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ABSTRACT:

Sugarcanés a perennial crop that contributesnearly80%of the global sugar-based products. Therefore, sugarcane growers
and food companies are seeking wiayaddress the concerns relategdugarcane crop yield and healtihthis study, a spatial

and spectral analysis the peak growth stagéthe sugarcane fields Bundaberg, Queensland, Austrasiperformed using

the Normalized Difference Vegetation Index (NDVI) and Normalized Difference Red Edge Index (NDRE) derived from high-
resolution WorldView-2 (WV2) images and multispectral Unmanned Aerial Vehicle (UAV) images. Two topics are chosen
for this study: 1) the difference and correlation between NDVI and NDRE that are commonlyp estichate Leaf Area

Index, a common crop parameter for the assessofiendp yield and health staged;the impacbf spatial resolutiomn the
systematic differencin the abovementioned two Vegetation Indices (VIs). The statistical correlation analysis between the
WV2 and UAV images produced correlation coefficienit®.68 and 0.71 for NDVI and NDRE, respectivdtyaddition,an

overall comparisomf the WV2 andJAV-derived VIs indicated that the UAV images produced a better accuracy than the
WV2 images because UAvban effectively distinguish various status of vegetation owimgs high spatial resolution. e

results illustrated a strong positive correlation between NDVI and NDRE, each derived from the WV2 and UAV images, and
the correlation coefficients were 0.81 and 0.90, respectively, i.e. the correlation between NDVI andsNiReEr in the

UAV images than the WV2 images.

1. INTRODUCTION of their multispectral and temporal characteristtcs
distinguish the yield stage (Taherei Ghazveteil., 2018;
Vieira et al., 2012). The keRS platforms usedn PA to
gather information about the crop featuiemonitor crop

With the increasef the world population, the amouaot
food and farming sources neetls be upgraded too.

Precision agriculture (PA)s one of the most effective

methods that have been implitidecrease costesolve yield and health are Unmanned Aerial Vehicles (4\V

environmental complication and enhance quality and and satellites. Several researchers have applied satellite
imagery for sugarcane classification (Mutangtal.,
2013), monitoring land usg\bdel-Rahman and Ahmed,

2008a), varietal identification(Abdel-Rahman and

quantity of the agricultural products (Lambert and
Lowenberg-DeBoer,2000) Decisionson the farming

operations and the maximizatioof the efficiency of
Ahmed, 2008b), and Nitrogen (N) status monitoring

(Béguéet al., 2010;Lamb, 2000; Simdest al.,2009) In

the sugarcane yield management, satellite data asich

outputsin PA need high spatial and temporal resolution
dataof crop status (Huanet al., 2013). Such data could

be gained from Remote Sensing (RS) platforms because
Moderate Resolution Imaging Spectroradiometer
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(MODIS) (Xavier et al., 2006), Advanced Spaceborne
Thermal Emission and Reflection Radiometer (ASTER)
(Almeidaetal., 2006), Landsat (Rudowft al.,2010)and
others have been utilizesb detect and map the crop
change (Hui Liretal., 2009; Zhowtal., 2015). However,
there are still notable limitations the applicationof
satellite datan termsof resolution, extent, cost, revisit
time and weather constraints (Atzbergeal., 2015). The
UAV platform with distinctive characteristics, namely
lower operation expense, high spatial resolution (<1m),
high temporal frequency and real-time capacity, gives the
real-time informatiorto farmers (Ampatzidis and Partel,
2019; Maresmaet al., 2016). Consequently, monitoring
crop yield status, estimating nutrient status, quantify crop
water demand, estimatiaf plant growth, and many other
practicesof PA are feasibldy utilizing UAVs.

Sugarcane, a perennial cr@gsuitableto growin tropical

and subtropical areas suahIndia, Australia, and Brazil
(Abdel-Rahman and Ahmed, 2008a; Rudetfél., 2010).
Optimization and accurate estimatiof sugarcane crop
production couldeevaluatedy monitoring variability of
crop growth and health status during the growing season.
The significanceof obtaining trustworthy and frequently
updated data from sugarcane lands shbeldonsidered

in PA strategiego sustain the futuref the industry. The
most crucial componemif cropsin orderto analyse crop
growth stage and to predict crop yiédd_eaf Area Index
(LAI) (Haboudane, 2004),
descriptorof many biological and physical processd#s

whichis an important

vegetation, including photosynthesis, respiration, nutrient
cycling, transpiration and rainfall interception (Tietral.,
2017). A strong correlation has been found between
canopy vegetation indices (VIs) and LAI, hence VIs are
often usedto estimate LAlin remote sensing methods
(Tianetal., 2017).

The Normalized Difference Vegetation Index (NDV§)
one of the most commonly usedls to estimate LAI,
Nitrogen concentration, and biomass (Poaatat., 1990),

as it could reduce the atmospheric attenuation and shading
impacts (Technol, 2007). Green Normalized Difference
Vegetation Index (GNDVI) has been useg several
authorsto predict sugarcane yield and determine the
temporal differences (Rahman ahdRobson, 2016). The
Global Vegetation Index (GVI), likewise NDVis based

on the contrast between the spectral respon$etbe

visible and Near-InfraredNIR) regions, but has the
advantagef considering red, NIR, blue, and green bands
to incorporate the influencef photosynthetic pigments
and water content presedntleaves (Benvenuti and Weill,
2010).

For the lower amourdf chlorophyll, hereflectance from
spectral region between the red and NIR bands, teasied
the ‘red edge’ band, increases whereas the reflectance
from NIR decreases (Diacombal., 2013). Thereforehée
extracted information from the red edge band combined
with VIs could play a significant role for computing LAI.
Hence, by substituthg the red band with the red edge
band, the Normalized Difference RedEdge (NDRE) index
as a variantof the NDVI can be obtainedas a reliable
measure for chlorophyll and LAl status (Tilliret al.,
2007).

The usageof any VIs requires careful attentida their
strengths and defects and the demanding applications. The
critical issues which could ndte completely solved are
the selectn of the most appropriate data regarding
temporal, spatial, and spectral resolution, and the satecti
of the most prope¥Is to study the connection between
VIs and LAl for crop status monitoringo the besof our
knowledge,no previous study has mapped LAl a
sugarcane field with both NDRE and NDA orderto
compare these VIsIn addition, the drawbacks and
advantages for characterizing the sugarcane LAl from
UAV images and from very high spatial resolution
satellite images remain a knowledge gapghe existing
literature.

This study was conducted for a sugarcane figld
Bundaberg, Queensland, Australia. The overallcithis
paperlisto map sugarcane crop LAl with UAV images and
conduct a comparison with WorldView-2 (WV2) data.
The two major specific objectives ate: analyse NDVI
and NDRE for UAV and WV2 for sugarcairethe study
area and compare the overall performaot&AV and
WV2.

2. DATASETSAND METHODS

2.1 Study Area

The sugarcane fieldis Australiacan be found along a
2,000-km strip of land on the east coast from northern
New South Walet the northern Queensland. About one-

third of this cropis grownin the northern Queensland. The
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study areas in the Bundaberg region, Queensland (24°50'
S, 152°24' E), and han areaof 3 hectares (Figure 1).

W

Sugarcane distribution Wl

,&J
Figure 1 Sugarcane distributiomap (left) and the study
area (right)

2.2 Data

A collectionof multispectral images acquired from a UAV
integrated MicaSense RedEdge sensor were orthorectified
and mosaicked through Pix4Dmapper software package.
The UAV ortho multispectral image with a 3-gpatial
resolution was acquiredn March 31, 2019. The sensor
includes five bands: blue (46810 nm), green (54575
nm), red (630690 nm), red edge (72222 nm) and NIR
(820-860 nm).
The WV2 product used in this study is a multispectral
image with a 2-m spatial resolution, which was acquired
onMarch 20, 201%tanoff-nadir view anglef 18.9° and
0% cloud cover. The multispectral image includes eight
bands: coastal blue (46860 nm), blue (45610 nm),
green (516580 nm), yellow (585625 nm), red (638590
nm), red edge (765945 nm), NIR1 (776895 nm), and
NIR2 (860-1040 nm).

3. METHODOLOGY

The NDVI and NDRE indiceasthe main parameters for
characterizing the crop LAI, were derived from the two
dataset, respectively from UAV and WV2, for the
sugarcane fields correspondirtg the approximately
maximum LAI (March) over the ye&019.Accordingto
(Hui Lin etal., 2009), the life cyclef this annual irrigated
crop includes five important growth stag@$ie periodof
sugarcane crop growth dependiog the district varies
from 10 to 18 months. The crop with the maximum LAl

in the monthof March in Australiajs harvested between

June and November, and regrows for harvesting
approximatelyl2 months later (Everinghaetal., 2009).
The NDVIis a combinatiorof two spectral bands, which
was computedy Equation (1)in orderto measure the
presencef chlorophyll. A high NDVI value occurs at the
peakof chlorophyll content that crops intensively absorbs

red light and reflects NIR light (Bédaedal., 2006).

NIR - Red
wpv = { “Of IR + Red) @)

NDRE canbeformulatedby the Red edge and NIR bands
basedn Equation (2)it is sensitiveto chlorophyll content
and variabilityin leaves. High valuesf NDRE show
higher levelf chlorophyll content.

_ (NIR — Red edge)
NDRE = (NIR + Red edge) @

An overall analysi®f theUAV and WV2 data in terms of
pixel level NDRE and NDVI was conductaglunderstand
the differencein the spectral and spectrum variation
NDRE and NDVI, and to conduct comparison the
spatial resolution effeaf different RS dataon the crop
yield estimation. Becausd the much higher spectral and
spatial resolutionof the UAV images, the amourf
information and spectral variatiaf UAV-based NDRE
andNDVI are much larger than thosé WV2. For the
comparison between UAV and WV2, the NDRE and
NDVI imagesof UAV were down resampleto the spatial
resolutionof the WV2 data based on the cubic convolution
method.

To further quantify the difference between NDVI and
NDRE, a totalof four indicators basedn statistics
methods were considered i.e. maximum, minimum, mean,
and standard deviation (S.D.). To analyse the absolute
chlorophyll content, these statisticparameters were
calculated only at sugarcane fields without considering
any other featuresin addition, a correlation analysis was
carriedout for theUAV and WV2 datasets$p observe the
effect of spatial resolution chang@s NDVI and NDRE
maps. The correlation coefficient{Rs oneof the most
significant descriptorsto describe the trend model

between two different variables (Albarakat, 2019).
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4. RESULTS
4.1 COMPARISON OF NDVI AND NDRE

We performed a comparative analysis on NDVI and
NDRE, both obtained from the UAV and WV2 dathe
NDVI and NDREattheir original spatial resolution of the
UAV and WV2 data are shown in Figures 2 andr'g.
understand the relationship the spatial patterns between
the NDVI and NDRE values derived from the two sensors,
the UAV data have been resamplegthe same spatial
resolutionasthe WV2 data (Figure)4 Table 1 contains
statistical parameters that show the maximum value,
minimum value, mean value, and S.D. vabfighe NDVI

and NDRE between UAV and WV2 data. The first three
parameters were uséal describe the difference response
between NDVI and NDREo the different chlorophyll
content. The minimum and maximum response ranges for
the UAV data are in the similar range for both \list the
mean value is higher for NDVI. Therefore,it can be
concluded that NDREs more spreadut than NDVIin

the UAV data. Also, regarding the WV2 data, NDVI

shows more discrete response range rather than NDRE.

This conclusion could be also seen in difference maps
obtained by subtracting NDVI_UAV from NDRE_UAV
and NDVI_WV2 from NDRE_WV2 (Figure 5) where
NDVI_UAV and NDRE_UAV represent the respective
vegetation indices obtained from the UAV data, and
NDVI_WV2 and NDRE_WV2 from the WV2 data. S.D.
parameter indicatédsow much spectral detas presentn

an area (Tiartal., 2017). A large S.D. value means that
the pixel value frequency distributias more dispersed.
The results indicate that NDRfanbea more effectivén
theUAV data. And for the WV2 data, NDVI works better.

M ax Min Mean S.D.
UAV | WV2 | UAV | WV2 | UAV | Wv2 | UAV | wv2
g 098 | 091 | 0.10 | 0.10| 0.85| 0.80 | 0.08 | 0.06
Z
w
DD: 0.88| 045 | 001 | 0.05| 054 | 0.29 | 0.08 | 0.05
b

Table 1. Statistics for the NDVI and NDRE of two
different datasets

The comparison resulsf R? for the two representative
NDVI_UAV with NDRE_UAV and NDVI_WV2 with

NDRE_WV2 to measure the sugarcane LAl content
indicated that the NDRE the optimalVI for mapping the
LAI with a UAV image, whereas the NDVis more
suitable for WV2 (Table 2), but both achieved a
satisfactory accuracylt could be concluded that the
spectrum rangeof bands and spatial resolution are
significant factorgo select the proper Vls.

NDVI NDRE NDVI NDRE
UAV UAV WV2 WV2
NDVI
UAV 1 0.90 0.68 0.53
NDRE
UAV 1 0.59 071
NDVI
WV2 1 0.81
NDRE 1
WV2

Table 2. Statistical correlation analysis between the
saellite and UAV images

NDVI_UAV
Value
o Fet

B Low:0

NDRE_UAV
Value

o Hich L
B Low:0

0 15 30 2] & o 5w\ & @

Figure 2. NDVI (left) and NDRE (right) from UAV data
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Figure3. NDVI (left) and NDRE (right) from WV2 data
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Figure4. UAV-derived NDVI (left) and NDRE (right)
resampledo the spatial resolutioaf WV2
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Figure 5. The difference maps between UAV vegetation
indices (left) and WV2 vegetation indices (right)

4.2 COMPARISON OF UAV AND WV2

UAV NDVI and NDRE values are larger than WV2 NDVI

and NDRE values when mapping the sugarcane crop LAI.

As for the WV2 data, the mean NDVI value and the mean
NDRE value are 0.05 and 0.25 less than of the UAV
results, indicating that the sensitivity of WV2 to the LAI
is lower than that of UAY

Table 1 shows that the S.BX.UAV NDVI and NDRE are
higher than thaof WV2 NDVI and NDRE, 0.02 an@.03
respectively, which indicasethat the amounbf details
and spectral variatioaf UAV data are more abundain.
other words, UAV provides more information than WV2.
This is mainly becausef the spatial resolutionf UAV
thatis much higher than thaf WV2. A comparisorof the

R? results between NDVI_UAV with NDVI_WV2, and
NDRE_UAYV with NDRE_WV2, in Table 2, indicad¢hat

the chlorophyll contents are more clear from the UAV
data, whichis consistent with the resultd S.D. reported

in Tablel.

In addition, difference maps of NDVI_UAV with
NDVI_WV2 and NDVI_UAV and NDRE_WV?2 indicate
that the UAV datais more sensitive to chlorophyll
contents in sugarcane crop (Figure 6) than the WV2 data.
In conclusion, the large variationf the chlorophyll
contens as indicated by the VIs derived from UAV
indicates that the high spatial resolution provides great
potentialto characterize the high accuracy sugarcane LAI.

NOVE W7 e KDV 1AY F NDRE WV2 minas NDRE LAV,

Nalue
oy Hizh: |
L R

Walue .
o i | 1
- Vel

) a0

Figure 6. The difference maps between NDVIs (left) and
NDREs (right)

5. CONCLUSION

In this study, two VIs (NDVI and NDRE), which are often
used for the estimatioof LAI, were characterised using
UAV and WV2 datain sugarcane fields. The results
obtained froma statistical analysis showed that the NDRE
had the optimal accuracy for UAV, whereas the NDVI
achieveda higher accuracy for WV2. A comparisarf
WV2-derived LAI and UAV-derived LAl was conducted,
which suggested that using high spatial resolUR8mlata
canleadto meaningful outputs fdPA in the estimatiomof
sugarcane chlorophyll contents. Future work is to use and
validate the results in other crops with other VIs.
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