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ABSTRACT

One of the biggest problems of agribusiness in Brazil is re-
lated to estimation and forecasting of agricultural crops. In
this problem, time series classification enters as a way to help
production estimation. In this paper, we are concerned with
the development of an automatic classifier that identifies the
areas covered with the sugarcane culture by using Normalized
Difference Vegetation Index (NDVI) time series, from the
AVHRR/NOAA data warehouse of Center of Meteorological
and Climatic Research Applied to Agriculture (CEPAGRI).
We assumed that a multidimensional space generated by in-
formation obtained in the harmonics is a appropriate space to
study the similarity between time series. Here we used the
word features of a series to refer the coefficients extracted by
time series in Fourier decomposition. The proposed method-
ology has shown to be efficient with a high success rate for
the classification of the culture of sugarcane in images from
Jaboticabal city, in Brazil, 2004/2005.

Index Terms— Classification criteria, harmonic analysis,
mean feature curve.

1. INTRODUCTION

In Brazil, agribusiness turnover in 2009 was about 23%
of Gross Domestic Product (GDP), equivalent to R$ 735
billions[1], which gives a sense of dimension and potential of
national agriculture. Otherwise, one of the problems faced in
Brazil’s agribusiness is related to estimation and forecasting
of agricultural crops. Without a reliable number, economic
agents become oriented by information generated from dif-
ferent sources, which are not always concordant. An efficient
crop estimation system is essential to any country that de-
pends directly on agriculture. The usual way to obtain data
to estimate crop in São Paulo state (Brazil) consists on field
surveys by census method, in which all the sample units are
considered, or by sampling, in which only a portion of the
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sample units are considered. One of the disadvantage of these
methods is their expensive and complex structure.

The area classification favor the use of rescheduling land,
to avoid overproduction of one product, shortage of others,
supply domestic and foreign markets, to promote some prod-
ucts considered essential to the national economy, to estimate
the losses from pests, diseases and natural phenomena such
as drought and flood, which are common in tropical countries
like Brazil.

The main goal is to develop an automatic classifier that
identifies the areas covered with the sugar cane culture by us-
ing Normalized Difference Vegetation Index (NDVI) time se-
ries, from the AVHRR/NOAA data warehouse of Center of
Meteorological and Climatic Research Applied to Agricul-
ture (CEPAGRI) [2]. We used that an NDVI annual series
is sufficient to identify the sugarcane [3], i.e. its peaks, val-
leys and information from its curve are sufficient to classify
the cane. We assume that a multidimensional space generated
by the information obtained in the harmonics (amplitude, ad-
ditive term and phase angle) is an appropriate space to study
the similarity between NDVI series.

2. MATERIAL AND METHODS

The study area is the Jaboticabal city in state of São Paulo.
That city is a leading producer of sugarcane in Brazil, located
in Southeast (21o 15’ 18” S and 48o 19’ 19” W). The NDVI
multi-temporal images were obtained from NOAA satellites
from crop season 2004/2005. For each crop season, the NDVI
series varied from the beginning of planting in April, pass-
ing through the period of greatest vigor and going up to end
of the harvest in March. The raw image transmitted by the
NOAA satellite can contain problems and distortions. There-
fore, all images were processed according to the following
steps: format conversion from raw images to intermediate
format; radiometric calibration; geometric correction; mask-
ing of clouds and generation of Maximum Value Composite
of NDVI images. These processing methods were performed
by the NavPro system [2]. This system guarantees that each
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image has no noise and less than 30% of pixels covered by
clouds.

2.1. Feature extraction of time series by using the har-
monic function

Although we deal with discrete data, we will support the the-
ory of continuous functions to admit later that the data used
can be understood as a sample of the continuous approach. To
classify a pixel, we used the harmonic function of the NDVI
series. The key idea behind the harmonic (Fourier) analysis is
to decompose a signal into an infinite number of components
(harmonics)[4]. Each component is made up of sine and co-
sine waves of same frequency. Let f : [0, L]→ R continuous,
then:

f(x) ∼ 1

2
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The both representation of f(x) on right hand side are, each
one, forms of the harmonic function (Fourier series), so aj
and bj are the Fourier coefficients, cj is the amplitude and φj
is the phase angle of j-th term. Let us define the j-th harmonic
as the j-th term of the Fourier series (for j ≥ 1) given by:
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For a finite set of data y(t) with t ∈ {1, 2, · · · , n}, we use
these ideas to work with a adjusted data through the above
series, where the coefficients were obtained by a least squares
fit. Any data series, with n points, can be well approximated
by the following finite expansion using m < bn2 c and exactly
represented by m = bn2 c:
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where ȳ is a is the arithmetic mean of the data and Ak, Bk,
for a series of equally spaced data in time and without missing
values, takes the form:
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Notice that we are adopting a time series classifying fea-
ture based approach. It is also important to observe that ap-
proximation of a data series, can be done by use of any base,
not necessarily the sines and cosines base. The coefficients
found in this approach are the features of this series, i.e., fea-
tures of a series, related to a base, are the coefficients of the
best possible adjustment of this series by a linear combina-
tion of elements of that base. Roughly speaking, for each
pixel, a time series of NDVI related to that pixel is adjusted
by a trigonometric polynomial.

2.2. Classifier architecture

Our general purpose of classification is to identify structure
in an unlabeled data set by objectively organizing data into a
homogeneous group where the within-group-object distance
from a center is less than a giving value.

To classify a pixel, we proposed a method to analyze the
similarity between the features obtained from its NDVI series
by the use of decomposition (2), and the average features of
a control group. If the distance between them is less than a
given tolerance, we say that pixel belongs to the sugarcane
class, therefore, it is necessary a training phase before classi-
fication phase. In the training phase, we obtain a NDVI curve
(mean feature curve) that well represent any curves of NDVI
sugarcane annual series. In the training phase, we used data
from Jaboticabal city for the period from April 2004 to March
2005. To build the mean feature curve, a mask were gener-
ated to guarantee that only pixels classified as sugar sugar-
cane fields were processed, eliminating urban areas, soil, and
other kinds of vegetation.

We have an NDVI sugarcane annual series Si with n
points. For each of these series, we have a vector of features
with dimension size up to 2bn

2
c + 1, which we shall call

feature vector vi. This vector is defined as follows: the first
coordinate vi1 refers to the additive term ȳ of the harmonic
decomposition. The coordinates vi2k and vi2k+1 are respec-
tively the values of amplitude (Ck) and phase angle (φk) of
the k-th harmonic.

The numberm of harmonics can range from 1 to bn
2
c and

the features vector dimension will always be equal to 2m+ 1.
Using then the features vectors, we can obtain the mean fea-
ture vector v̄, which is the result of the function minimiza-
tion of Q(v̄) =

∑
[d(vi, v̄)]2, where d is the Euclidean dis-
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Fig. 1. Building mean feature curve from a sample of pixels.

tance. It is, therefore, a problem of quadratic objective func-
tion without constraints, where the solution is the arithmetic
mean of the coordinates.

Thus, we have a curve defined by a trigonometric poly-
nomial where the coefficients are the coordinates of the mean
feature vector. That curve, denominated mean feature curve,
is a good representation of the series. The basic concept be-
hind this idea is that the behavior demonstrated by the varia-
tion of the NDVI has a strong seasonal component that can be
well represented in the features space and thus well simulated
by the mean feature curve. To avoid the risk of incorporating
features of outliers, we choose to exclude these outliers from
the test set by Chauvenet’s criterion [5].

By choosing the appropriate number of harmonics, this
classification may occur prior to the crop season end. For in-
stance, if we consider m = 3, the feature vector will have
dimension 7, which will allow employment of the method
once we reach the sixth month. To say that a pixel belongs
to sugarcane class, we have two criteria,

C1 : #S < ε where S = {Vi | |Vi − v̄i| ≥ λσi}, (5)

C2 :
m∑
i=1

|Vi − v̄i|
λσi

< ε (6)

where 1 ≤ i ≤ 2m + 1 and σi is the standard deviation of
the data used to build the coordinate i of v̄. In each criterion,
λ define the dispersion tolerance and ε is the acceptable toler-
ance value related to the difference between V and v̄, where
V is the feature vector of the pixel to be classified.
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Fig. 2. All the processes involved in the classifier.
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3. EXPERIMENTS AND RESULTS

We tested criteria (5) and (6) in the data from Jaboticabal in
2005. In each criterion, λ and m were varied to determine the
best classifier performance based on the observation of the
confusion matrices that were obtained.

To provide a better statistical analysis, the confusion
matrices were obtained from the arithmetic mean of the
confusion matrices obtained in the turns generated by cross-
validation. Cross-validation is a statistical method of eval-
uating and comparing learning algorithms by dividing data
into two segments: one used to learn or train a model and the
other used to validate the model. In typical cross-validation,
the training and validation sets must cross-over in succes-
sive rounds such that each data point has a chance of being
validated against each other. We used the basic form of
cross-validation in k-fold cross-validation where k = 10.

We compare the performances of C1 and C2 criteria with
the parameters m, number of harmonics ranged from 3 to 6
and λ, ε ∈ {1, 32 , 2,

5
2 , 3}. Here, ε is a number related to

infractions that the vector can commit to still be considered
sugarcane. In C1 criterion, ε is a integer, but in C2 that is
not necessary. Notice that ε must be a positive number less or
equal than 2m+ 1.

The parameter values that generated percentage of accu-
racy for true-positive (TP) and true-false (TF) of less than
65% were discarded. Thus, we obtained a clear perception
that the criterion C1 was more effective for TP detection, but
has a lower success rate for TF detection. On the other hand,
criterion C2 seems more appropriate as a dissimilarity mea-
sure and less efficient for TF detection.

The best results were obtained by ε = 2 and one of the
best performance was reached for C1 with m = 5 and λ = 2
with the following confusion matrix:

actual
value

Prediction outcome

0.88 0.12

0.13 0.77

Good results were also observed for criterion C1 with
m = 3, λ = 1.5; m = 6, λ = 2 and for C2 criterion with
m = 3 and λ = 3. These results are respectively described
by the following confusion matrices:

0.76 0.14

0.12 0.78

0.86 0.14

0.30 0.70

0.70 0.30

0.10 0.90

4. CONCLUSION AND FUTURE WORKS

The proposed methodology was efficient with a high suc-
cess rate for the classification of the culture of sugarcane in
AVHRR/NOAA images, with advantage over classification
based on mask, because it is able to detect sugarcane expan-
sion.

The C1 criterion, based on integer infractions, has been
more appropriate for the sugarcane pixels recognition than the
C2 criterion. However, for identification of no sugarcane pix-
els, the C2 criterion, based on the infraction strength, was
more appropriate. Overall C1 has shown a better performer
than C2, but maybe is possible build a better criterion from
mixing C1 and C2. Thus we would have two turns for classi-
fier iteration, where after the classification made by one of the
criteria, we extract pixels of the class that criterion best rec-
ognizes. In the remaining database we reapply the classifier
based on other criteria. The idea is, in some sense, improves
the classifier performance in a balanced way, i.e. improving
TP and TF at the same time.

Regarding future work, we must emphasize that the
trigonometric basis is not the only base, so they can be
replaced by Wavelets. Besides that, Euclidean distance can
be replaced by a metric that allows the pixel to be partially
pertinent to the sugarcane class, this can be done by using
fuzzy sets at the Fourier coefficients. That way you can deal
with the hassle of manipulate low-resolution images using a
crisp approach.
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