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Abstract Pre harvest prediction of sugarcane and sugar
production is essential for obtaining the objectives of the
national food security mission. Traditional field experi-
mentation results are not reliable and are biased.
Improvement in the accuracy and timeliness of crop yield
estimation by blending of ancillary data and remotely
sensed data in the temporal domain is indispensable.
Ratoon sugarcane and planted sugarcane are the two
prevalent agricultural practices in India. Ratoon sugarcane
crop is suitable both from economic and production con-
sideration. Identification of ratoon sugarcane and moni-
toring of its growth has been poorly studied. The objective
of this study is to extract the information related to the
ratoon sugarcane using remote sensing data. The present
study proposed NDVIT, an index based on temporal values
of NDVI data of Landsat 8 for monitoring and discrimi-
nation of ratoon sugarcane. This index has been found to
provide 91% accuracy when tested on the ground in the
Himalayan foothills region of Uttarakhand. Study indicated
that the best period for discrimination of ratoon sugarcane
crop is during the first week of April and last week of
August to the end of September. This matches with the
start of tillering stage and during the period of grand
growth stage of the sugarcane.

< Sandeep Kumar Singla
sandy.dce2014 @iitr.ac.in

Rahul Dev Garg
garg_fce@iitr.ac.in

Om Prakash Dubey
opdubeyl1@gmail.com

Geomatics Engineering Group, Department of Civil
Engineering, Indian Institute of Technology Roorkee (IIT),
Roorkee, Uttarakhand 247667, India

Keywords Remote sensing - NDVI - NDVIT -
Discrimination - Crop yield estimation - Crop growth
monitoring - Temporal data

1 Introduction

India covers only 2.4% of the earth’s geographical area,
whereas it caters about one fifth of world population. Food
grain demand is gradually increasing due to escalating
population, improved socioeconomic conditions and food
habits. A prognostic study indicates that in approaching
30 years the food grain production has to be doubled to
meet out the growing need whereas cultivated land and
water resources are continuously decreasing. Timely and
accurate crop yield estimation will be essential to support
decision making related to the crop production in order to
meet future food needs and ensure food security [1].

The Sugarcane plant offers a huge potential, not only as
the sucrose of a very important food but also as a source of
energy and valuable commercial products from fermenta-
tion and chemical synthesis. Sugarcane occupies a very
prominent position on the agricultural map of India.
Sugarcane is known to be thriving well in Brazil, India,
Australia, Cuba, USA, Philippines, USSR and Indonesia.
India ranks second in the world, after Brazil, in terms of
area and sugarcane production [2]. In India, the sugar
industry is the second largest industry next to the textile
industry that is playing a vital role in the socioeconomic
transformation of the country.

The sugarcane industry and the Government have to rely
on the traditional mechanism for the estimation of sugar-
cane. These traditional methods are based on the data
collected and compiled from the fields manually by the
analysts. These manual estimates of sugarcane production
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many a times have been found to be significantly far from
reality [3]. Consequently, it is observed that sometimes
sugarcane production is higher and another time lower than
what had been estimated at the beginning or grand growth
stage of the crop. This may lead to the inappropriate
planning, strategies and course of action at the producer,
consumer, industry and the Government level. It is worth
mentioning that such estimates are associated with many
impediments due to the heterogeneity of cropping practices
and the multitude of plots, which are often smaller than a
hectare.

Under these circumstances need is pushed towards
reliable estimation of the sugarcane production. This in
turn will help in formulating appropriate policies and fea-
sible course of action to handle surpluses or shortages as
the case may be, well in time. A study in the Punjab pro-
vince explored that improvement in the accuracy and
timeliness of crop yield estimation can be achieved through
a suitable blending of ancillary data as well as multitem-
poral remotely sensed data [4]. The crop information so
generated coupled with sophisticated statistical techniques
lead to the effective and optimized decision making [5].

In Bharat, two types of sugarcane farming practices are
prevalent. One is plantation, in which fresh seeding is done.
Many a times forced by economic constraints the cane
grower prefers to regrow the sugarcane from the existing
roots of the sugarcane after harvesting. Commonly this is
known as Ratoon sugarcane. The growth cycle of sugar-
cane plantation is generally twelve months. The sugarcane
ratoon generally takes nine months to reach to maturity
stage. As a result the Ratoon sugarcane is harvested and
available for crushing early as compared to planted sug-
arcane. Sugarcane mills of the area purchase the sugarcane
from the peasants for the crushing. Field traversing and
discussions with sugarcane growers it has been observed
that the sugar content in the ratoon sugarcane is higher.
This continues up to two cycles of growth. Therefore
ratoon sugarcane plays significant role to each and every
one associated with sugarcane production.

In the study area, it is observed that the proportion of the
plantation sugarcane and the ratoon sugarcane is 1:3.
Therefore, merely 25% of the whole area under sugarcane
is plantation. On the other hand, a major part of the study
area is cultivated with ratoon sugarcane. Subsequently,
more care and attention is essential to augment the pro-
ductivity of ratoon sugarcane leading to more sugar pro-
duction. Peasants of the study area are found to give less
attention to ratoon sugarcane crop in terms of nutrient and
pest management. As result sugar production from the
ratoon sugarcane is many a times lower. This may be
attributed to ignorance, poor economy and poor manage-
ment practices adopted by the growers. From growers
perspective, it may be reasonable. However, with proper
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intervention of farming practices the sugar production from
ratoon may be significantly enhanced. Therefore, for better
production from ratoon sugarcane there is burning need of
its proper and timely monitoring its growth and thereby
adopting appropriate measures to optimize the growth
leading to higher production [6]. Till recently information
about crop areas is collected through field traversing and
experimentation which are expensive and time consuming
and full of bias. However the use of geoinformatics tools to
extract crop monitoring information has been found to be
reliable, economic and near real time [7].

In this area, it has also been observed that intercropping
and mixed cropping is common. Therefore, knowledge of
associated crops in the area is equally relevant for precise
estimates of specific crop of interest. Prevalent farming
practices indicate that crops are grown in the close vicinity.
As a result the spectral signature of many crops on a par-
ticular day or band may overlap. Under these circum-
stances crop discrimination may be erroneous [8]. The
feasible solution to this is the use of the spectral behaviour
of a crop using temporal resolution of remotely sensed
data. Successful investigations have been conducted in
Cuttack district of Orissa State in India using temporal data
analysis for crop discrimination [9].

For accurate and reliable crop estimation proper atten-
tion is to be given to mixed pixels. This can be solved by
selecting an suitable approach such as Linear Mixture
Models, Fuzzy classification, Clustering, Neural Networks
or even data fusion [10]. The present work is being
premeditated to the optimized use of the recent expansion
of satellite based remote sensing tools for acquisition of
consistent and near real time information associated to the
crops status in spatial and temporal domain. A study in the
Sao Paulo State of Brazil demonstrated that computerised
data storage, analysis and modelling which are essential for
evolving optimal strategy for farm yield [11]. An experi-
mental work in KCP Sugar factory zones of Vuyyuru and
Lakshmipuram of Andhra Pradesh proved that sugarcane
identification and estimation using multi temporal vegeta-
tion indices will go a long way in supporting the Indian
food security on sustainable basis [12].

The discrimination of the specific crops may be fruitful
in the prediction of crop yield, area under the crop, and
monitoring of the crop growth [13, 14]. The aim of the
proposed study is to discriminate the ratoon and plant
sugarcane based on the multi temporal remotely sensed
data. Temporal profile of Normalized Difference Vegeta-
tion Index (NDVI) have been used as an efficient and
reliable indicator to discriminate the specific crop at the
field scale or global scale [15].
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2 Study area and the data used

The most common data for projects related to earth
resources management are satellite derived data. They
become very popular in recent years because of their better
spatial and spectral resolutions and their capacity to gen-
erate multi temporal products more cheaply than aerial
photographs. Limited ground truth formed the important
information.

The study has been carried out in a small experimental
area in the Himalayan foothills (Fig. 1). The area is dom-
inated by agricultural practices around Bhadarabad region,
Haridwar district, Uttarakhand State, India. The area is
enveloped by 29°55'35"N-29°56'10"N latitude and

77°57'40"E-77°58'5"E longitude. The area has a fair net-
work of irrigation canals with more than a century old
Upper Ganga canal as a main canal with highly fertile
lands. Under this canal two distributaries, Bhadarabad and
Ahmadpur carry irrigation water. The experimental area is
part of the the Northern Division Ganga Canal (NDGC)
command area. It spreads over the Khedli minor command.
This minor passes through a small village Khedli and
provides irrigation to about 200 ha. The agricultural fields
not getting canal water are irrigated by ground water. The
soil texture of the area found to be mainly sandy loam,
which is suitable for all types of crops. Major crops grown
in the area are Wheat and Sugarcane in Rabi season and

77°57'45"E 77°57'55"E 77°58'S"E
EXPERIMENTAL AREA
Crop I
" Demo -
B Napiergrass 78
- \Q
Il Other g
B Paddy &
I Soyabean i
B Sugarcane
- M Urd z
S [7e
AL ‘w e - L lvn
Fas o it
’ T oy N
()\\\. fnknn‘n_v?/gg* ,\\\ :Z o
b} Rordep | <>
1""’ Naea s \\\\l '\\ l_n d |
i J w\;'w ?(LJ > ;@
LAY s ,j%l g -
J 49 z
< =
sl
) 0
w
&
Z [\
=
-
-4 i
wn
&
N Z
0
4 R
w
0 0.0750.15 0.3 0.45 0.6 g
[o\]

[ Em e KilometeTF

77°57'45"E

77957'55"E 77958'5"E
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Sugarcane and Paddy in Kharif season. Other minor crops
are Urd, Gram, Mustard and Soyabean.

Satellite images from Landsat 8 (OLI-Operational Land
Imager) for the year 2015 have been collected for the
study. The collected data was put into preliminary analysis
followed by detailed analysis. Finally, the collected
remotely sensed data was used to create NDVI profile in
the multitemporal domain. The bands used in the study are
presented in the Table 1.

A variety of ancillary data, the farming practice, crop
growth, crop yield, agricultural management practices and
meteorological information is essential for carrying out this
study. Sugarcane is the main preferred cash crop by the
peasant of the area. Historical sugarcane growth and yield
data have been collected from the State Agriculture
Department, Sugarcane Industries and interaction with
farmers. In addition, the sowing and harvesting periods of
the different crops grown in the study area have been
collected. The synthesized crop calendar is shown in
Fig. 2.

3 Methodology

Ground truth data at regular intervals have been collected
to extract the information related to the crop growth cycle
of the study area. The growth cycle of the sugarcane is
divided into four stages, viz (1) Germination stage, (2)
Tillering stage, (3) Grand growth period and (4) Ripening
stage. These stages are diagrammatically represented by
the Fig. 3.

Based on these stages, satellite images for the entire year
2015 have been collected for the study. The details of the
available cloud free data for the year 2015 is given in
Table 2. These satellite images after the preprocessing
operations are further used to generate the NDVI images.
Open source software QGIS have been used to obtain the
NDVI temporal profile. The methodology adopted in the
present study is given by Fig. 4.

3.1 Conversion of DN values to reflectance values

Conversion of numerical values of Digital Numbers (DN)
to actual reflectance values is very crucial to perform the
quantitative analysis [16]. Reflectance values represent the
actual spectral response of the targets [17]. As we used

image time series, the digital counts needed to be converted
into reflectance [18]. To do this, we used the following
equation: A normalization formula has been used to con-
vert the DN values to reflectance values (physical mea-
surements of the part of the solar energy reflected by earth
features) based on the Landsat 8 radiance rescaling factors
available in the metadata (MTL) file (http://landsat.usgs.
gov/Landsat8_Using_Product.php; [19]). Mathematically,
this transformation without incorporating adjustments for
sun angle is expressed as:

P;L’ :Mchal +Ap (1)

where pil, Top of Atmosphere (TOA) planetary reflec-
tance; M,, Band-specific multiplicative rescaling factor;
A,, Band-specific additive rescaling factor; O, Quantized
and calibrated standard product pixel values (DN).

It is important to mention here that p}f does not contain
a correction for the sun angle. Band-specific multiplicative
rescaling factor (M) is obtained from the metadata file
using the variable: REFLECTANCE_MULT_BAND_x
and Band-specific additive rescaling factor (A,) is obtained
from the metadata file using the variable: REFLECTAN-
CE_ADD_BAND_x, where x is the band number.

The Numerical value of reflectance was calculated using
Eq. 1, and is then corrected for the sun angle using:

pxll pﬂu/
A= = 2
P cos(Osz)  sin(Osk) @)

where pA4, Sun angle corrected TOA planetary reflectance;
sin(0gg), Local sun elevation angle; sin(0sz), Local solar
zenith angle.

3.2 Vegetation indices

Vegetation indices such as NDVI have been established as
reliable tool to discriminate the crop, monitor crop growth
and assess its maturity [20]. These indices have been pro-
ven to be very sensitive to variation in the biomass and leaf
area index (LAI) [21]. Crop classification and discrimina-
tion of specific crops based on temporal observation has
been preferred than single data observation due to the
spectral similarity of the different features and objects [22].
Different types of Vegetation Indices generated from
remote sensing data proven to be very effective in quali-
tative and quantitative measures of growth parameters,
vegetation cover and vigor [23].

Table 1 LANDSAT 8 OLI

bands used in the study Band

Wavelength (um) Spatial resolution (m)

Red band
Near infrared band (NIR)

0.64-0.67 30
0.85-0.88 30
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Fig. 2 Crop calendar of the
study area
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Table 2 Details of landsat data used
Date DOY Cloud cover Sun angle
Feb 12, 2015 43 14.8 146.8982601
April 01, 2015 91 32.9 134.9770484
April 17, 2015 107 2.48 129.05180483
May 03, 2015 123 2.7 121.86937466
May 19, 2015 139 3.37 113.71697489
June 04, 2015 155 38.07 106.84325657
August 23, 2015 235 42.47 126.65193402
September 08, 2015 251 1.16 136.0425281
September 24, 2015 267 19.46 144.27069689
October 10, 2015 283 4.28 150.69751018
October 26, 2015 299 39.61 155.09744127
November 11, 2015 315 2.54 157.5269078

Simplest ration based vegetation index known as Simple
Ratio (SR) or Ratio Vegetation Index (RVI) based on the
characteristic of vegetation that it absorb the red band
signal and reflect the near infra red signal of electromag-
netic energy spectrum is used. This index is more useful for
the assessment of biomass [24]. Mathematically, it is given
as :

NIR
— 3
SR (3)
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Fig. 4 Flow diagram of the methodology

where NIR represents the reflectance in the near infrared
band (0.85-0.88 um)while R is the red band (0.64-
0.67 um) reflectance. A computed value of simple ratio less
than one is considered as non vegetation whereas, the
computed value of the ration greater than one is taken as
the vegetation. The major drawback of this index is the
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generation of infinite values for the pixels with zero values
in red band.

Huete [25] proposed an index known as Soil Adjusted
Vegetation Index (SAVI) again based on NIR and RED
bands. This index is advantageous to lessen the effect of
background soil on the spectral properties of vegetation.
Mathematically, it is represented as:

(NIR—-R)(1+ L)

SAVI =
NIR+R+L

(4)

where NIR represents the reflectance in the near infrared
band (0.85-0.88 um) while R is the red band (0.64—
0.67 um) reflectance. Parameter L is soil and canopy
adjustment value. While using the SAVI for agricultural
applications the value of L is generally taken as 0.5.

The Normalized Difference Vegetation Index (NDVI)
[26] was computed with the formula:

NIR — R

NDV]I = ————
NIR + R

(5)
where NIR represents the reflectance in the near infrared
band (0.85-0.88 um) while R is the red band (0.64—
0.67 um) reflectance. The values of this index wvaries
between — 1 and + 1. Generally, the negative values and
values close to zero are specific to soil devoid of vegetation
or sparse vegetation, whereas the surfaces covered by
dense and healthy vegetation have the values 0.7-1.0. The
generated temporal NDVI profile of agricultural fields
containing different varieties of sugarcane in the study area
for the year 2015 is shown in Fig. 5.

The visual analysis of Fig. 5 in conjunction with general
crop growth information pertaining to the study area con-
firms the belief that some of the computed values are
contaminated. Field traversing, ground truth information
revealed that the contamination of NDVI values is due to
presence of integrated noise popping up as the cumulative
effect of cloud cover and other climatic variations. There is
a need to reconstruct the NDVI temporal profile due to the
presence of these contaminated factors. It is worth men-
tioning that the growth and yield information about the
plants and crops can be more accurately ascertain from the
reconstructed NDVI temporal profile.

3.3 Reconstruction of temporal data

A review of available literature revealed that the NDVI is
the nucleus of land cover related information. Conse-
quently, temporal and spatial variations in the numerical
values of the NDVI may be successfully used to study the
land cover change dynamics and crop growth monitoring
[27]. An early and advanced information about the crop
growth leads to the cost effective and reliable scheduling of
the cane supply [28]. A crop simulation model based on
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Leaf Area Index (LAI) has been proposed to extract the
crop information [29]. Vegetation indices have a significant
relationship with the yield but direct use of these indices
may not produce reliable results. The research work given
by [30] explored the noticeable NDVI distinction flanked
by vegetated and non vegetated areas in addition to the
demonstration of the superior capability of Landsat 8 OLI
NDVI for agricultural applications such as crop growth
monitoring. The authors of [31] conducted a study for the
land cover classification and deduced that the performance
of Landsat 8 OLI bands is much better than that of Landsat
7 ETM+ bands. Nevertheless, satellite derived NDVI
information may be contaminated by a variety of factors,
for example, atmospheric effects, geometric errors, snow
and the clouds. These causative factors considerably affect
the crop growth monitoring process using satellite based
information. In turn, these errors always reduce the con-
sistency, reliability and applicability of satellite data,
especially for the agricultural applications [32, 33].

The method of reconstruction of the NDVI temporal
profile is based on the running medians and moving aver-
age. Besides the streamline of the observed NDVI time
series, the filter have been used to preserve the general crop
growth trend of NDVI profile. Reconstructed information
delivers the near real time growth curve which may be
effectively used for the agricultural applications. The
streamlining process is decomposed into following three
modules:

— Module I: Running medians streamlining
7, = Pmedian(NDVI,_,, NDVI,_;, NDVI,, NDVI,., NDVI,,,)
(6)

Where NDVI, represents the original time series data.
— Module 2: Moving average streamlining

_ NDVI,_y + NDVI; + NDVI,

M, . ™
— Module 3: Selection of the optimal values
SNVI, = max(NDVI,, Z,, M) (8)

This step is applied just to preserve the key points and
peaks of the NDVI profile.

3.4 Feature selection

Classification accuracy may increase, though not neces-
sarily, by employing several spectral bands. It has been
found that accuracy starts falling (decreasing) by increas-
ing the number of bands after a certain number or by using
all the combinations. The problem of selection of certain
such optimal bands which provide the maximum accuracy
and economy is called ’feature selection’. The solution of
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Transformed divergence [34] is used in this study for the
feature selection. Mathematical expression for the trans-
formed divergence is:

TD,, = 2000{1 —exp (%) } (9)

where x and y are the signatures of the features. Divergence
Dy, is given by:

D, = ltr((Cov — Cov )(Cov_1 — Cov_l))
xy 2 X y X y

2o((C- ) - ) (- w))

where Cov, and Cov, are the covariance matrices of the
classes x and y respectively, tr is trace function, u, and u,
are the mean vectors of the classes x and y and T is
transpose of matrix.

(10)

3.5 Clustering technique

In order to discriminate a specific crop and to overcome the
problems due to the mixed pixels, a classification technique
known as PCM (Possibilistic c-Means) may be used
effectively for single class of interest [35]. This technique
is primarily based on the distance between distributions. It
is evident from the computer generated histograms that
more of the measurement vectors tend to occur in a par-
ticular region than in adjoining regions. This means that
these measurement vectors tend to ’cluster’ near the mode.
The cluster analysis of a set of measurement vectors to
detect their inherent tendency to form clusters in multidi-
mensional space is called cluster analysis or clustering. The
analysis includes the determination of the distance between
points in the feature space. There are many ways to mea-
sure distance between points. Generally used, most familiar
one is Euclidean Distance (ED) which can be mathemati-
cally expressed as:

1
n

> (ai —b,-)zlz (11)

i=1

ED =

where n is the number of bands and a; and b; are the DN
values of pixels a and pixel b in band i.

All the steps of the proposed methodology may be
implemented with the help of the following algorithm:

Algorithm 1: Proposed Algorithm

Step 1: Initialization:
Collection and Compilation of relevant data: meteorological, Landsat
images, ancillary data, and ground truth
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Algorithm 1: Proposed Algorithm

Step 2: Pre-processing:
Generation and Analysis the Metadata Files: Checking of data

sufficiency, discarding the images with cloud cover more than 30 %
and planning field data collection program wherever necessary

-Creation of the layer stack for all the temporal images

-Conversion of DN values to reflectance values [Equation (1) and
Equation (2)]

-Generation of NDVI profile for obtained reflectance values
[Equation (5)]

Step 3: Temporal Analysis:

-Mean NDVI values are calculated for all the pixels obtained in Step 2
-Scatter plot for the temporal NDVI profile is created

-Streamlining based on Running Medians [Equation (6)]

-Further Enhancement using Moving Point Average [Equation (7)]
-Selection of the best values [Equation (8)]

-Generation of NDVIT

Step 4: Error Analysis:

-Assessment based on the Field Experimentation

-Analysis based on obtained results

4 Results and discussion

This study has been carried out in an experimental area con-
taining a variety of crops including sugarcane. Field traversing
and interaction with the farmers and ground truth for the
experimental area has been conducted for the year 2015. This
has been done twice a month, more or less synchronizing with
the LANDSAT 8 overpass on the area. Therefore, meteoro-
logical data on daily basis pertaining to the study area have
been collected for the year 2015. Preliminary investigations of
the data revealed that the average temperature varies between
2.40and 42.60 °C, Relative Humidity have been found to vary
between 11 and 100%, Average Vapour pressure have been
found to vary between 5.6 and 27.7 mm, Monthly Rainfall
have been found to vary between 0.0 and 134.8 mm, Evapo-
ration have been found to vary between 0.2 and 10 mm/day,
whereas the wind velocity have been found to vary between
0.4 and 5.9km/h. These meteorological parameters recon-
firms that the study area is suitable for a variety of crops from
meteorological consideration.

To carry out the experimental work, five agricultural
fields containing sugarcane (P1, P2, P3, P4 and P5) has
been identified and selected. The selection of the dates to
generate the temporal profile has been performed by cal-
culating the transformed divergence for all the possible
date combinations. The transformed divergence values
between 1900 and 2000 may be treated as good to achieve
the high classification accuracy [36]. The final selection of
the temporal data has been focused around the saturation
value 2000 as well as the growth stages of the sugarcane.
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Fig. 6 Scatter plot of mean NDVI for the fields P1, P2, P3, P4 and P5

The scatter plots of original temporal NDVI are shown
in Fig. 5. Close analysis of Fig. 5 indicates the presence of
contaminated values, particularly in the initial stage of the
crop growth. The contaminated values have been detected
due to the presence of abnormal decrease in NDVI, and the
numerical value of NDVI at these points does not fit into
the general crop growth model. Whereas field traversing
brought out the fact that during this period the general crop
growth was normal. Therefore, there is need to streamline
the temporal variation of NDVI values so as to monitor and
predict the crop growth in an appropriate manner. Figure 6
shows the streamlined scatter plot of mean NDVI for all the
sugarcane agricultural fields. The phenological attributes of
vegetation or crops has been parametrized based on the
variance, phase, mean and the number and time period of
peaks in the cropping season. The main characteristics of
each type are given in Table 3.

Cavernous study of Fig. 6 indicates the there are two
different growth patterns. The NDVI values are initially
low in case of plants P1 and P2 whereas the initial values of
NDVI remain high in the case of plants P3, P4 and P5. The
NDVI values of all the plants almost coincide near the 150
days after the plantation. Immediately after the tillering

period is over the NDVI values of the plants P3, P4 and P5
shoots up while there is a steady increase in the NDVI
values in case of Pl and P2. At the ripening stage the
values again coincided with each other. This temporal
profile clearly exploits all the stages of the growth and
further the numerical values of NDVI represent the general
crop growth. Therefore the temporal variation of NDVI
values can be used to monitor the crop growth in an
appropriate manner.

Variation of NDVI values during the sugarcane growth
periods have been used for the discrimination. A temporal
variation index NDVIT has been used for the analysis,
which is mathematically given as:

NDVI,, — NDVI,

NDVIT =——2 "~ ""1 (12)
NDVI,, + NDVI,,

where NDVI;, and NDVI,, are the mean NDVI values of
those sugarcane growth periods where the separation of
ratoon and plantation sugarcane is maximum. Close anal-
ysis of the Fig. 6 indicated that the maximum seperability
is during the initial 50-150 days (NDVIT050150) and
during 150-250 (NDVIT150250) days. Field experimen-
tation confirms the fact that the greenness of the sugarcane
have a maximum variation between Tillering stage and
Grand growth stage. This variation factor can be used to
discriminate the type of sugarcane as well as sugarcane
varieties. Stages of the sugarcane growth based on the
temporal values of NDVI in all the five selected field has
been given by Fig. 6. The accuracy analysis and mea-
surement of NDVI temporal profile have been conducted
based on the on-field survey and training sample data
collected from the different fields of sugarcane.

A total of 55 pixels have been chosen to measure the
classification accuracy. Table 4 revealed that 50 of 55
pixels were classified with an overall accuracy of 90.91%.
The value of the Kappa Coefficient was 0.80 which sig-
nifies that the approach may be used effectively for the
discrimination of ratoon sugarcane from plantation.

Table 3 Phenological attributes

of each pattern Type of Plant

Sugarcane 1 (plantation)

Sugarcane 2 (ratoon)

Characteristics Plant abbreviations
NDVI increases in steady state P1, P2
NDVI increases instantly in the mid of growing season  P3, P4 and P5

Table 4 Confusion matrix

Actual plant Actual ratoon Total Producer accuracy (%)
Classified plant 17 3 20 85
Classified ratoon 2 33 35 94.29
Total 19 36 55 -
User accuracy (%) 89.47 91.67 Overall accuracy 90.91
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5 Conclusions

The present study demonstrated that temporal vegetation
indices may be effectively used for the discrimination of
ratoon sugarcane from the plantation. The preliminarily
analysis and the streamlining of the temporal profile of
NDVI was required to extract the potential sugarcane
pixels from the NDVI images. Quantitative and qualitative
analysis based on the collected data was presented to
deduce the suitability and interpretations. In spite of the
fact that the present study is based on data for one single
year it is reasonable to deduce that the observed accuracy
of the proposed method is most suitable and operational in
achieving the global normal accuracy in Himalayan Foot-
hills areas having diverse agricultural practice. The pro-
posed approach may be explored and implemented in other
similar areas.
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