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Leaf Area Index (LAI) is one of the most important biophysical properties of a crop, used in detecting long-term
water stress, estimating biomass, and identifying crop growth stage. Remote sensing based LAI estimation
techniques perform well for early growth stages but tend to produce high error during the crop reproductive
stage due to canopy closure. Moreover, estimation of the true LAI from individual leaf measurements remains a
challenge. Consequently, two alternate methods have been developed and compared for estimating the LAI of a
maize crop using top-of-canopy RGB images collected throughout the growing season using a hexacopter. Both
methods used the RGB images to estimate the canopy height and the green-canopy cover together with a ‘vertical
leaf area distribution factor’ (VLADF) from allometric relations (using crop height from RBG images and days
after sowing). The first method used an empirical approach to estimate the LAI from training a linear function of
the above inputs to Licor canopy analyser values of LAI. The method was trialled for a research farm located in a
semi-arid area of southern peninsula India and found to have validation results with an R? of 0.84 and RMSE of
0.36 for the unused portion of the Rabi (post-monsoon) season data of 2018-19, and R? of 0.77 and RMSE of 0.45
for the Rabi 2019-20 season data when compared with Licor LAI values. While seemingly acceptable, the Licor
canopy analyser gives a foliage area index and so the accuracy of this model was very low (R? of 0.56 and RMSE
of 1.34) when evaluated with true LAI from manual measurements of the leaf area. Consequently, a refinement
was introduced using only VLADF, green-canopy cover estimates from the RBG images, and a field measured top
leaf angle. The output derived from this conceptual model had an R? of ~0.6 and RMSE of 0.73 when compared
with the true LAI values. Importantly, the LAI from this conceptual model was found to be unaffected by canopy
closure during the reproductive stage of the crop.

1. Introduction

Leaf Area Index (LAI) is a biophysical property that reflects the
health of the crop (Bryson et al., 1997). It largely depends on the crop
growth stage, crop height, architecture of the leaves and density of the
plants (Vose et al., 1994), but can also be affected by short-term water
stress due to leaf rolling (Chen et al., 1992). Importantly, an increase in
the LAl represents an increase in the leaf stomatal area and thus gaseous
exchanges between the crop and the vegetation (Patane, 2011).
Accordingly, various crop models use LAI to calculate ‘light use effi-
ciency’ of the vegetation and to simulate the energy balance equations,
and to enable understanding of the physical processes that occur

between plants and the environment (Bonan et al., 1993; Running et al.,
1988; Qu et al., 2016; Drewry et al., 2010).

The most accurate method to find the LAI of any area is termed the
‘direct method’, involving the destructive sampling of leaves, which is
very time consuming and labour-intensive (Dufrene et al., 1995; Behera
et al., 2010). Conversely, indirect methods are approximations and so
use terms like foliage area index, effective plant area index (Garrigues
etal., 2008), vegetation area index (Fassnacht et al., 1994), effective leaf
area index (Chen et al., 1991) etc. However, the term ‘LAI’ is often used
in the case of indirect measurements, even though indirect methods are
affected by non-leafy parts of the canopy. Fortuitously, it has been
shown that the LAI obtained from instruments such as the Licor-2000 or
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Licor-2200 canopy analyser is correlated with LAl measurements from
the direct method (Stroppiana et al., 2006; Liu et al., 2010). However,
literature shows that it is difficult to estimate the true LAI from indirect
techniques at the reproductive stage (Raj et al., 2020) because of canopy
closure resulting in signal saturation (Bendig et al., 2015).

In the case of maize, the canopy closure may occur between the late
vegetative stage and the silking stage of the crop (Martin et al., 2007).
Accordingly, only minimal changes in the top of the canopy are visible
through RGB images due to canopy closure, and so these images do not
represent the changes occurring inside the canopy. For example, the top
layer of the canopy does not change much during the dough stage but
the leaves in the bottom layer of the canopy start drying (Valentinuz
etal., 2004). Accordingly, the early drying process of bottom leaves with
respect to top leaves results in a decrease in LAI of the canopy. While
these canopy changes are not immediately obvious from top-of-canopy
observations in the visible spectrum, they can to some extent be esti-
mated from the infrared spectrum due to changes in the chemical
properties of the crop from stage to stage (Raychaudhuri et al., 2007).

Some examples of use of visible and infrared data for LAI mapping
studies based on UAV technology include Duan et al. (2019), who have
used visible and near-infrared multiband data to find the true LAI of rice
crops using the Fourier spectral energy percentage method. The R? and
RMSE between the estimated and true LAI was found to be around 0.75
and 1.22, respectively. However, the algorithm showed saturation of the
NDVI during canopy closure. In another research, Li et al. (2019) used
UAV-based high resolution RGB imagery to estimate the true LAI of a
rice crop using various machine learning approaches on derived color
indices and image texture. The random forest algorithm showed the best
result with an R? and RMSE of 0.84 and 0.87, respectively. Further, Tian
et al. (2017) has compared the mangrove foliage LAI (ground truth
collected using a Licor-2200 plant canopy analyser) obtained from
Worldview-2 imagery and UAV-based multispectral data. The linear
regression model implemented on the indices dataset shown improved
results in the case of UAV data, with an R? and RMSE of 0.817 and 0.423,
respectively. In another research, Tao et al. (2020) used drone-based
hyperspectral data to estimate winter wheat LAI through vegetation
indices and red-edge parameters. The best result was obtained from a
partial least square regression algorithm with R? and RMSE ranging
from 0.64 to 0.76 and 0.45-0.96, respectively in various growth stages.
Mathews and Jensen (2013) used a complex technique called structure
from motion (SfM), in which drone-based RGB images were processed to
get height metrics that were then correlated with foliage LAI of a vine-
yard canopy. The model performed with R? and RMSE of 0.56 and 0.23,
respectively. Despite these studies showing that fusion of different data
types can help identify changes in vegetation and thus improve LAI
estimation, the RMSE of these methods remain high, limiting their use
for farm-level decisions (Kimm et al., 2020). To overcome such limita-
tions, this paper has developed a new method for estimating the LAI of
maize crops from top-of-canopy drone-based RGB images using derived
crop height, green-canopy cover, and a ‘vertical leaf area distribution
factor’ (VLADF) lookup table.

2. Materials and methods

In this study, both an empirical and conceptual model are developed,
with inputs of 1) height of the canopy; 2) green-canopy cover (GCC) and
3) the VLADF, which connects the top leaf area to the bottom part of the
canopy leaf area. Data on the structural properties of the crop (top leaf
angles, and plant leaf area at different crop height and at different
growth stages) was intensively collected for two years and used here for
development of the VLADF. The height of the canopy was derived from a
digital surface model (DSM) of the farm. The DSMs were generated using
Agisoft® Metashape software (AgiSoft PhotoScan Professional, 2016).
GCC was estimated through a green pixel based classification model. LAI
data were collected using manual measurements and a Licor LAI-2200C
instrument which was operated according to the method explained by
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Danner et al. (2015).

The empirical model was trained on the Licor 2200C canopy analyser
data using a linear combination of the inputs described above. The
conceptual model was developed using only VLADF and products
derived from drone-based images, without using any training data. The
framework of the research is shown in Fig. 1.

2.1. Site description and data acquisition

The study was conducted on a maize crop (Scientific name: Zea mays
L.; Variety: Cargil 900 M (gold)) in a research farm of the Agro Climate
Research Centre, Professor Jayashankar Telangana State Agricultural
University, Hyderabad, Telangana, India. The study area is a semi-arid
region that lies between 17°19'27.2"N 17°19'28.3"N  and
78°23'55.4"E — 78°23'56.2"E as shown in Fig. 2(a). The data collection
was undertaken from Nov 2018 to Feb 2020, including two winter
growing seasons, locally known as Rabi. The research farm was divided
into 4.2 m x 4.8 m subplots that were treated with three different water
and nitrogen levels to enable the subplots to be at low, medium and high
water and fertiliser stress conditions. The three different water and ni-
trogen treatments along with three replications of each treatment
resulted in a total of 27 subplots, as shown in Fig. 2 (b). The plant
spacing of 20 cm and row spacing of 60 cm of each subplot resulted in a
plant density of ~8.33 plants per m2. Table 1 shows the type of data
collected from the farm.

Drone-based RGB images were captured periodically from a height of
25 m. An overlap of 70-80% at the front and 50-70% at the side was
maintained in consecutive images captured by the drone-mounted
camera. This overlap ensured creation of a quality orthomosaic (Raj
et al., 2019). In the 2018-19 Rabi season, a ‘Canon IXUS’ camera was
used, and in the Rabi 2019-20 season, a ‘Micasense Altum’ camera was
used, because the Canon camera was damaged in the last flight of the
2018-19 season.

The LAI of each plot was recorded using a Licor 2200-C canopy
analyser with a 270° view angle cap and three ‘below’ canopy readings
per plot on the same day of each flight. Various canopy structural
properties such as top leaf angle, leaf area and height of the canopy were
also recorded during different growth stages. Five plants (four plants
from the corners and one plant from the center) from each of the nine
plots were chosen, and the area of every leaf calculated based on the
lengths and widths of the leaves as shown in Fig. 3. No destructive
sampling was done to record the lengths and widths of the leaves. The
per-plant total leaf area of these five plants was averaged and multiplied
with the number of plants in the respective plots. The total leaf area in a
plot was then divided by the plot ground area, being 4.2 m x 4.8 m. The
LAI calculated using this method was assumed to be the closest possible
to the true LAI and termed LAILctyal.

2.2. Green-canopy cover, canopy height, and VLADF model creation

The airborne images were processed in the Agisoft® Metashape
professional software to create an orthomosaic and to derive a DSM of
the research farm (Ajayi et al., 2017). The data of the Rabi 2018-19
season were manually geotagged using ground control point coordinate
information in the Agisoft software, for aligning the photos and creating
a sparse point cloud. Subsequently, all unwanted areas from the farm
point cloud were removed and only the area of interest retained for
further processing. Later, dense point clouds were built and fed as input
for creation of the farm orthomosaic and DSM for various dates. The
orthomosaic and DSM were subsequently used to obtain the green crop
cover (GCC) and the canopy height, respectively. GCC, canopy height
and VLADF were fed as input to the LAI estimation models. The devel-
opment of these three inputs is discussed in the following sections.

2.2.1. GCC estimation model
The orthomosaics created by Metashape® were imported into the
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Fig. 1. Features derived from drone-based red-green-blue (RGB) data including canopy height and green-canopy cover (GCC) together with vertical leaf area dis-
tribution factor (VLADF) values (a lookup-table derived from canopy architectural properties data), are used as input to the LAI estimation models. The empirical LAI
estimation model was trained with canopy analyser data, and results compared with the conceptual LAI estimation results, and with manually measured LAI from
calculating the area of all the leaves. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 2. (a) Geographical location of the farm, located in a semi-arid zone in the southern part of India. (b) Layout of the research farm as seen from the drone, which

can capture leaf-level high-resolution (around 1 cm? pixel resolution) images.

QGIS® software, and every subplot extracted from the respective
orthomosaic using a subplot shapefile. To estimate the GCC of subplots,
the subplot RGB image was first converted into an HSV (hue/saturation/
value) colour space. This colour space image was used for classification
based on the colour of the object. In this image type, the hue channel was
used to decide the colour type; the saturation channel represented
shades of that colour; and the value channel represented the brightness
of the colour. Using HSV images, the green pixels that represent the
green-canopy were classified from each subplot as shown in Fig. 4 (a),
and the GCC fraction calculated using

number of green pixels in a subplot
Total number of pixels in a subplot’

@

Green canopy cover fraction =

2.2.2. Canopy height estimation model
The DSM shown in Fig. 4 (b) was used as an input to the height

estimation model. This DSM was exported from Metashape® as a TIFF
file and imported into the QGIS® software. All the plots were cut out and
analysed individually in QGIS®. The Otsu method (Otsu, 1979) was then
used to separate all the pixels that represent the canopy area in indi-
vidual plots.

Fig. 5 represents the process of estimating the canopy height from the
cropped DSM of the individual plot. Fig. 5(a) is the DSM of one of the
plots (plot number 27) for 19 Dec 2018. The average of the lowest five
percentile elevation in Fig. 5(a) was assumed to portray the ground
elevation in that plot (Fig. 5(f)) using a histogram of the DSM (Fig. 5(b)).
Since two classes were present (canopy and ground) in the DSM, two
Gaussian curves were present in the histogram. The histogram was
smoothed using the probability density function (Fig. 5(c)) with the
elevation value at the peak of the canopy Gaussian curve assumed as the
threshold to classify the canopy pixels from ground pixels. An example
of the classified DSM is shown in Fig. 5(d), with the average canopy
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Table 1

Data collected from the research farm and their respective uses in this research.

Data Instrument used Pixel size/ Number Use of the data
of samples per plot
High spatial Hexacopter- Pixel size <2 cm Input for remote
and temporal mounted Canon estimation of the
resolution IXUS (Rabi crop height and
top-of- 2018-19 season), the green-canopy
canopy RGB and Micasense cover fraction
images Altum (Rabi
2019-20 season)
Foliage LAI Licor Canopy Three ‘below’ Training of the
analyser Model: canopy readings per  LAI Model
2200-C plot, and frequent
readings for
atmospheric
correction
Canopy height Metre scale An average height Used as ground
of five plants per truth data to
plot is used to validate the
represent the height ~ height estimation
of the canopy of one  model
plot
Top leaf angle Clinometer mobile Leaf angles of top Used to create the
application 5-6 leaves from five ~ VLADF model
plants per plot
True LAL The lengths and Five plants per plot To calculate the

widths of leaves
were measured
using a scale, as
shown in Fig. 3

for nine plots are
recorded (one time)

actual LAI of the
plot for validation
of all of the LAI
models

Total leaf area = Area 1 + Area 2 + Area 3

T
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elevation found by averaging all the pixel values above the T° threshold
height (Fig. 5(e)), and the estimated height of the canopy calculated by
subtracting ground elevation from canopy elevation (Fig. 5(g)).

This method was applied to all of the plots for all orthomosaic’s over
the study period. This method yielded an RMSE of 10 cm for the initial
growth stages and an RMSE of around 20 c¢m for the maturity stage. The
error in estimated canopy height was considered acceptable because the
ground truth height against which it was compared had a standard de-
viation of ~15 cm for the crop at the silking stage. The analysis result of
the canopy height estimation model is shown in Fig. 6.

2.2.3. VLADF model

The VLADF model developed here uses the crop sowing date and
canopy height to provide a factor which relates canopy total leaf area to
top-of-canopy leaf area visible from the drone-based image. A lookup
table created for use with this model was subsequently used for esti-
mating the maize LAI from drone-based top-of-canopy RGB images
without requiring any further ground data collection.

The camera mounted on the drone can only see the ground-projected
leaf area of the top-of-canopy leaves, as illustrated in Fig. 7. The average
top leaf angle value can be used to convert this projected area into the
actual top leaf area using

Projected leaf area (A)
Sind

Top of the canopy leaf area = 2)

The average leaf angle value can be noted from the farm at the time
of flying the drone (using a clinometer), or taken from the graph in Fig. 8
(a), created in this research from the farm data collected during the Rabi
2018-19 and 2019-20 seasons. It should be noted that the standard
deviation of the average top leaf angle at different growth stages was
between 7° (for the initial growth stages) and 12° (for the later growth

24 73] EFFE

(L-D)/2

>

(L-D)/2 " D=0.12xL

<

v

Total Leaf Length (L)

Fig. 3. Calculation of the actual area of a leaf by using the length and width of the leaf, measured at different locations. Area is calculated based on the geometric

formulae shown.

Fig. 4. (a) Image thresholding using the hue, saturation and value (HSV) method to calculate the green-canopy cover fraction, as seen from a top-of-the-canopy
image; and (b) digital surface model (DSM) of the plot made from 7 Jan 2019 RGB images. (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)
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background pixels. The height at which the peak of the canopy class is observed is selected as the threshold to separate high canopy pixels. The average of these high
elevation pixels (considered as top of canopy pixels) is then subtracted from the lowest five percentile elevation pixels (considered as ground elevation) to obtain the

canopy height of the plot.
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Fig. 6. (a) Box-whisker plot of measured and estimated canopy heights where the centre part (box) represents the middle 50 percentile of the data set (horizontal line
in the box represents median value) and the whiskers represent the lower and upper quartile of the data, and (b) RMSE of the estimated canopy height.

stages). The lengths and the widths of the leaves along with the leaf
angles were calculated to determine the actual leaf area in a plant. This
information was used to develop the VLADF, and to compare the esti-
mated LAI with the actual/true LAIL

In developing the VLADF, information about the leaf area (collected

from the data of the Rabi 2018-19 season) were used to relate the top-of-
canopy leaf area with the full canopy leaf area. The following steps were
used to determine the VLADF:
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Fig. 7. Image representing the relationship
between the projected top leaf area (X) - as
approximated by the average of top leaves -
to the actual top leaf area (X/Sin6). The top
part (T) of the canopy is visible from drone-
based images, however the bottom part (B)
of the canopy is not visible in the images.
The complete leaf area that is based on the
top section leaf area is therefore calculated
by a factor obtained from the VLADF. As an
example, the image to the right is a view of a
plot in which the visible leaf area is the
projected area.
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Fig. 8. (a) Top-of-canopy average leaf angle based on the days after sowing (DAS) and the canopy height; (b) A VLADF graph based on the DAS and the canopy
height. The graphs are used as lookup table to find the average VLADF factor for a canopy which is based on height and age of the crops. The shaded area represents
uncertainity of the values within 75% confidence limits as approximated by +1.15*SD of the dataset.

(i) Divide the vertical profile of the plant into two sections based on
the height and the age of the plant (Days after Sowing - DAS). The
top section depth is determined based on the depth that is
captured by the drone-based camera. The top part of the plant is
denoted by T, and the bottom part is denoted by B (Fig. 7).
Find the total leaf area of part T (arear) and part B (areag). Scale
the leaf area of part T to ‘one’ and, accordingly, find the factor for
the leaf area of part B separately for height and DAS-based
analysis. The separate calculation of VLADF for height and DAS
is vital, because at the same DAS plants can have different
heights.

(iii) The final value of VLADF is obtained after averaging the height-

and DAS-based VLADF by using

(i)

VLADF gy = 1 + 2298 3)
arear

VLADF s = 1+ 2228 )
arear

VLADF eign + VLADF psg

VLADF =
2

(5)

The VLADF values used were from a lookup table based on the graph
shown in Fig. 8 (b) (created from the data of 2018-19 Rabi season). If
the DAS is known it can be directly used in the model; otherwise tech-
niques such as those explained in Sadeh et al. (2019) can be used to
estimate the DAS information.

Same DAS crop can have a different canopy height depending on the
input resources provided to the crop. Moreover, once the crop reaches
canopy closure (mostly after flowering/tasseling stage) the number of
leaves and area of the leaves stops growing. As the crop moves towards
the maturity stage, the leaves start drying and the total leaf area starts
decreasing. During the tasseling-silking stage, the maize canopy struc-
ture becomes consistent with slightly decreasing nature of VLADF. The
relatively consistent leaf area during the tasseling-silking stage resulted
in the approximately same VLADFp,g values around DAS 80. The lookup
table (graphically shown in Fig. 8) can be used for any future VLADF
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value determination and ground-truth data related to canopy height,
leaf area, and leaf angle need not be collected again..

The input of DAS to the VLADF model acts as a proxy indicator of the
leaf area changes with respect to growth stage of the crop. The VLADF
model also incorporates the fact that canopies in the same growth stage
can be of different heights with different vertical leaf area distributions.
Therefore, the average of the height and the DAS-based factors is taken
as the VLADF value to be used. This proposed VLADF model can be used
for all maize cultivars having similar growing degree day (GDD) char-
acteristics with no further field data collection needed for imple-
mentation of this model. To further improve the model, the DAS could
be replaced with GDD. However, in that case the farm-level diurnal at-
mospheric temperature is required to calculate the GDD.

2.3. The LAI estimation models

2.3.1. Empirical model

The empirical LAI estimation model developed in this paper used the
estimated canopy height, GCC, and the VLADF as input. These three
inputs capture all of the physical parameters that can impact the LAI of
the canopy. However, the contribution of GCC to the model is insignif-
icant when the top-of-canopy leaf area is saturated due to canopy
closure. The contribution of the canopy height is also minimal when the
canopy reaches its maximum height for similar reasons. Accordingly,
most of the existing models cannot perform well when these two pa-
rameters achieve their maximum limit, with values not changing much
with further crop growth. The addition of the VLADF input to LAI esti-
mation was hypothesized to improve the performance as VLADF in-
corporates the changes that occur inside the canopy, which cannot be
captured from the airborne imagery of the top of the canopy. The
framework of the LAI estimation model has already been shown in
Fig. 1.

The model was trained to the Licor 2200-C LAI using a linear
regression on 70% of the Rabi 2018-19 data (randomly sampled from
every growth stage), tested on the remaining 30% of the Rabi 2018-19
data, and validated on the data from the Rabi 2019-20 season. The
resulting model was

LALypirica = 1.15*GCC + 0.74*Canopypeig + 0.78*VLADF — 1.29, )

where LAl gimaeq is the model output, GCC is the fraction of the green-
canopy cover, Canopynegy is the estimated canopy height from the
DSMs of the farm and VLADF is vertical leaf area distribution factor.

2.3.2. Conceptual model

In contrast to the empirical model, the VLADF values were also used
to independently calculate the LAI using the following conceptual
construct

VLADF*GCC
LAL ppeepwas = VLADF*(Top of the canopy leaf area) = —————— @
sin
@

where 0 is the average top leaf angle of the crop, which can be taken
from Fig. 8 (a) or measurements at the time of flying the drone. Here,
VLADF is a multiplication factor which relates the top-of-canopy leaf
area to total leaf area, dependent on DAS and canopy height. The top-of-
canopy leaf area in this conceptual model is derived from GCC, being the
horizontal projection of leaf area as seen from the drone camera (Fig. 7).
The actual top-of-canopy leaf area is obtained from the plant geometry
by dividing GCC with the sine of the average leaf angle. Once the actual
leaf area of the top-of-canopy is estimated it is multiplied by the VLADF
to obtain the full canopy leaf area. This method was tested against the
one-time true leaf area index measurements of the nine plots (combi-
nation of three different levels of irrigation and fertiliser treatments).
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3. Results

The VLADF relationships developed from the Rabi 2018-19 crop
structural parameters data were evaluated for the Rabi 2019-20 season
data, using the detailed plant structural parameters recorded from the
nine sub-plots at 93 DAS of the Rabi 2019-20 season crop. The height of
the nine sub-plot canopies ranged between 138 cm and 219 cm. Based
on the estimated height and the DAS of these nine plots, VLADF was
calculated using the relationships in Fig. 8. The region between higher
and lower limit lines (Fig. 9) shows the ’(model VLADF)+(1.15*SD)’
region for 93 DAS, where SD is standard deviation. The multiplier value
of ‘1.15° was used to represent a confidence interval of 75%. Only one
value was substantially outside the expected range with all other plots
within an acceptable range.

The empirical LAI estimation correlated with the LAI values from the
canopy analyser with a coefficient of determination (R?) of 0.84 and
0.77, and an RMSE of 0.36 and 0.45 on the test (30% of Rabi 2018-19)
and the validation (Rabi 2019-20) data, respectively. These RMSE
values can be considered low because the canopy analyser instrument
itself has a standard deviation of 0.2 for the same location data (calcu-
lated by taking repeated canopy analyser readings from the same loca-
tion). However, a slight overestimation of the LAI for the early growth
stage of the crop and an underestimation for the late growth stage of the
plants was also found for validation dataset (Fig. 10).

While the empirical model presented here has shown comparatively
good results relative to other studies when evaluated with Licor canopy
analyser data, comparison with the true LAI values showed a coefficient
of determination of only 0.56 and an RMSE of 1.34 (Fig. 11(b)). In
contrast, the conceptual LAI estimation correlated with the true LAI
from measurements yielded an improved coefficient of determination of
0.59 with an RMSE of 0.73 (Fig. 11(a)).

4. Discussion

The models created in this research can be used for foliage LAI
(empirical model) as well as true LAI estimation (conceptual model) of
maize crops. For any other crop, the VLADF lookup-table first needs to
be created following the approach outlined in this research. While the
empirical model would first require recalibration for foliage LAI esti-
mation, the conceptual model can be used directly for true LAI estima-
tion. Fig. 12 shows the flowchart of how this research can be
implemented for any other data.

The results from this paper, particularly the deviation from true
values is better than the results of other published models, including
Delegido et al. (2013) which used the spaceborne red-edge index to
estimate LAI of multiple crops including maize with an R? of 0.82 and
RMSE of 0.6 when compared with Licor LAI-2000 values. While
Haboudane et al. (2004) used more costly drone-based hyperspectral
data to estimate LAI with a modified triangular vegetation index
(MTVI2) and modified chlorophyll absorption ratio index (MCARI2)
developed from empirical analysis of the PROSPECT and SAILH models;
an R? of 0.89 and RMSE of 0.46 was achieved for maize crop when tested
on the same season data. Moreover, Jay et al. (2017) achieved an R? of
0.89 and RMSE of 0.23 for sugar beet crops for LAI estimation till the
vegetative stage, using an index based approach with UAV-based mul-
tispectral data. When considering the same growth stage as used in Jay
et al. (2017), the model developed in this research has shown similar
results by achieving an R? of 0.91 and RMSE 0.29. Moreover, when using
the more complex PROSAIL inversion model for LAI estimation, Jay
et al. (2017) only achieved an R? between 0.68 and 0.81 and RMSE of
0.39-0.72. Importantly, the multispectral data based LAI model cited
here only used vegetative stage data to check the performance of the
model, but canopy closure occurs after the vegetative stage, where these
models show insensitivity towards changes in leaf area at the bottom of
the canopy. Moreover, PROSAIL is a point data simulation model and
does not give spatial variability. Further, application of these indices
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Fig. 10. Scatterplots representing the results of the empirical LAI model on (a)
test (30% of Rabi 2018-19) and (b) validation (100% of Rabi 2019-20) data.

methods and PROSAIL require a more costly multispectral and hyper-
spectral data, respectively. In contrast, the model developed in this
paper uses data from a simple and cheap RGB camera while achieving
better or similar accuracy, even in the case of reproductive growth

stages where canopy closure effects the derived LAL

Results of the conceptual allometric model created in this resaech
can be contrasted with the allometric model of Colaizzi et al. (2017),
which used a calibrated log normal function by considering cumulative
growing degree days, canopy height, and plant population as model
inputs, collected through field sensors and manual field observations.
Using destructive sampling to calculate the true LAI of the canopy, an R?
of 0.54 and RMSE of 1.14 was achieved for maize crop LAL

As shown in Fig. 11(c) Licor-based LAI values are reliable only until
the vegetative stage of the crop, being when the LAI of the canopy is low.
Once the LAI of the canopy increases above 4, the Licor-based mea-
surements of LAI start saturating. Similar observations were noted by
Smith et al. (1993) and Cutini et al. (1998), where the LAI 2000 canopy
analyser consistently underestimated canopy LAIL This problem of
underprediction is majorly due to the assumption that leaves of the
canopy are randomly distributed, which is not valid in many cases
(Breda, 2003; Gower et al., 1999). However, It should also be noted that
LAI estimated from Licor-2200C measurements represent the foliage
area index, which gets affected by stem and other non-green plant ele-
ments. In contrast, the conceptual LAI model proposed here considers
only leaf area, thus more correctly representing the true leaf area index.

5. Conclusion

Two models for estimation of leaf area index from top-of-canopy
images were developed and evaluated in this research. The first, an
empirical model trained and tested on Licor canopy analyser data, was
found to have a higher R? and lower RMSE values than existing farm-
level remote sensing based LAI estimation techniques. But as this
model was trained on Licor canopy analyser data it is more represen-
tative of foliage area index and thus had a poor estimation of the leaf
area index derived from manual measurements. The second model was
based on the conceptual use of a VLADF (vertical leaf area distribution
factor), estimated through allometric properties of the canopy, to relate
top-of-canopy leaf area to full canopy leaf area for different growth
stages and heights of the crop. This has enabled the changes within the
canopy to be captured even during canopy closure (i.e. post tasselling
stage). This new model can therefore be used for analysing spatial and
temporal LAI changes across farms in near real-time with an R? of ~ 0.6
and RMSE of 0.73 when compared to independent manual
measurements.
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