permanent solid set systems. The cultivation techniques applied were the typical
practices in this area for both crops. Sampling dates were selected according to the main
phenological and vegetation closure changes (Allen et al. 1998), which will determine
future crop biomass and yield rates.

Field work procedure

A procedure for field work for onion and maize was implemented (Fig. 1). Phenological
observations were performed at the same plots and sampling events. After sampling area
selection, the first step was to install targets for geo-referencing the final model (ortho-
photo or 3D terrain model). A sampling area of 1 000 m? was selected from the total flight
area for the different crop samples. For each flight event, three 1 m? plots (sampling plots)
from the 1 000 m? sampling area were randomly selected using the Latin-hypercube
method. Latin hypercube sampling procedure may be considered a particular case of
stratified sampling. Stratified sampling provides better coverage of the sample space for the
input factors. A 1 m? steel frame was used for delimiting each sample plot, which could be
perfectly detected in the images due to very high resolution. After locating the frames, the
flight was performed following the flight planning process described above. After the
flight, plants from each sampling plot were collected and transported to the lab for mea-
surements by separating plant components and measuring leaf area (LA) among other
variables. In each sampling event, the LA for completely extended individual leaves was
computed by using an automated infrared imaging system LI-COR-3100C (LI-COR Inc.,
Lincoln, Nebraska, USA). Six plants from each sampling plot were collected for both
maize and onion, as stated by Corcoles et al. (2013), which means 50 and 38 % of the total
number of plants in the sampling plot, respectively.

In each experimental plot, the total number of plants was counted in order to calculate
the LAI using Eq. 1.

LAI =LA - Np (1)

where LAl is leaf area index (m2 leaf m~2 soil), LA is leaf area (m2 plantfl), Np is Number
of plants per soil surface (number of plant m ™~ soil).

After field work, ortho-images were processed using the LAIC software in order to
obtain the GCC in each experimental plot.

Modelling

Traditionally, GCC is one of the most utilized indices for quantifying crop growth and
development because it is easy to determine with nadiral images taken with conventional
cameras. This paper establishes the relationships between GCC and other key components
of the crop growth and development, such as LAI, which are difficult to measure directly.
Understanding temporal and spatial variation in LAI is therefore essential for climate,
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Lab work for:
-Separation of plant organs (leaves, flower, stem, grains,...)
-Measurement of LAI

Fig. 1 Steps in field work data collection where GPS is global position system, UAV is unmanned aerial
vehicle and LA is leaf area

meteorological and hydrological modelling (Herbst et al. 2006). In mid-latitudes, crop
growth and development tends to follow a well-defined temporal pattern (Vifia et al. 2004).
So, temporal profiles of GCC and LAI can be used to characterize crop phenology by
evaluating their variability over time. In this study, in order to study inter-annual com-
parisons, different models based on growing degree days (GDD) were used to reproduce
the behaviour of LAI and GCC (Table 2). To account for the climatic differences among
years, the GCC and LAI was represented as a function of GDD, calculated with a base
temperature of 8 °C for maize (Kiniry. 1991) and 5 °C for onion (Lancaster et al. 1996).

The studied models were linear, polynomial (second and third order), logarithmic and
exponential-polynomial models. Exponential-polynomial models refer to polynomials
generated by operating on exponential functions by differentiation, or by expanding the
exponential into a power series in x (Bell 1934). All the proposed models were calibrated
using collected and measured data from season 2011-2012. The model that best fits
simulated with observed values is selected based on the highest coefficient of determi-
nation (R?) and the lowest standard error. Then, the selected model was validated with the
measured data in the previous season (2010-2011) which represent the third part of the
total collected data.
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Table 2 Models analysed for representing leaf area index (LAI), green canopy cover (GCC) and growing
degree days (GDD) relationships and their references

Relationship  Expression Reference
LAI-GCC Linear Gupta et al. (2000); Wang et al. (2004)
y=ax+b
Second order polynomial Tei et al. (1996); Corcoles et al. (2013); de Medeiros et al.
y=ax>+bx +c¢ (2001)
Logarithmic Nielsen et al. (2012)

y = (In(1—(x/a)*)c!
GCC-GDD  Second order polynomial Lopez-Urrea et al. (2012); Nuarsa et al. (2011)
y=ax’ +bx + ¢
Third order polynomial de Medeiros et al. (2000); Jovanovic and Annandale (1999);
y = (ax® + bx® 4+ cx +d) Lépez-Urrea et al. (2009)
Exponential-polynomial Steduto et al. (2009); Lofton et al. (2012)
y = exp(ax’ + bx + x)
LAI-GDD Second order polynomial Loépez (2004); Martin de Santa Olalla et al. (1994);
y=ax> +bx +c¢ Juskiw et al. (2001)
Third order polynomial Maturano (2002); Dutta et al. (2011); de Medeiros et al. (2000)
y:(ax3+bx2+cx+d)
Exponential-polynomial Tei et al. (1996); Srivastava et al. (2005)
y = exp(ax® 4+ bx + x)

Validation of the model

The validation of the model was done using independent data sets from the season 2010—
2011, which were not used in the calibration process. In validating the model, observed and
simulated values were compared. Model validation and performance was analysed with the
root mean squared error (RMSE) (Eq. 2) and coefficient of efficiency (E) (Nash and
Sutcliffe 1970; DeJonge et al. 2011) (Eq. 3) statistical indicators.

1 & 5
RMSE = m;(Oi—&) (2)

where O; are the observed values, S; are simulated values, N is the number of observations.
The units for RMSE were the same as that for O; and S; and the model fits improved when
RMSE is approaching zero.

Coefficient of efficiency was calculated following Eq. 3.

S (0= 8)
>, (0 -0y

where O; are the observed values, S; are simulated values, N is the number of observations,

E=1- 3)

O is the mean value of O;. Coefficient of efficiency (E) expressed how much the overall
deviation between observed and simulated values departs from the overall deviation

between observed values (O;) and their mean values O: the best model simulations
occurred when values are close to +1.
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Vegetation indices in the visible spectrum

Normalized vegetation index is the vegetation index most frequently used. However, when
the canopy is too sparse, the background spectral properties can affect significantly the
NDVI value, thus when the canopy is too dense, NDVI can also saturate (Gilabert et al.
2010). Alternative indices have been proposed for remote estimation of LAI (Gitelson et al.
2003) and GCC (Gitelson et al. 2002). As described in part I of this paper, some of them
are Vlgreen and VARI,;,. which only use bands in the visible region of the electromagnetic
spectrum. The main difference between the Vlgee, and VARIgee, is that VARIgeeq
introduces an atmospheric self-correction. According to Gitelson et al. (2002), VARIycey 18
more sensitive than Vlgeen to GCC estimation due to the introduction of the blue reflec-
tance. In this study, the relationships VARIg, versus GCC and VARIgee, versus LAI
were evaluated.

Results

Several crop indices and relationships between indices and crop characteristics were
established using the methodology and software developed for this study. These rela-
tionships can be used to calibrate satellite-based remote sensing crop measurements, to
predict yield and to determine the crop stage variability in a plot, among many other
applications. Some examples of the utility of the proposed methodology are described in
this section.

Analysis of LAI and GCC values

Leaf area index and GCC observed values through 2010-2011 and 2011-2012 seasons are
shown in Table 3 for maize. For 2011-2012 season (calibration season), LAI values
showed high variability at the first sample date. This can be explained by different rates of
leaf growth in the first phenological stage, where there were different sizes and numbers of
leaves per plant. Green canopy cover exceeded average values at the second sampling
event (12th July), when the third FAO-stage started and average LAI values were very
high, reaching more than 4.3 m* leaf m~2 soil. At the third sampling event, 1 198 GDD,
LAI and GCC reached maximum values after the period of maximum vegetative activity
(start of fruit growth). The maximum LAI value (4.6 m? leaf m ™2 soil) represented a GCC
of 95.4 %—common values for maize in this area (Maturano 2002). At this stage, the
lowest coefficient of variation (CV) of the experiment was obtained because plants after
flowering present similar growth rates meaning higher uniformity between sampling plots.
Green canopy cover showed similar behaviour to LAI: both parameters reached maximum
values after flowering and decreased quickly at maturity. However, although all leaves
dried, GCC values were around 12.0 % at 1 911 GDD. This could be caused by other green
portions, such as stems and bracts, supported by the crop during senescence.

Observed data at first sampling event for validation season, 2010-2011, did not show a
high variability as in 2011-2012. It could be due to the highest crop uniformity of growth
at the first phenological stages in this season. Maximum values of LAI and GCC, 5.31 m?
leaf m~2 soil and 89.2 % respectively, were observed at the second sampling event (1 244
GDD). From this sampling event, a decrease of LAI and GCC occurred coinciding with the
beginning of the fourth FAO-stage. However, the highest variability was found at this
moment, (from 1 412 GDD) due to the different rates of senescence along the sampling
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Table 3 Measured values of plant density, leaf area index (LAI) and green canopy cover (GCC) for maize

Density Leaf area index Green canopy cover
(plants/mz) (m? leaf m? soil) (%)
Individual Mean CV Plot Mean CV Plot Mean CV
sample sampling sampling
Season 2010-2011
Jun 22 10 9.50 21.91 0.80 0.87 9.54 20.43 21.37 4.44
“09" 9 0.95 2231
13 0.81 21.60
Aug 20 11 12.00 9.62 5.44 5.31 5.87 89.60 89.24 1.96
(1244 3 518 88.89
11 4.82 86.27
Aug 30 13 13.50 7.41 4.83 5.32 19.85 79.17 87.51 19.95
(1412) 14 5.80 95.85
15 3.70 60.94
Season 2011-2012
Jun 21 13 12.00 8.33 2.10 1.54 41.50  38.53 34.84 18.72
“28" 1.67 38.69
11 0.84 27.31
Jul 12 11 11.67 4.95 4.34 4.36 8.39 74.21 75.32 16.75
©98)"  1p 401 63.30
12 4.74 88.46
Aug 14 11 11.00 0.00 4.31 4.61 5.69 95.49 95.36 0.16
(198" 473 95.38
11 4.78 95.19
Aug 28 10 11.00 15.75 4.17 3.84 1890  61.58 58.56 6.38
(1455 3 433 59.72
10 3.01 54.38
Sep 10 13 13.33 4.33 3.32 2.88 29.09 36.19 37.23 6.50
(16400 3 341 39.99
14 1.91 35.50
Oct 03 13 12.00 8.33 0.00 0.00 0.00 13.88 11.58 19.16
91t 0.00 9.45
11 0.00 11.40

CV Coefficient of variation
* Growing degree days (GDD)

plot, which means that some plants reached their physiological maturity whereas the others
were at early-dough stage. The high intra-plot variability in this stage was observed in the
distribution of GCC obtained with the ortho-images and the LAIC software, as reported in

part I of this paper.

Table 4 shows plot sampling events for onion for 2010-2011 and 2011-2012 seasons.
In the first sample event of the calibration season (2011-2012), LAI values were 0.7 m’
leaf m~2 soil. For this season, LAI and GCC showed high variability, with CV values from
2.6 to 80.9 %. The highest variation was found at 966 GDD as ground closure and LAI
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Table 4 Measured values of plant density, leaf area index (LAI) and green canopy cover (GCC) for onion

Density Leaf area index Green canopy cover
(plants/mz) (m? leaf m? soil) (%)

Individual Mean CV Plot Mean CV Plot Mean CV
sample sampling sampling

Season 2010-2011

Jul18 58 5833 431 345 261 2800 4501 4096  8.77
(1303)" 56 226 39.73

61 2.12 38.15
ul29 57 5533 522 439 396 1052 59.90 5595 691
(1450 5 3.92 55.76

57 3.56 52.18
Aug 06 59 59.00 000 521 486 1034 69.90 64.86  11.00
(1561)" 59 450 59.81
Season 2011-2012
Jun20 46 4300 1415 125 072 7303 2738 1507 80.90
966" 47 0.73 14.82

36 0.19 3.00
ul12 38 3867 149 292 247 1802 4057 3348 2334
(1268)" 39 2.46 34.77

39 2.03 25.10
ul23 37 3833 301 3.63 365 260 5165 48.46  9.82
(1431)" 39 3.75 50.74

39 3.56 42.99
Aug 09 30 3233 644 3.16 359 1040  44.69 5062 11.78
(1685 34 3.81 56.62

33 3.80 50.55
Aug23 42 3833 1054 2.10 209 2135 3497 3717 972
(1939)* 39 253 3521

34 1.64 4134

CV Coefficient of variation
* Growing degree days (GDD)

depend on density, plant architecture and leaf posture. Due to different crop establishment
rates, density values showed high variability. There were also significant differences
between sampling plots caused by varying development states of the different sampling
plots: different sizes of leaves appeared in each plot through the vegetative growth.
According to LAI, there was higher heterogeneity in GCC for this first sampling event.
These results agreed with other studies, such as Corcoles et al. 2013 that reported similar
trends for onion crop. Physiological maturity is assumed to be at the time GCC decreases
to zero. Extrapolated from LAI-GCC data, senescence start time is assumed to be the time
when GCC decreases below a LAI = 3.6 m? leaf m ™2 soil. At this time, there was greater
uniformity in LAI and GCC as there were no new leaf blades at the onset of bulbing
(Jiménez 2008; Tei et al. 1996). After this stage, leaves continued to expand but then
started to die and, as a consequence, there was a progressive decrease in LAI, reaching a
final value of 2.1 m? leaf m ™2 soil (Jiménez 2008). At the end of the establishment stage,
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GCC was around 15.1 %, similar to values reported in Lopez-Urrea et al. (2009). Later in
the development stage, GCC increased, rapidly, reaching the maximum value (50.6 %)
when bulb growth and maximum LAI values occurred. After that, GCC decreased to
37.2 % during maturing of bulbs.

For the first sampling event of the validation season (2010-2011), average LAI values
were 2.61 m? leaf m~ soil and average GCC was 40.9 % without significant variability.
Maximum values of LAI, 4.9 m? leaf m~2 soil were found at the third sampling event
(1 561 GDD) when maximum GCC values were reached (64.9 %). However, GCC values
were close to the maximum at the second sampling event after accumulating at 1 450 GDD
(beginning of bulbing stage) which means that GCC remained for longer with maximum
values than LAI. These values were a little higher than those collected during 2011-2012
season. Some problems with the third sampling event impeded acquisition of data from one
of the three sampling plots, so data from two sampling plots were used.

Relationships between LAI and GCC

Different models were used to analyse the different relationships between LAI and GCC
for maize (Table 5) and onion (Table 6), which had different model fit values.

The maize case study

The second order polynomial models had the best fit between GCC and LAI with an
adjusted R? of 0.91 (p < 0.001) (Table 5; Fig. 2). The dispersion pattern of the residuals
followed a normal distribution and displayed homoscedastic behaviour.

Exponential models were reported by Hsiao et al. (2009) with a high R? for three site-
year experiments. However, no details were given on seeding and how GCC values were
obtained. Nielsen et al. (2012) suggested low seeding rates used by Hsiao et al. (2009) as
70 % was the maximum GCC reached at LAI = 3.0 m? leaf m 2 soil. So, this model was
used for low plant densities and it would not be representative for LAI values greater than
3.0 m? soil m~? leaf. It was also suggested using different relationships for higher seeding
rates, which would involve higher GCC values. Exponential models were not appropriate
for the results of this study, as LAl = 4.6 m? leaf m~2 soil and GCC = 95.4 %.

For maize, LAI did not increase much from GCC = 75.3 to 95.4 % (Fig. 2). The same
behaviour could be observed in other research (Nielsen et al. 2012), which reported that
maximum values of LAI were obtained with different GCC values. This means that
maximum LAI is maintained by the crop throughout maturity due to the changes in crop
structure, as leaves became more horizontal and efficiency of solar radiation interception is
increased (Lisazo et al. 2003). Thus, GCC is useful for determining the crop development
status during the initial stages of the crop, but is difficult to differentiate when GCC is
70.0 % or higher. The effect is similar to the saturation of NDVI (Calera et al. 2001). The
good agreement in the validation process between measured and simulated LAI using the
second order polynomial model for 2010-2011 season is also shown in the statistical
analysis given in Table 7, with high E obtained for these samples.

The onion case study

According to the models studied, linear equations presented the best fit (R* = 0.85,
p < 0.001). In all models studied, the dispersion pattern of residuals followed a normal
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Table 7 The root mean squared error (RMSE) and coefficient of efficiency (E) obtained in the validation
process for the selected green canopy cover (GCC)- leaf area index (LAI), GCC-growing degree days
(GDD) and GDD-LALI relationships for 2010-2011 growing season data

RMSE E RMSE E RMSE E
(m? leaf m? soil) (%) (m? leaf m? soil)
GCC-LAI GDD-GCC GDD-LAI
Maize 0.523 0.932 12.641 0.830 0.753 0.860
Onion 0.326 0911 9.052 0.791 0.664 0.816

distribution and present homoscedastic behaviour. According to these results, a linear
model can be considered the most suitable to describe the relationship between LAI and
GCC (Fig. 3). Similar studies concluded also that linear models have a high significant
fitting between LAI and GCC (Cércoles et al. 2013) with similar values of coefficient of
determination (R? = 0.84) as that obtained in this paper for onion crops. Moreover, others
authors, such as Gupta et al. (2000) and Calera et al. (2001) established a linear rela-
tionship between NDVI and LAI. Regarding the validation process, the linear model was
able to properly simulate the 2010-2011 season. This is shown by the low RMSE and high
E (close to 1.00) values (Table 7).

LAI and GCC patterns through the phenological cycle

Estimating and analysing the behaviour of LAI and GCC during the phenological cycle of
the crops could supply useful information to decision makers about which cultivation
techniques should be undertaken and at what time (Botella et al. 1997; Barker et al. 2010).
A crop model can be described as a quantitative scheme for predicting the growth,
development and yield of a crop, given a set of generic features and relevant environmental
variables (Monteith 1996).
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Fig. 3 Relationship between 4.5
leaf area index (LAI) and green
canopy cover (GCC) for onion
using linear model (solid line)
and second order polynomial
model (dashed line) according to
the expressions described in
Table 6
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Analysing GCC and LAI behaviour through the growing cycle using GDD, instead of
days after emergence, allows the application of the obtained results to different growing
seasons. Many models, such as AquaCrop (Steduto et al. 2009), not only are able to
simulate crop development using GDD, but also have a key feature of simulating GCC
instead of LA using canopy cover per seedling, canopy growth coefficient and maximum
GCC as known variables. Temporal patterns of GCC for both crops (Fig. 4 for maize and
Fig. 5 for onion) show phenological changes due to biomass accumulation, with a period of
early leaf development, a period of maximum canopy expression and a period of
senescence.

The case of maize crop

The relationships obtained between GCC and GDD showed that third order polynomial
models were considered the best fit (R? = 0.93, p < 0.001) (Fig. 4). For all models
studied, the dispersion pattern of residuals followed a normal distribution and homosce-
dastic behaviour.

Although an exponential-polynomial model showed the best statistical results
(R* = 0.96; p < 0.001), using this model to represent GCC versus GDD involves an
overestimation of maximum values of GCC. Exponential-polynomial models considered
104.77 % as maximum values of GCC at 1 031 GDD which is significantly higher than
expected ones. According to third order polynomial model, maximum GCC (95.08 %) is
reached at 961 GDD and lasts no longer than 179 GDD more (1 140 GDD in total) when
canopy closure starts to decrease below 90.0 %. The second order polynomial model
considers 85.82 % as the maximum value for GCC, which is much lower than values
obtained in experimental plots. Thus, according to maximum GCC timing and length, third
order polynomial models presented the best fit. Table 7 presents the statistics of the
simulated results for the validation process during season 2010-2011. Coefficient of
efficiency values of 0.83 and RMSE values of 12.64 % were due to the variability of GCC,
as with the same amount of required GDD (1 412 GDD), the range of GCC values varied
from 60.9 to 95.9 % in 2010-2011.
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Fig. 4 Relationship between green canopy cover (GCC) and growing degree days (GDD) for maize using
second order polynomial model (solid line), third order polynomial model (dashed line) and exponential-
polynomial function (dotted line) and relationship between leaf area index (LAI) and GDD for maize using
second order polynomial model (solid line and triangles), third order polynomial model (dashed line and
triangles) and exponential-polynomial function (dotted line and triangles) according to the expressions
described in Table 5
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Fig. 5 Relationship between green canopy cover (GCC) and growing degree days (GDD) for onion using
second order polynomial model (solid line), third order polynomial model (dashed line) and exponential-
polynomial function (dotted line) and relationship between leaf area index (LAI) and GDD for onion using
second order polynomial model (solid line and triangles), third order polynomial model (dashed line and
triangles) and exponential-polynomial function (dotted line and triangles) according to the expressions
described in Table 6

For the relationships between LAI and GDD combining all data, the second order or
higher of polynomial models were considered the best fitting, with the highest R* in third
order equations (R? = 0.91) (Fig. 4). Other studies, such as Maturano (2002) and Lopez
(2004), reported similar models (second order or higher) as best fitting due to their
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accuracy according to maximum canopy length and declining start point. More complex
models have been analysed but neither their statistical accuracy nor their agronomic
meaning increased substantially. In all cases, the dispersion pattern of residuals followed a
normal distribution and homoscedastic behaviour. Highest rates of LAI variability could be
found at third sampling event during 2010-2011 validation season, resulting in low E
values (Table 7). According to these results, it can be noted that LAI seems to be more
sensitive to different rates of senescence than GCC.

Representing selected models for LAI-GDD and GCC-GDD relationships allowed
observation of how the mentioned curves followed a similar trend (Fig. 4). Both param-
eters reached maximum values around 1 000 GDD, at the end of the reproductive stage.
When maturity occurred, both parameters started their decrease. LAI decreased below
0.5 m> leaf m™> soil from 1 879 GDD, while GCC is over 13 %. This could be due to
maintaining green structures after leaf senescence.

Although crop behaviour is properly represented by GCC, using LAI values may be
more accurate at certain times. Some crop models use GCC, such as AquaCrop (Steduto
et al. 2009), while others include the progression of LAI (Ritchie et al. 1989; Stockle et al.
2003; DeJonge et al. 2011). Thus, it is very important to understand the relationships
between the two variables and the moments where differences can appear. It is also
important to report findings at different developmental stages, which can be established
throughout the growing season using GCC.

The onion case study

In all models studied, the dispersion pattern of residuals followed a normal distribution and
homoscedasticity for analyses of the relationships between GCC and GDD (Fig. 5).
Adjustments obtained using third order polynomial and exponential-polynomial models
offer very good results (R* > 0.78, p < 0.001 for both cases).

The other models (i.e. the second order polynomial) obtained lower values for maxi-
mum GCC (48.61 %) than those expected (>50 %). Jovanovic and Annandale (1999)
defined third order models obtaining high statistical significance values. However,
according to the results obtained in this paper, third order polynomial models established
maximum values close to 52.3 %, which was higher than the values obtained. The
exponential-polynomial model had similar statistical results but showed lower maximum
values for GCC (51.0 %). Other authors, such as Tei et al. (1996), also reported expo-
nential-polynomial models describing later stages: when leaves overlap with neighbouring
plants, onion shows a small increase in ground cover with an increase in LAI. Thus,
exponential-polynomial models have the best performance with these variables. The values
of E and RMSE, 0.79 and 9.05 % respectively (Table 7), indicate an adequate performance
of the selected expo-polynomial model in the validation process.

For all LAI-GDD models, the dispersion patterns of residuals followed a normal dis-
tribution and had homoscedastic behaviour. The exponential-polynomial model was con-
sidered the best fit (R* = 0.90, p < 0.001) (Fig. 5). The second order polynomial models
underestimated maximum values of LAI; and the third order polynomial placed the
maximum value over 1 605 GDD, while sampling events determined that maximum values
were close to 1 500 GDD. Other studies that established the same relationships with
similar indices (LA, specific leaf area), had also used exponential models with high sta-
tistical significance (Tei et al. 1996). For the validation process, E and RMSE values also
showed adequate performance (Table 7) for LAI estimation (E = 0.79, RMSE = 9.05 m?
leaf m~? soil) during 2010-2011 season.
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Fig. 6 Relationship between GCC and VARI,;.., for maize and onion according to Table 8

Table 8 Calibration of the different studied models for maize and onion

Adjusted p value Standard
R? error
Maize
GCC (%) = 293.8 X VARIgeen + 67.13 0.946 ok 6.714
(see Fig. 6)
LAI (m” leaf m™ soil) = —33.24 x VARD .., 0.890 ok 0.581
+ 13.13 x VARIgeen + 3.917
VARIgee, = 2.715 x 107'° x GDD?* — 1.348 0.972 otk 0.016
x 107°GDD? + 1.82 x 107°GDD — 0.6534
Onion
GCC (%) = 279.1 x VARIgeen + 68.13 0.815 ok 6.294
(see Fig. 6)
LAI (m” leaf m~? soil) = 22.62 x VARIgen + 5.03 0.838 ok 0.470
VARIyeen + 1 = exp(3.452 x 1077 x GDD? 0.661 ot 0.028

+ 0.001083GDD — 0.9265)

LAI leaf area index, GCC green canopy cover, R’ Coefficient of determination
*#% p < 0.001

The progression of LAI and GCC values for the phenological cycle, using the models
selected, showed that maximum values for both parameters were reached during bulb
growth (third FAO-stage). In this stage, there was a high increase in absolute values from
the first to the second sampling event (from the end of vegetative growth to the start of

@ Springer



610 Precision Agric (2014) 15:593-614

Table 9 The root mean squared error (RMSE) and coefficient of efficiency (E) for the selected visible
atmospheric resistant index (VARIgeen)-green canopy cover (GCC), VARl eep-leaf area index (LAI) and
growing degree days (GDD)-VARIg., relationships validated for 2010-2011 growing season

RMSE E RMSE E RMSE E

(%) (m? leaf m—2 soil)

VARIgeen-GCC VARIgeen-LAI GDD-VARIecn
Maize 14.197 0.849 0.897 0.796 0.040 0.765
Onion 4.38 0.874 0.728 0.705 0.046 0.879

bulbing). Maximum LAI was reached before maximum GCC value (1 570 GDD for LAI
and 1 613 GDD for GCC), although GCC was located in the range of maximum values at
this moment. Therefore, LAI remained constant to the following sampling event, mean-
while GCC continued increasing to 648 GDD, although this increased rate was not as high
as the previous one (Fig. 5).

Relationships between spectral vegetation index and canopy parameters

Relationships between VARI e, versus LAI and GCC were studied for season 2011-2012
and validated for season 2010-2011. As expected and according to Vifa et al. (2004), a
linear model offered very good adjustments between VARIge, and GCC for both crops
(Fig. 6): R? was 0.89 and 0.82 for maize and onion respectively (p value < 0.001)
(Table 8). Similar results were reported by Gitelson et al. (2002) in both maize and wheat
fields. From the results and Fig. 6, linear models can be used to characterise the VARIgreen-
GCC relationship accurately regardless of the crop type, which eases its application in
remote sensing DSS.

Vifia et al. (2004) reported that the VARI .., was sensitive to GCC and to the amount
of chlorophyll present in leaves and thus pointed out the existing differences depending on
growing cycle for VARI .., and GCC relationships: at the earliest stages, in which the soil
is progressively covered by leaves and at senescence when leaves lose chlorophyll pro-
gressively. This pattern can be shown in this study with significant differences for GCC
over 60 % during the leaf drying process (see part I). Thus, in this study, positive values of
VARIgeen are found for GCC values higher than 60 % for maize, also fitting with the
results obtained by Rundquist et al. (2001) for two maize data sets collected during 1998
growing season. Maximum values of VAR e, (0.09) were reached at maximum GCC
values which could be related with the appearance of the tassel and the beginning of
reproductive stage, as from this moment VARI,.., decreased progressively to —0.21
corresponding to the minimum values of GCC.

Just as for maize, the onion crop maximum VARIge, values (—0.05) were found at
maximum GCC values (51.65 %) when the development of the harvestable vegetative
plant parts has started. In none of the sampling events were positive VARI.e, values
found, and no GCC values higher than 60 % existed.

Then, the linear model was evaluated for 2010-2011 season to perform model vali-
dation (Table 9). The predicted and measured GCC for nine observations were compared
for each crop. The results showed how the linear model was able to properly simulate the
relationship VARIc., versus GCC for both crops. This is shown by the low RMSE and
high E (higher than 0.80)
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Second order polynomial and linear models were studied for VARIg.e, versus LAI
relationships for maize and onion respectively (Table 8). The results showed very good
adjustments with R? values higher than 0.80. Also, the validation process with data obtained
from for 2010-2011 season was analysed (Table 9). The results showed good lationships for
the maize crop, although an under-prediction in the VARIyeen-LAI relationship for the onion
crop (RMSE = 0.73 m? leaf m~? soil and E = 0.71) should be noted.

Growing degree days and VARI., relationships were of the same type as those obtained
for GDD versus GCC for both crops (Table 8). Due to the characteristics of exponential-
polynomial functions and the negative value of VAR, index, a mathematical transformation
was required to represent this relationship. This transformation was that all VAR, values
were transferred to the positive axis by adding the value 1. Thus, to obtain simulated values, the
transformation should also be performed by subtracting 1 from the result of the model.

Conclusions

The use of high-resolution images obtained with UAVs together with proper treatment
might be considered a useful tool for precision monitoring of crop growth and develop-
ment, advising farmers on water requirements, yield prediction and weed and insect
infestations, among others. This approach could also be used for climate, meteorological
and hydrological modelling. It is necessary to couple the generated information with crop
models such as AquaCrop to assist farmers with the decision making process.

For maize without growth and development restrictions, the second order polynomial
models showed the best fit for relationships between LAI and GCC, while linear models
best fit the onion data. The models that related GDD with LAI and GCC for maize are third
order polynomial models. Maximum LAI values continue for maize throughout maturity,
while GCC shows greater variation. For onion, the relationships for GCC and LAI
throughout the growing cycle are represented by exponential-polynomial functions. This
crop reaches the maximum GCC value shortly after the maximum LAL

Visible atmospherically resistant index showed a linear relationship with GCC for both
crops, maize and onion, with similar coefficients. Thus, the same model can be applied to
other crops. Visible atmospherically resistant index also appears to be a sensitive indicator
to different growing stages.

To apply this methodology, GCC and LAI relationships must be calibrated for many
other crops in different irrigated areas. In addition, the cost of the UAV is expected to
decrease while autonomy increases through improved battery life and reductions in the
weight of on-board sensors.

Acknowledgments The authors would like to thank the Education Ministry of Spain for its financing with
a University Teaching Scholarship (Formacién de Profesorado Universitario, FPU) from Researching
Human Resources Education National Program, included in Scientific Researching, Development and
Technological Innovation National Plan 2008-2011 (EDU/3083/2009). We also wish to thank the Water
User Association SORETA located in Tarazona de La Mancha, Albacete, Spain and the Irrigation Users’
Association of “Eastern Mancha” for their support of this work.

References

Allen, R. G., Pereira, L. S., Raes, D., & Smith, M. (1998). Crop evapotranspiration. Guidelines for
computing crop water requirements., FAO Irrigation and drainage paper No 56 Rome: Food and
Agriculture Organization (FAO).

@ Springer



612 Precision Agric (2014) 15:593-614

Asrar, G., Myneni, R. B., & Kanemasu, E. T. (1989). Theory and applications of optical remote sensing. In
G. Asrar (Ed.), Estimation of plant canopy attributes from spectral reflectance measurements (pp.
252-296). New York: Wiley.

Baret, F., & Guyot, G. (1991). Potentials and limits of vegetation indices for LAI and APAR assessment.
Remote Sensing Environment, 35, 161-173.

Barker, D. J., Ferraro, F. P., La Guardia Nave, R., Sulc, R. M., Lopes, F., & Albrecht, K. A. (2010). Analysis
of herbage mass and herbage accumulation rate using Gompertz equations. Agronomy Journal, 102,
849-857.

Bell, E. T. (1934). Exponential polynomials. The Annals of Mathematics, 35(2), 258-277.

Botella, O., De Juan, J. A., de Santa, Martin, & Olalla, F. (1997). Growth, development, and yield of five
sunflower hybrids. European Journal of Agronomy, 6, 47-59.

Calera, A., Martinez, C., & Melia, J. (2001). A procedure for obtaining green plant canopy cover. Its relation
with NDVI in a case study for barley. International Journal of Remote Sensing, 22(17), 3357-3362.

Chen, X., Vierling, L., Rowell, E., & DeFelice, T. (2004). Using lidar and effective LAI data to evaluate
IKONOS and Landsat 7 ETM + vegetation cover estimates in a ponderosa pine forest. Remote Sensing
of Environment, 91, 14-26.

Céreoles, J. 1., Ortega, J. F., Hernandez, D., & Moreno, M. A. (2013). Estimation of leaf area index in onion
(Allium cepa L.) using an unmanned aerial vehicle. Biosystems Engineering, 115, 31-42.

de Martin Santa Olalla, F., Juan, J. A., & Fabeiro, C. (1994). Growth and yield analysis of soybean (Glycine
Max (L.) Merr.) under different irrigation schedules in Castilla-La Mancha, Spain. European Journal
of Agronomy, 3(3), 187-196.

de Medeiros, G. A., Arruda, F. B., Sakai, E., & Fujiwara, M. (2001). The influence of crop canopy on
evapotranspiration and crop coefficient of beans (Phaseolus vulgaris L.). Agricultural Water Man-
agement, 49, 211-224.

de Medeiros, G. A., Arruda, F. B., Sakai, E., Fujiwara, M., & Boni, N. R. (2000). Vegetative growth and
bean crop coefficient as related to accumulated growing-degree-days. Pesquisa Agropecudria Bra-
sileira, 35(9), 1733-1742.

Delonge, K. C., Andales, A. A., Ascough, J. C., & Hansen, N. C. (2011). Modeling of full and limited
irrigation scenarios for corn in a semiarid environment. Transactions of ASABE, 54(2), 481-492.
Dutta, A., Dutta, S. K., Jena, S., Nath, R., Bandyopadhyay, P., & Chakraborty, P. K. (2011). Effect of
growing degree days on biological growth indices of wheat and mustard. Journal of Crop and Weed,

7(1), 70-76.

Gilabert, M. A., Gonzalez-Piqueras, J., & Martinez, B. (2010). Remote sensing optical observations of
vegetation properties. In F. Maselli, M. Meneti, & P. A. Brivio (Eds.), Theory and applications of
vegetation indices (pp. 1-43). Scarborough: Research Signpost.

Gitelson, A. A., Kaufman, Y. J., Stark, R., & Rundquist, D. (2002). Novel algorithms for remote estimation
of vegetation fraction. Remote Sensing of Environment, 80(1), 76-87.

Gitelson, A. A., Vifia, A., Arkebauer, T. J., Rundquist, D. C., Keydan, G., & Leavitt, B. (2003). Remote
estimation of leaf area index and green leaf biomass in maize canopies. Geophysical Research Letters,
30(5), 1248-1251.

Gupta, R. K., Prasad, T. S., & Vijayan, D. (2000). Relationship between LAI and NDVI for IRS LISS and
LANDSAT TM bands. Advances in Space Research, 26(7), 1047-1050.

Herbst, M., Roberts, J. M., Rosier, P. T. W., & Gowing, D. J. (2006). Measuring and modelling the rainfall
interception loss by hedgerows in southern England. Agricultural and Forest Meteorology, 141,
244-256.

Herwitz, S. R., Johnson, L. F., Dunagan, S. E., Higgins, R. G., Sullivan, D. V., Zheng, J., et al. (2004).
Imaging from an unmanned aerial vehicle: agricultural surveillance and decision support. Computers
and Electronics in Agriculture, 44, 49-61.

Hsiao, T. C., Heng, L., Steduto, P., Rojas-Lara, B., Raes, D., & Fereres, E. (2009). AquaCrop—the FAO
crop model to simulate yield response to water: III. Parameterization and testing for maize. Agronomy
Journal, 101(3), 448-459.

Jiménez, M. (2008). La distribucion de agua bajo riego por aspersion estacionario y su influencia sobre el
rendimiento del cultivo de cebolla (Allium cepa L.) (Water distribution under sprinkler irrigation and
its influence on onion yield (Allium cepa L.)) (PhD Dissertation. Technical High School of Agricultural
Engineering. University of Castilla-La Mancha, Albacete, 2008). (In Spanish).

Jovanovic, N. Z., & Annandale, J. G. (1999). An FAO typo crop modification to SWB for inclusion of crops
with limited data: Examples for vegetables crops. Water SA, 25(2), 181-190.

Juskiw, P. E., Jame, Y. W., & Kryzanowski, L. (2001). Phenological development of spring barley in a
short-season growing area. Agronomy Journal, 93(2), 370-379.

@ Springer



Precision Agric (2014) 15:593-614 613

Kato, T., & Kamichika, M. (2006). Determination of a crop coefficient for evapotranspiration in a sparse
sorghum field. Irrigation and Drainage, 55(2), 165-175.

Kiniry, J. R. (1991). Modeling plant and soil systems. In J. Hanks & J. T. Ritchie (Eds.), Maize phasic
development (pp. 55-70). Madison: American Society of Agronomy, Crop Science Society of
America, Soil Science Society of America.

Kucharik, C. J., Norman, J. M., & Gower, S. T. (1998). Measurements of branch area and adjusting leaf area
index to indirect measurements. Agricultural and Forest Meteorology, 91, 69-88.

Lancaster, J. E., Triggs, C. M., De Ruiter, J. M., & Gandar, P. W. (1996). Bulbing in onions: photoperiod
and temperature requirements and prediction of bulb size and maturity. Annals of Botany, 78(4),
423-430.

Lisazo, J. L., Batchelor, W. D., & Westgate, M. E. (2003). A leaf area model to simulate cultivar-specific
expansion and senescence of maize leaves. Field Crop Research, 80, 1-17.

Lofton, J., Tubana, B. S., Kanke, Y., Teboh, J., Viator, H., & Dalen, M. (2012). Estimating sugarcane yield
potential using an in-season determination of normalized difference vegetative index. Sensors, 12,
7529-75417.

Lopez, H. (2004). Modelizacién de la respuesta agronémica del cultivo del maiz (Zea mays L.) a la dosis de
nitrégeno (Agronomic modelling of maize (Zea mays L.) response to nitrogen fertilization).(PhD
Dissertation. Technical High School of Agricultural Engineering. University of Castilla-La Mancha,
Albacete, 2004). (In Spanish).

Lopez-Urrea, R., de Santa, Martin, Olalla, F., Montoro, A., & Lopez-Fuster, P. (2009). Single and dual crop
coefficients and water requirements for onion (Allium cepa L.) under semiarid conditions. Agricultural
Water Management, 96, 1031-1036.

Lopez-Urrea, R., Montoro, A., Maiias, F., Lopez-Fuster, P., & Fereres, E. (2012). Evapotranspiration and
crop coefficients from lysimeter easurements of mature ‘Tempranillo’ wine grapes. Agricultural Water
Management, 112, 13-20.

Maturano, M. (2002). Estudio del uso del agua y del nitrogeno dentro del marco de una agricultura
sostenible en las regiones maiceras castellano-manchega y Argentina (Study of water use and nitrogen
within the framework of sustainable agriculture in maize-growing areas of Castilla-La Mancha and
Argentina) (Ph.D. Thesis, Technical High School of Agricultural Engineering, University of Castilla-
La Mancha, Albacete, 2002). (In Spanish).

Monteith, J. L. (1996). The quest for balance in crop modelling. Agronomy Journal, 88, 695-697.

Nash, J., & Sutcliffe, J. V. (1970). River flow forecasting through conceptual models part I-A discussion of
principles. Journal of Hydrology, 10(3), 282-290.

Nielsen, D. C., Miceli-Garcia, J. J., & Lyon, D. J. (2012). Canopy cover and leaf area index relationships for
wheat, triticale, and corn. Agronomy Journal, 104(6), 1569-1573.

Nuarsa, I. W., Nishio, F., & Hongo, C. (2011). Relationship between rice spectral and rice yield using Modis
data. Journal of Agricultural Science, 3(2), 80-88.

Pereira, L. S., & Allen, R. G. (1999). CIGR Handbook of Agricultural Engineering, Vol. I: Land and Water
Engineering. In H. N. van Lier (Ed.), Irrigation and Drainage (pp. 213-262). St. Joseph: ASAE.

Pettorelli, N., Vik, J. O., Mysterud, A., Gaillard, J.-M., Tucker, C. J., & Stenseth, N. C. (2005). Using the
satellite-derived NDVI to assess ecological responses to environmental change. Trends in Ecology &
Evolution, 20, 503-510.

Ritchie J., Singh U., Godwin D., & Hunt L. (1989). CERES-Maize V.2.10: user’s guide for maize crop
growth simulation model (Vol. 2). East Lansing: Michigan State University.

Rundquist, D., Gitelson, A. A., Derry, D., Ramirez, J., Stark, R., & Keydan, G. P. (2001). Remote estimation
of vegetation fraction in corn canopies. In G. Grenier & S. Blackmore (Eds.), Proceedings of the 3rd
European conference on precision agriculture (pp. 301-306). Montpelier: Agro Montpelier.

Srivastava, A. K., Chakravarty, N. V. K., Sharma, P. K., Goutom Bhagavati, Prasad, R. N., Gupta, V. K,
et al. (2005). Relation of growing degree-days with plant growth and yield in mustard varieties grown
under semi-arid environment. Journal of Agricultural Physics, 5(1), 23-28.

Stark, R., Gitelson, A. A., Grits, U., Rundquist, D., & Kaufman, Y. (2000). New technique for remote
estimation of vegetation fraction: principles, algorithms and validation. Aspects of Applied Biology, 60,
241-246.

Steduto, P., Hsiao, T. C., Raes, D., & Fereres, E. (2009). AquaCrop-The FAO crop model to simulate yield
response to water: 1. Concepts and underlying principles. Agronomy Journal, 101, 426-437.

Stockle, C. O., Donatelli, M., & Nelson, R. (2003). Cropsyst, a cropping systems simulation model.
European Agronomy Journal, 18, 289-307.

Tei, F., Scaife, A., & Aikman, D. P. (1996). Growth of lettuce, onion, and red beet. 1. Growth analysis, light
interception, and radiation use efficiency. Annals of Botany, 78, 633-643.

@ Springer



614 Precision Agric (2014) 15:593-614

Turner, D. P., Cohen, W. B., Kennedy, R. E., Fassnacht, K. S., & Briggs, J. M. (1999). Relationships
between leaf area index and Landsat TM spectral vegetation indices across three temperate zone sites.
Remote Sensing of Environment, 70, 82-98.

Vifa, A., Gitelson, A. A., Rundquist, D. C., Keydan, G., Leavitt, B., & Schepers, J. (2004). Monitoring
maize (L) phenology with remote sensing. Agronomy Journal, 96(4), 1139-1147.

Wang, Q., Adiku, S., Tenhunen, J., & André, G. (2004). On the relationship of NDVI with leaf area index in
a deciduous forest site. Remote Sensing of Environment, 94, 244-255.

Watson, D. J. (1947). Comparative physiological studies in the growth of field crops. Variation in net
assimilation rate and leaf area between species and varieties, and within and between years. Annals of
Botany, 11, 41-76.

Wright, J. L. (1982). New evapotranspiration crop coefficients. Journal of the Irrigation and Drainage
Division-ASCE, 108(1), 57-74.

@ Springer



	Applications of georeferenced high-resolution images obtained with unmanned aerial vehicles. Part II: application to maize and onion crops of a semi-arid region in Spain
	Abstract
	Introduction
	Materials and methods
	Study area
	Field work procedure
	Modelling
	Validation of the model
	Vegetation indices in the visible spectrum

	Results
	Analysis of LAI and GCC values
	Relationships between LAI and GCC
	The maize case study
	The onion case study
	LAI and GCC patterns through the phenological cycle
	The case of maize crop
	The onion case study
	Relationships between spectral vegetation index and canopy parameters

	Conclusions
	Acknowledgments
	References


