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ABSTRACT
Determining the area occupied by a crop is a prerequisite for estimating agricultural production in a region, and such
information at present can be generated from satellite remote sensing systems. This study uses multitemporal NDVI
images of SPOT-VEGETATION with a 1 km spatial resolution to estimate the wheat area in Córdoba Province, Argentina, and to assess 2 generic digital classification procedures based on crop phenological behavior. The Characteristic
Phenology Behavior Method (CPBM) uses the contrast each year between typical values of NDVI variation in the
wheat crop season and those of the area not occupied by active vegetation; while the other procedure, the Reference
Curve Method (RCM), assesses the correspondence in each pixel between the observed sequence of NDVI from seeding to physiological maturity, compared with 4 curves of reference. The CPBM 2 procedure, which uses the amplitude
of NDVI between sowing and heading (ampsh), produces estimates that correlate better with the observed record, with
approximately 70% (P < 0.01) of seeding area variability explained by this model in Río Segundo Department, but systematically overestimates the state reports at about 5%. On the other hand, RCM using Curve 1 explains 50% (P < 0.05)
of interannual variability of the crop area. Comparing CPBM 1 and CPBM 2 procedures, it was found that replacing
ampsh in the model with the minimum NDVI during physiological maturity stage (minpm) produced a deterioration of
estimation, with R2 reduced to 0.37 (P < 0.05). The validation test with records from Marcos Juárez Department confirmed the prior predictive behavior. In this case, CPBM 2 produced a R2 of 0.61 (P < 0.01) that, besides the problem of
overestimation, presented the linear relationship between observed and estimated with a slope that did not approach 1.
RCM classification models reach a predictive performance similar to that shown in Río Segundo, with R2 values close
to 0.50 (P < 0.05).
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1. Introduction
In a large part of Córdoba Province, dryland wheat production is marginal, characterized by low average yields
and high harvesting uncertainty [1]. While wheat production faces poor agroclimatic conditions in Cordoba, particularly because of lack of water availability and also
frost damage [2,3], the great increase of the soybean area
in recent years has become the main threat to the sustainability of farming systems because of a negative carbon balance (organic matter) and lower soil water availability. Thus, the inclusion of wheat in crop rotations has
been proved to be a necessary and advantageous practice
*
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for agriculture in the region.
In order to estimate agricultural production in a region,
it is necessary, on the one hand, to establish the area occupied by each crop and, on the other hand, to know the
productivity achieved. Classical surveying methods are
very expensive and time-consuming [4]. Using of radiometric data produced by remote sensing of the Earth has
been developed as a promising solution to overcome
these limitations [5].
At a crop canopy level, reflectance changes during the
growing season are greater in near infrared (NIR) wavelengths due to the increase of biomass causing its dispersion, while the visible fraction (V) spectrum shows a
minor but significant variation during the season, related
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to light absorption by the photosynthetic and photoprotection pigments [6,7]. The sharp contrast of reflectivity
between the V and NIR of a surface covered by active
vegetation is not present in bare soil or when vegetation
is not active. This signal is used to differentiate the two
basic components of an agricultural scene, soil or crop,
by a vegetation index (VI), such as the Normalized Difference Vegetation Index (NDVI), which integrates both
V and NIR data.
Classification methods discriminate various items of
interest exploiting the territorial variability of a scene, i.e.,
emphasizing the spatial or geographical dimension of the
radiometric data, but also can take advantage of differences in radiometric behavior throughout the cycle according to the phenological development of each crop,
giving particular importance in this case to the temporal
dimension of the records and their phenology particularly
[8].
The spatial resolution of the radiometric data is another important factor to consider in discriminating the
different cover of a scene. Traditionally, Landsat TM
data have been used to classify and map crops because of
its higher spatial resolution (30 m), but its use is limited
due to low revisit frequency and the high volume of data,
which makes it difficult to implement a crop monitoring
system [9]. For this reason, crop classification using
Landsat data has been restricted to solving problems at
local or sub-scene level [10]. These difficulties have encouraged the use of high temporal resolution images,
despite their lower spatial resolution, to characterize and
identify crops. There is extensive literature using Advanced Very High Resolution Radiometer (AVHRR) time
series, with a resolution greater than 1000 m, for this
purpose [11,12].
In recent years, from the availability of Moderate Resolution Imaging Spectroradiometer (MODIS) images opened
up the possibility of using this information that made a
balance between spatial (250 m) and temporal (16-day
composite images) resolution of the data [13]. Reference
[14] used this to determine corn and soybeans areas in
the USA, and validated their results using 2002 data from
the United States Department of Agriculture-National
Agricultural Statistics Service (USDA-NASS) at national,
state and county scale. While they obtained results that
highly matched the information used as reference, by
restricting the analysis to a single production season, the
predictive behavior that may occur under different climate scenarios remained an open question, to be overcome
by the use of more extended time series. Also, [15] used
MODIS Enhanced Vegetation Index (EVI) images to
estimate the area occupied by wheat in Santa Fe Province,
Argentina, and validated their results using Landsat data.
In this case, the analysis is restricted to a single year, too.
Reference [16] used time series consisting of 10-day
Open Access

MVC-NDVI images from SPOT VGT between 1998 and
2008, covering large parts of South America at 1 km spatial resolution. Filtered time series of vegetation indices
were used for studying vegetation dynamics at a continental scale. Reference [17] used 10 days of temporal
resolution SPOT-Vegetation NDVI data to develop a
method for identifying and describing areas with different vegetation cover types and agricultural areas that
followed different crop calendars in India. Reference [18]
generated NDVI profiles from nine scenes of SPOT/
HRV to characterize seasonal trends in six cropping systems in Japan. Reference [19] used four LANDSAT TM
NDVI images acquired in spring, early summer, late
summer and early fall in 1996-1997 to classify land cover
types in the south-western Argentine Pampas.
The aim of this work is to develop a methodological
and operational framework for estimating wheat area in
Cordoba Province, Argentina, using NDVI time series of
coarser spatial resolution (1 km). The development and
evaluation of two generic classification procedures are
presented, with different variants of calculation in each
case, to estimate the crop area. This provides an alternative to the routine procedure implemented by the Agriculture Ministry of Córdoba Province to estimate the production of major crops by using field surveys. In this
sense, the development of an agricultural forecasting
system from satellite data would serve, first in an exploratory stage and then in an operational context, as an
independent control element to verify the data that
emerge from field survey.

2. Materials and Methods
2.1. Site Description
As shown in Wheat Regions of Argentina (Figure 1),
Northern Regions II and V, and to a lesser extent Southern Regions I and V, converge in Córdoba Province, and
have different environmental conditions in both climate
and soil. While atmospheric water demand for wheat is
reduced during the winter season, there is a water balance deficit due to the low rainfall in the region, aggravated to a greater or lesser extent by the different waterholding capacity of soils. This limitation becomes gradually more pronounced from the more favorable climate in
the East (Region II North), to the more restricted conditions in the centre of the Province (Region V North). The
risk is reduced in the eastern sector of Córdoba Province
(Marcos Juárez Department), which is more likely to
receive a significant amount of rain during the wheat
season, so that the initial water reserve is less crucial to
reach the minimum consumption required to produce
yield [20]. The opposite occurs in the central region of
the province, where the risk increases because seasonal
rainfall in terms of its total amount or its distribution
IJG

A. C. de la CASA, G. G. OVANDO

1357

tina.
Through VGTExtract software [22], original images
were converted to Integrated Land and Water Information System (ILWIS Open 3.8) format, which was the
software used for processing. The analysis was made at
political boundary level, taking the delimitation of the
department administrative units from a vector map of
Córdoba Province, to define areas of interest (Figure 1).

2.3. Crop Cycle

Figure 1. Wheat production regions in Argentina.

is generally inadequate and, consequently, the initial reserve of water becomes critical to obtaining a reasonable
yield [1].
The previous stochastic analysis is also supported by
experimental evidence that shows the influence of water
availability in different parts of the Province, both at
planting and during the cycle, on wheat productivity [21],
particularly at the reproductive stage [3].

2.2. NDVI Data
The determination of the area occupied with wheat was
conducted using data of the Normalized Difference Vegetation Index (NDVI) from the SPOT-VEGETATION
satellite, provided by the Vegetation image processing
centre (CTIV) of the Flemish Institute for Technological
Research (VITO). The NDVI is a dimensionless index
that expresses the presence and density of vegetation, and
is calculated according to the following equation:
NDVI 

 nir   r
 nir   r

Table 1. Phenological stages observed in different years for
wheat cultivars grouped according to the cycle length, when
tested in Marcos Juarez INTA [23-25].

(1)

Here ρr and ρnir are reflectance values corresponding to
red and near-infrared wavelengths, respectively.
The S10 NDVI SPOT-VEGETATION was used in
this work. This product is composed over 10 days using
the Maximum Composite Value (MCV) algorithm. The
data contains only NDVI values, i.e. it does not have the
original spectral bands, or the viewing and solar angles.
The spatial resolution is 1 km and the images are radiometric and geometrically corrected, and are available for
the entire series of 10-day images from April 1998 until
December 2009, for the geographical territory of ArgenOpen Access

In tests conducted at the Agricultural Experimental Station INTA Marcos Juarez, which coordinates wheat Sub
regions I, II North, III and V North, and assists in the Sub
region II North, wheat cultivars are classified according
to the crop cycle length as long, intermediate and short,
with the dates of sowing, heading and physiological maturity, as shown in Table 1 [23-25].
Table 1 shows that the most common sowing date of
cultivars in the region ranges from the second half of
May to first fortnight of July, depending on the cycle
length, so that the period between May and June includes
almost all sowing dates in the Province. Meanwhile, due
to the photoperiodism behavior of this long-day species,
heading tends to occur from late September through October, with some independence of the planting date [3].
Similarly, all varieties reach physiological maturity in
November, as seen in Table 1.
In summer there is a greater diversity of crops in the
region, but wheat is the dominant crop during winter, so
that the growth dynamics of the NDVI curve are assumed
to represent only this crop. Figure 2 shows the variation
in wheat area and that of other alternate winter crops
(oats, malting barley and rye) harvested in Cordoba Province in recent years. The annual oscillation of the area
under wheat production is very noticeable, as well as the
marked decrease in wheat area in 2009 as a result of an
intense and prolonged drought in the region. Alternative

Year

2006

2008

2010

Cycle length
L-I
L-I
S-I
L-I
L-I
S-I
L-I
L-I
S-I
S-I

Sowing
15-31/May
1-15/Jun
16-30/Jun
16-31/May
1-15/Jun
16-30/Jun
16-31/May
1-15/Jun
16-30/Jun
1-15/Jul

Phenological stages
Heading
Maturity
28/Sep-07/Oct 01-14/Nov
02-17/Oct
n/d
01-15/Oct
n/d
01-10/Oct
11-20/Nov
02-20/Oct
11-20/Nov
08-13/Oct
10-15/Nov
01-15/Oct
14-28/Nov
10-20/Oct
15-30/Nov
10-20/Oct
19-28/Nov
14-24/Oct
21-29/Nov

Reference: L: Long; I: Intermediate; S: Short; n/d: no data.
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amplitude (ampsh) was also considered, determined by
the difference between the maximum (heading stage) and
minimum (sowing), typical of a normal plant growth
process. After obtaining the mean values of mins (m_mins),
maxh (m_maxh), minpm (m_minpm) and ampsh (m_ampsh)
for all pixels of interest, the area (pixels) occupied by
wheat was determined from a multiplicative scheme,
with three different models of evaluation, as seen in Figure 3.

Figure 2. Harvested area with different winter crops in
Cordoba Province, Argentina, between 1969 and 2011.

winter grain production is relatively very small in this
region during the period studied. Official data [26] shows
that the ratio of harvested area of other winter cereals
with respect to wheat was below 5% for all years between 2005 and 2011. Thus the proposed procedures
predominantly classified areas occupied with wheat

2.4. Methods for Estimating Wheat Area
To estimate yearly wheat area, the NDVI temporal profile of each pixel was compared with the relevant
phenological changes during the wheat growing cycle.
The classification was made with two unsupervised procedures. In both cases, the main stages of wheat development were adopted following to the information in
Table 1, assuming that this adequately represents the
diversity of wheat genotypes growing in the region.
2.4.1. Characteristic Phenology Behavior Method
(CPBM)
Following a decision tree approach, this procedure considers that wheat can be identified by exploiting the contrast between typical values of NDVI variation throughout the cycle with respect to the area not occupied by
active vegetation. The model rules consist of if-then conditional statements that specific input data are passed
through to arrive at a pixel wheat prediction [27]. The
sowing period necessarily represents a minimum in the
NDVI curve (mins), and following Table 1, a probable
window for the temporal location was established of two
months from May to June. Then, as the wheat cycle progresses, a maximum value of NDVI (maxh) should appear during the full coverage period corresponding to the
heading stage of this crop. This was considered more
likely to occur during September-October. Subsequently,
the variation of the NDVI curve should show a decrease
related to the senescence and physiological maturity
process, reaching a new minimum at the end of the cycle.
November was set as a window for determining the
minimum end-of-cycle NDVI value (minpm). Finally, the
Open Access

2.4.2. Reference Curve Method (RCM)
This procedure analyze the correspondence at each pixel
between the observed sequence of NDVI data from
planting to physiological maturity, compared to a continuous curve that was set with m_mins, m_maxh and
m_minpm values. Four reference curves (designated in
ascending order) where evaluated, which to simplify calculations, were formed by integrating 4 sections, as
shown in Figure 4. The first, common to all curves, includes a 50-day period from May 1st, and is a constant
value for each year and territory, obtained from minimum NDVI values. The constant value was calculated
subtracting a standard deviation (sd_mins) from the territorial minimum average value (m_mins). The third section of the curve also had constant values (plateau) for 40
days, and was obtained from maximum NDVI values
from September 1st. The constant value was calculated

Figure 3. Flow diagram of Characteristic Phenology Behavior
Methods (CPBM).
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2.5. Evaluation and Validation
The predictive behavior of the proposed procedures was
evaluated using crop statistics compiled and published by
the Agriculture Ministry of Córdoba Province [29] as
field information. Data from Río Segundo Department
(Region V North) were used to evaluate the procedures
and verification was then performed with data of Marcos
Juárez Department (Region II North).

3. Results and Discussion
Figure 4. NDVI profiles used by the Reference Curve
Method (RCM) for identify the pixels with wheat in 2010.
NDVI profiles observed in irrigated wheat plots (P) in different years are overlapping, as well as the average value of
the set (the bar indicates the standard deviation) and also a
polynomial curve fitting.

adding a standard deviation (sd_maxh) to the territorial
maximum average value (m_maxh).
Between the first and third sections, the method considers a linear growth rate that, depending on the curve
selected, determines an earlier or later plateau stage. Finally, the 4th section considers a decreasing linear rate
between the value of the 3rd section and a regional average of the minimum values for the month of November
(m_minpm) subtracting a standard deviation (sd_minpm),
and may be a little longer depending on the reference
curve considered. Figure 4 shows the 4 curves obtained
from RCM in 2010.
The first section of the NDVI curve corresponds to a
background NDVI value for fallow (field crops). In Figure 4 this value is 0.25, similar to the 0.20 proposed by
[28] for most field crops and nut trees. Also shown in
Figure 4, the NDVI profiles observed were obtained in
irrigated wheat plots for different years during the study
period, which explains the slightly higher values compared to the 2010 theoretical NDVI profile. Based on
average values of all plots for each 10-day period a
polynomial function was fitted to give continuity to the
records. The observed curve has a temporal development,
beyond its absolute value, that validates the phenological
information used to develop classification models, such
as the initial establishment period and the plateau stage,
which were established at about 50 and 40 days, respecttively.
To establish the wheat area, each pixel was evaluated
by correlation and regression between the reference curve
and NDVI values, considering two indicators for selection, the coefficient of determination and the slope of the
linear relationship. Wheat corresponds only to pixels
with both values greater than 0.5. As a test, thresholds of
0.4 and 0.6 were also evaluated for the classification.
Open Access

Figure 5(a) shows that, for most years, calculated values
correlated well with the wheat area estimated by the
Ministry of Agriculture, with greater or lesser accuracy
according to each procedure. However, for some procedures in 2007, the difference between the estimates of
both sources is very large. Nevertheless, the figure shows
that there is no appreciable increase in the wheat surface
over time, which supports the use of Root Mean Square
Error (RMSE) for comparative purposes. Figure 5(b)
shows the difference obtained each year between the percentage wheat area values reported and those estimated
using the different options proposed for Río Segundo Department.

Figure 5. (a) Observed wheat area (Agriculture Ministry of
Córdoba Province, Argentina) and estimated by the classification models in Río Segundo Department, of Córdoba,
Argentina, between 1998 and 2009. (b) Percentage difference between the wheat planting area reported each year
and the estimated values with the different classification
methods (Characteristic Phenology Behavior Method (CPBM)
and the Reference Curve Method (RCM)).
IJG

A. C. de la CASA, G. G. OVANDO

1360

To enable direct comparison, the planting area that the
state office obtains by system surveys and field survey
information, and the determinations of each computational procedure, were both expressed relative to the departmental area, so that the difference or residue between
the two is a measure of the error. With the exception of
2007, the percentage error in absolute terms of the set of
computational procedures is within a range of +/−10%,
while the average residual values, as shown in Table 2,
range between −3% and 4%, while RMSE has values of
between 5% and 8% for the different estimation methods.
Similarly to this study, [5] compared remote sensing
(RS)-based wheat acreage with Department of Agriculture (DOA) estimates by computing percent relative deviation, and found good agreement between real time
data and RS-based estimates, with percent relative deviation below 10%, as in our study.
Reference [30] classified different crops using SPOT4
XS (20 m) and SPOT5 XS (10 m), and the producer and
user accuracies for wheat were 79.8% and 97.4% respectively for SPOT4, and 86.1%; and 97.2% for SPOT5.
Guerschman et al. (2003) obtained producer accuracies
between 79% and 86%, and user accuracies from 75 to
79% when classifying wheat in Argentinean pampas with
LANDSAT images. In both cases the procedures used
higher spatial resolution imagery, compared to the coarser
1000 m SPOT-Vegetation.
Although the predictive performance of the classification methods can be broadly described as acceptable,
there are interesting differences between the various procedures. Procedures CPBM 1 and 3 produce very similar
estimates of wheat area, so that the incorporation of amplitude (ampsh) in model CPBM 3 appears to have no
additional effect on model CPBM 1. Model CPBM 2
considers ampsh instead of minpm, resulting in an increase
of estimated cropped area. In fact, slight differences were
determined between observed and estimated values produced by both CPBM 1 and CPBM 3, as shown in FigTable 2. Percentage error committed by the different methods
of classification of the wheat area: Characteristic Phenology
Behavior Method (CPBM) and the Reference Curve Method
(RCM), both in Río Segundo and Marcos Juárez Departments of Cordoba Province, Argentina.
Methods
CPBM CPBM CPBM
RCM 1 RCM 2 RCM 3 RCM 4
1
2
3
Diff. (%)
RMSE (%)

4.00
6.36

Diff. (%)
RMSE (%)

4.32
6.13

Río Segundo Department
4.11
2.45
1.63
6.36
6.72
7.20
Marcos Juárez Department
−8.38 4.59
1.85
2.51
9.38
6.20
5.20
7.22
−3.60
5.13

1.48
7.99

2.06
8.69

3.39
8.43

4.40
9.07

Diff. is an average difference between observed and estimated values;
RMSE is the root mean square error.
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ure 5(b), and the same behavior is observed in the error
measures in Table 2, which are practically identical, so
that including amplitude (amphs) in the conditional model
offers no predictive advantage. Thus, while CPBM 3
incorporates more information, CPBM 2, by excluding
minpm performs better in Río Segundo Department.
However, in Marcos Juárez Department RMSE was 9.38%,
and the systematic tendency is to overestimate the sowing area.
Methods using the reference curve (RCM) produced
higher RMSE values in general, implying lower accuracy
(Table 2). However, these methods perform well in most
years, despite produced pronounced overestimation and
underestimation in the years 2001 and 2007, respectively.
Only gradual differences arise between the curves, as
they pass from Curve 1 to 4, advancing through of the
plateau phase (3) and prolonging the final stage (4) of the
cycle. Their predictive behavior is distorted apparently in
that order, with an error increasing from Curve 1 to 4
(Figure 4).
Another option for comparing the predictive performance of these methods is correlation and linear regression
between the planting area reported by the state office
(which, for that reason, has the character of observed)
and the estimates produced by the different methods, as
shown in Figure 6. To simplify the analysis, these results
are presented separately according to the generic method
used. The results in Figure 6 support the previous impression of the strong tendency of all the procedures together to produce estimates around the identity line. Among
classification procedures, CPBM 2 estimates show higher
correlation with observed data, with approximately 70%
(P < 0.01) of annual wheat area variability explained by
this model, although, as seen in Figure 6, its estimates
are systematically about 5% higher than the state office
reports.
Comparing procedures CPBM 1 and CPBM 2 shows
that the replacement of ampsh with minpm in the model
produces a sharp deterioration in the correlation because
with CPBM 1 the R2 is reduced to 0.37 (P < 0.05). This
confirms results of [14], which developed parsimonious
models to estimate the area occupied by corn and soybeans in the United States agricultural region from
MODIS images, and determined that the amplitude of the
NDVI curve was the variable that most reduced the variance.
Moreover, comparing the results of CPBM 1 and
CPBM 3 shows that the estimates are almost equal and
the regression curves are superimposed, so that the increase in the dispersion is due to the presence of minpm in
the model. In the Reference Curve Method, the replacement of one curve by another produces significant decreases in the accuracy achieved, with Curve 1 being
more appropriate to estimate the wheat area because it
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Figure 7. Relationship between the percentage area of Río
Segundo Department sown with wheat (observed), and the
values estimated from the Reference Curve Method (RCM)
using Curve 1 with different thresholds (> 0.4, > 0.5 and >
0.6) for the coefficient of determination (R2) and the slope of
the relationship (b).

Figure 6. Relationship between the percentages of Río Segundo Department wheat area estimated by the Characteristic Phenology Behavior Method (CPBM) (top) and the
Reference Curve Method (RCM) (bottom) and the observed
by Agriculture Ministry of Córdoba Province.

explains at least 50% (P < 0.05) of the variability, although with a tendency to underestimate. The results for
RCM 3 and RCM 4 produce non-significant coefficients
of determination (P > 0.05), but retain the same trend as
other procedures.
In order to determine the limit to define the area occupied with wheat from RCM, values of 0.4, 0.5 and 0.6
were established in a test mode, for the coefficient of
determination and the slope of linear relationship between the sequence of NDVI of each pixel and the reference curve. This implies a range of conditions with lower
to higher thresholds for classifying the membership of
each pixel. As better predictive performance was found
from reference curve 1 (Figure 4), only the behavior of
RCM 1 was analyzed comparing estimated values with
the planting records. Figure 7 thus reveals that, when the
selection criterion is more restrictive (R2 and b > 0.6), the
linear slope of the relationship between observed and
estimated values tends to produce more pronounced underestimates and, conversely, when the limit is less strict
(R2 and b > 0.4), the method consistently identifies more
pixels as wheat than do the official statistics. Using > 0.5
as limit, the slope of the relationship tends to 1 and the
intercept is not different from zero, confirming the fitness
of using this value when the classification is operated
Open Access

under the curve method.
To analyze the results produced by the classification
methods under different environmental conditions to those
of Río Segundo Department, control tests were added
from the information produced and surveyed in Marcos
Juárez Department, in part of the Wheat region II North.
Figure 8 shows the percentage difference between the
observed values of the fraction of the territory occupied
by wheat and the estimates produced from the proposed
methodologies, while Table 2 includes the average error
measurements for each of them.
Classification models in Marcos Juárez gave similar
results to those obtained for Río Segundo Department.
Here again, CPBM 2 produces a systematic overestimation of the planted area, even higher than in Río Segundo,
with the value exceeding 10% in the 5 years of the series.
Also, the RMSE increases from 5% to 9% and the average error from −3.6% to −8.4% (Table 2). The remaining
models produce results that are covered by the band of
+/−10%, with the exception of 2000 and 2007 years,
when RCM 2, RCM 3 and RCM 4 are above this limit.
However, comparing the results of Table 2, in general
the differences of each predictive method are notably
small.
As in Río Segundo Department, the use of the reference curve tends to produce results with greater error
when the plateau phase is considered earlier in the cycle,
with a consequent prolongation of the final stage, which
may be considered as confirmation of the phenological
information used as reference in Table 1, placing the
period of the heading stage from late September to October. Finally, in this case too, the relationship between
observed and estimated values of the area occupied by
wheat was analyzed by correlation and regression, with
the results shown in Figure 9.
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Figure 8. Percentage difference between wheat areas reported each year at Marcos Juárez Department, Córdoba,
and the estimated values by the various methods of classification (Characteristic Phenology Behavior Method (CPBM)
and the Reference Curve Method (RCM)) between 1998
and 2009

when using AVHRR data with a pixel resolution of 1.1
km. To have ground truth of this magnitude, it would be
necessary to observe a larger area than 1 km2 and calculate the percentage area of woodlands, non-spring-wheat,
spring wheat, and others. Therefore, we used the acreage
of wheat for each department as our test of accuracy for
the unsupervised NDVI-Spot categorization.
Reference [32] noted that even with subpixel unmixing
methods, MODIS data were able to capture only half of
the variability expressed in Landsat data at the scale of
individual fields (~10 ha). While MODIS offers great
promise for characterizing croplands at larger scales, continued acquisition of Landsat resolution data is imperative for the many agricultural applications that require
field-level observations.
Finally, the procedures that used NDVI of SPOTVegetation to classify crops are less effective than those
of [27] because they used, on the one hand, MODIS data
of higher spatial resolution, and, on the other, they incorporated complementary agroclimatic information

4. Conclusions

Figure 9. Relationship between the percentages of Marcos
Juárez Department wheat area estimated by the Characteristic Phenology Behavior Method (CPBM 1, 2 and 3) and
the Reference Curve Method (RCM 1) and observed by the
Agriculture Ministry of Córdoba Province.

Model CPBM 2 best explains the interannual variability of wheat area in Marcos Juárez, with a coefficient of
determination equal to 0.61 (P < 0.01), and gives similar
results in Río Segundo, but in both cases with a significant but systematic overestimation. In addition, the slope
of the linear relationship between observed and estimated
values does not tend to 1, resulting in greater overestimation when the sowing area is smaller. The other classification models reach a predictive performance similar to
that shown in Río Segundo, with values of R2 close to
0.50 (P < 0.05). Although the dispersion is higher, the
results tend to approach the identity curve, which explains why the mean errors are smaller, especially in the
case of an RCM, as shown in Table 2.
Categorization accuracy is best evaluated when groundtruth data can be used. This is the usual procedure followed when using Landsat TM data and other satellite
data with pixel resolutions that are smaller than field
sizes. Reference [31] consider that this is not feasible
Open Access

Maximum Composite Value of SPOT-Vegetation proved
to be a suitable data source to capture the NDVI profile
characteristics of wheat in this region of Córdoba, Argentina, to classify wheat area using remote sensing, with
the advantage of having that information quickly and
cost effectively.
In most years, the procedures presented produce appropriate classification results to estimate the wheat area
in Cordoba Province at Departmental level, both in Río
Segundo and Marcos Juárez, when compared with those
obtained with traditional methods by the Agriculture Ministry of Córdoba Province. However, estimation errors in
some years are more pronounced and this requires further
analysis.
Under the different environmental conditions present
in wheat farming Regions II and V North in Argentina,
predictive methods show very similar behavior in both
Río Segundo and Marcos Juárez Departments, which can
be considered a strength and encourages its implementation more generally in other regions.
The Characteristic Phenology Behavior Method 2
(CPBM 2) produced estimates that correlate best with the
records of the planting area issued by the Ministry of
Agriculture of Córdoba Province. This supports the use
of the NDVI curve amplitude for classifying land use.
However, despite explaining about 70% and 60% of the
interannual variability of the planting area in Río Segundo and Marcos Juárez, it produces systematic overestimation of 5% and 13%, respectively. Curve 1 was the
most appropriate of the Reference Curve Methods to use,
as it produced error values of 7% and 5% in Río Segundo
and Marcos Juárez, respectively, a lower general error
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than CPBM 2. However, this RCM 1 accounts for only
50% of the variability of the departmental planting area.
The 1000 m spatial resolution of MVC Spot data still
limits further improvement of classification accuracy due
to the effects of mixed pixels on plot edges. Efforts in
pixel unmixing could be made to extend the use of this
methodology to smaller plots.
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