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Abstract. The main goal of agricultural crop management in any country is to guarantee food resources for its population.
The heterogeneity of corn-growing conditions in many countries, especially in Mexico makes accurate predictions of yield
ahead of harvest time difficult. Such predictions are needed by the government to estimate, ahead of time, the amount of
corn required to be imported to meet the expected domestic shortfall. In this paper, therefore, a methodology for the
estimation of corn yield ahead of harvest time is developed for the conditions of intensive production systems in central
Mexico. The method is based on the multi-temporal analysis of NOAA-AVHRR satellite images, and uses normalized
difference vegetation indices (NDVIs), Degree-Days (DDs) and Leaf Area Indices (LAIs) to predict corn occurrence and
yield. Results of the application of the methodology to successfully identify sites with corn, and to predict corn yield in
Central Mexico, are presented and discussed.
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Metodologia para la estimacion del rendimiento de maiz
utilizando datos de sensores remotos satelitales
en el Centro de México

Resumen. El principal reto de la agricultura en cualquier pais, es garantizar la produccién de alimentos para su poblacion.
La heterogeneidad de condiciones de cultivo del maiz en muchos paises, especialmente en México, hace mas dificil hacer
predicciones de sitios de ocurrencia y de rendimiento antes de la cosecha. Las predicciones anticipadas a la cosecha son
necesarias al gobierno para estimar la cantidad de grano que requiere importar con el fin de afrontar los déficit de
produccién. Por ello, en este articulo se desarrolla una metodologia para la estimacién anticipada a la cosecha del ren-
dimiento de maiz, bajo las condiciones de sistemas de produccién intensivos en el Centro de México. El método se basa
en el analisis multi-temporal de los indices de vegetaciéon normalizados (NDVI) de imagenes de satélite NOAA-AVHRR,
grados-calor (DD) y los indices de area foliar (LAI) para predecir ocurrencia en maiz y su rendimiento.
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En este articulo se discuten los resultados de la aplicacién de una metodologia generada para identificar areas de siembra

de maiz y predecir su rendimiento en el Centro de México.
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INTRODUCTION

Optical remote sensing techniques in parti-
cular are well suited for agricultural appli-
cations, because the techniques are able to
provide information on the actual status of
crops at different growth stages via their
spectral signatures. Yield prediction ahead of
harvest time is associated with the capacity not
only to identify the crop species of interest, but
also to determine values for agronomic varia-
bles such as maturity, population density, vi-
gour, disease, and weed infestation. These
agronomic variables can be used as yield indi-
cators upon which crop growth models are
based (Clevers et al., 1994). Accurate crop yield
estimation therefore relies on the availability
and quality of actual crop status data.
NOAA-AVHRR (Advanced Very High Re-
solution Radiometer) satellite images provide
a spatial resolution of 1.1 km? in the visible
and infrared spectrum bands and offer a short
temporal coverage cycle of one take every 12
hours. A number of studies have used such
satellite images for the monitoring of crop
development (e.g. Watts and Saiz, 1996) and
for the characterization of natural vegetation
(e.g. Saiz et al., 1996) in Mexico. The quality of
the results in these types of studies depends on
different factors, including the accurate deter-
mination of areas of coverage of the crops of
interest through their spectral signatures.
Information concerning the status of crops
can be obtained through vegetation indices
(Vis; Tucker, 1979). These are functions that
measure crop reflectance in terms of the ratio
of the visible to the near-infrared bands.
Research by Tucker ef al. (1985) and Goward et

al. (1991) shows that the VIs derived from the
NOAA-AVHRR sensor have been effective in
determining the spatial variation and pheno-
logical changes in vegetation. Although seve-
ral VIs have been defined (Jackson and Huete,
1991), the most commonly used is the NDVI
(normalized difference vegetation index), defi-
ned as NDVI = (IRc - Vis)/(IRc + Vis), where
IRc is the near infrared band and V is the visi-
ble red band (Schowengerdt, 1997). Techni-
ques to improve the use of NDVIs are being
developed, for example, to normalize multi-
temporal NDVIs derived from NOAA AVHRR
data for atmospheric effects (Potdar et al.,
1999).

However, despite advances in crop yield
prediction models, the applicability of such
models is limited to particular crops, culti-
vation practices, and growing conditions, and
no one model has proved to be of general
applicability in all conditions (Gommes, 1998).
In addition, there is recognition that an inte-
gral part of predicting yield lies in the accurate
identification of growing sites and mea-
surement of crop sown area, prior to using VI-
based methods to measure and predict crop
growth and yield (Gommes, 2001).

Therefore, the general objective of the re-
search line into which this paper is inserted
has been to develop a series of methodologies
for the determination of growing sites and
yield prediction of different crops in Mexico.
Earlier research has revealed the need to
obtain better spectral signatures in order to be
able to accurately determine the extent and
spatial distribution of crop and vegetation
species for any current agronomic cycle (Soria,
1999; Soria and Ferndndez, 2002). This paper
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adds to the work contained in its predecessors
by developing a methodology for determining
growing sites and yield prediction of the corn
crop in Mexico, using NDVI data derived from
NOAA-AVHR satellite images and determi-
nations of leaf area indices and degree-days,
and tested against field-based measurements
of crop yield. A leaf area index is the area of
green leaf per unit area of ground; degree-
days is a unit for physiological time, the
amount of heat needed by an organism to
develop. Corn was selected as the crop of
interest for this study on account of its econo-
mic and social significance and its central role
in sustaining the Mexican population.

The work is made more imperative by the
knowledge that rich agricultural land in
Mexico is quickly receding due to the pressu-
re exerted by urbanisation, industrialisation,
and rapid population growth. This has been
coupled with the effects of international trade
agreements, whereby large agricultural enter-
prises contribute to land use changes that
favour profitable crops demanded by foreign
markets but which are detrimental to the
staple basic crops such as corn, which must
then be imported (Grennes, 1992). Adequate
planning for corn importing requires knowing
ahead of harvest-time as accurately as possible
what the domestic demand will be, as better
prices can be negotiated for larger volumes
ahead of time.

Deriving the spectral signatures for corn
crops in Mexico is difficult as the cultivation
plots vary in size, shape, topography and the
cultivation characteristics are also varied
(Soria et al, 1998). In addition, in Mexico as in
other developing countries, agricultural crops
do not occupy the same sites year by year and
are grown under different irrigation regimes.
For this reason, in this work it was necessary
to determine with different anticipation dates

the type of crop or coverage through a
discriminant analysis, in addition to the yield
prediction for corn.

With corn, the closer the plants are to
the flowering stage the more accurate is the
yield prediction (Soria and Fernandez, 2002).
However, for national planning purposes, the
flowering stage is inconveniently late (close to
harvest), so there is great interest to have
acceptably accurate predictions as far ahead of
the flowering stage as possible. A previous
version of this methodology was tested by the
same author which did not include the use of
some variables. Therefore the objective of this
paper is to specifically consider the following;:
a) Determining sites of occurrence of corn in
Central Mexico through NOAA-AVHRR sa-
tellite images; b) Predicting yields ahead of
harvest time based on multi-temporal analysis
of NDVI derived from NOAA images, and
degree-days; and c) Identifying in advance the
type of coverage on the basis of NDVI through
a discriminant function.

CROP YIELD PREDICTION

The main goal of agricultural crop manage-
ment in any country is to guarantee food
resources for its population. At the global level
the goal is to adequately feed 6 billion people,
a number which will very likely double by
year 2050. Several factors can cause food short-
ages, resulting in famine or in triggering of
economic crises. Crop yield prediction ahead
of harvest time and involving large regions is
therefore an important issue for many coun-
tries. Crop yield prediction entails the appli-
cation of crop growth models and crop yield
models. However, there is a large variety of
models and a number of problems associated
with them.

Some crop growth and yield models
rely on computer simulation and include
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weather-related variables; others are statis-
tical estimation models based on multiple
regression equations. Studies on understan-
ding crop yield models are exemplified by the
Large Area Crop Inventory Experiment LACIE
(MacDonald, 1984). No single model, however,
has proven satisfactory in all conditions.
For example, the usefulness of some of
the process-oriented models such as CERES
(Larrabee and Hodges, 1985), WOFOST
(Diepen et al., 1989), and EPIC (Williams et al.,
1984), is limited due to the fact that they were
developed in specific research contexts and
for areas sometimes as small as a single field.
They have to be used in combination with
other geostatistical and geographic informa-
tion manipulations to provide input to the
regression models typical of yield functions.
The leading crop simulation models have been
deemed as being too complex to be of wide-
spread applicability for crop forecasting
systems (Gommes, 1998).

Remote sensing has been used to furnish
input data for the models. Spectral vegetation
indices have been developed in an attempt
to correct for atmospheric and soil spectral
effects on remotely-sensed data (Broge and
Mortensen, 2002). The spectral vegetation
index (VI), which is a measure of the total
green biomass at any given time, has been
related to grain yields as reported in Potdar
et al. (1993).

The normalised difference vegetation index
(NDVI) can be computed from red and near
infrared reflectance data available from
LANDSAT-TM, SPOT, and NOAA-AVHRR
satellite images. The NDVI has been used
largely to derive phenological information
for large areas where ground data are not
available.

Parameters of growth profiles show close
physiological analogy with determinants of

yield. The NDVI has been shown to be highly
correlated with the final grain yield of cereals
around the time of maximum green leaf
biomass development (Tucker et al., 1991). For
example, the peak value of the NDVI profile
at the time of peak occurrence is analogous to
the maximum leaf area index (LAI).

Crop production forecasting using satellite
images over large areas has been performed
in different places for different crops. In India,
NOAA-11 AVHRR data have been used to
model and evaluate wheat crop growth rate
and yield using a method of atmospheric
normalisation (Kalubarme et al., 2003). The
Hungarian Agricultural Remote Sensing Pro-
gram developed an operational methodology
to assess crops and forecast yield at county
level, incorporating information from pre-
existing farming information systems (Csornai
et al., 1999).

Satellite-based crop yield models for large
areas and the generation of national statistics
have been developed for several countries:
Argentina, Brazil, the Republic of South Afri-
ca, Morocco, Poland, Hungary, Kazakhstan,
India, and China. AVHRR-based models were
accepted by the Polish government as official
tools for cereal yield diagnostics (Unganai and
Kogan, 1998). Successful crop yield modelling
for maize has been reported for the Corn Belt
in the USA (Hayas and Decker, 1996).

The relevant findings of these studies show
that the models are specific to both crop
and location, and that the forecasts can be
acceptably accurate provided the sown areas
are precisely determined. Indeed, recent
reports of applications in Asia have concluded
that the use of vegetation indices can be
disappointing unless the sown areas are well
estimated (Gommes, 2001).
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SCOPE AND APPLICATION OF THE
STUDY

The research reported in this study constitutes
a first step to forecasting corn yield over large
areas using high radiometric resolution sa-
tellite image data under the growing condi-
tions of intensive production systems in
central Mexico. In general, existing procedural
methods of yield prediction, such as EPIC or
WOFOST, are unable to properly model these
growing conditions. Research aimed at the
better calibration of growth models in real-
world conditions is required, since many
models behave appropriately only under ideal
conditions in experimental stations, or are
otherwise restricted in applicability to a limi-
ted range of physical, climatic, and crop-
growing conditions (Ibid.). In addition, good
estimates of crop sown area through high reso-
lution images are needed if soundly-based
estimates of crop yield are to be obtained.
Current and accurate sown area determi-
nation is especially important when there is a
high rate of change of crop typology from
season to season, such as for corn crops in
Mexico. Additional complexities arise because
the spatial properties of plot areas can also
vary, due to the growth of cities and the
transformation of rural areas to semi-urban or
urban. Corn plots can range in size from very
large (300 ha) in the northern part of Mexico to
very small (0.5 ha) in the central and southern
parts of the country. In addition, plots often
have irregular shapes. In many regions a li-
mited irrigation regime may be practised for
some crops such as maize; under limited
irrigation, also known as semi-irrigation, a
crop will receive one pre-sowing irrigation and
an auxiliary one after the crop emerges. Due to
climatic variations and to the fact that over
70% of the sown areas depend solely on

seasonal rain, farmers sow at different dates
even within the same region. Another impor-
tant consideration is the lack of a well struc-
tured national farm information system to
provide sound crop data from the farmers
themselves 2002).
Higher resolution satellite images such as
NOAA-AVHRR, which have a higher radio-
metric resolution (1 024 grey levels vs 256 for
Landsat ETM), offer a good alternative for
estimating crop area offer a first alternative
towards predicting crop occurrence and yield
under certain conditions.

The monitoring of crops and resources is of
concern to all countries, particularly develop-

(Fernandez and Soria,

ing countries whose economies are heavily
based on agricultural activities. The twin tech-
nologies of remote sensing and geographical
information systems have allowed for the
development of operational systems to sup-
port political
knowledge and understanding of the dyna-
mics of phenomena such as the advancement
of urban areas, periurban agriculture, migra-
tion, new ruralities, desertification, sustainable
agriculture, precision agriculture, international
competitiveness, and marketing (Ibid.).

In Mexico, as in many developing coun-

decisions and to advance

tries, these phenomena are very dynamic and
contribute to the inter-seasonal variation in
crop typology and in plot size and shape
distributions. The application of modern remo-
te sensing technologies at the national level in
Mexico, however, has barely started. Never-
theless, the government is keen on the
development of such technologies and their
use for monitoring crops, in order to improve
agricultural statistics and associated policy
and planning decision-making. Official sta-
tistics, upon which governmental policy and
planning decisions are made, are recognised as
inaccurate and outdated, some of them
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blatantly so (Soria et al., 2003). The work
reported in this paper is expected to provide a
means by which corn sown area and yield in
Mexico can be better estimated, and upon
which better policy and planning decisions can
be made.

MATERIALS AND METHODS

The framework for the development of the
methodology for the determination of growing
sites of corn crops and yield prediction in
Mexico had two major phases: a) identification
of the sites where corn was growing and the
measurement of cultivated area; and b) yield
prediction. Figure 1 graphically outlines the
general approach and the methodology re-
ported in this paper, including the various
components of the methodology as described
in the following sections.

STUDY SITE

The study took place in a leading corn-
producing and rather flat zone in the State of
Guanajuato, Mexico. The site selected is one
of the few regions in Mexico characterized by
extensive corn crops. We considered this
relevant for the more accurate determination
of the spectral signatures that are used to
determine coverage type and thus areas sown
with corn. The site is within the Rural De-
velopment District (DDR) 05 located in
Cortdzar, Guanajuato, between parallels
20° 23" 00" and 20° 30" 00"" of North latitude
and meridians 100° 58" 00"" and 101° 06" 00"’
and covers an area of 15 840 he (Figure 2).
Field work took place during the 1997 spring-
summer agricultural cycle.

Satellite images and digital mask

We used 20 NOAA-AVHRR cloud-free satel-

lite images, corresponding to the May-October
period of the 1997 spring-summer agricultural
cycle. A digital mask in vectorial format was
chosen in order to georeference outstanding
physical features and to delimit the site under
study using a commercial GIS tool.

Preliminary analysis

A preliminary analysis step included data
about the corn crop, climatic data, and terrain
characteristics. Data from the producing units
were obtained directly through interviews of
an initial sample of farmers willing to parti-
cipate in the study.

The following
relevant in selecting the pilot plots: (a) The
corn-producing system, including the name of
the commercial company that generated the
seed genotype, the crop density, the topolo-
gical arrangement, the supplies used, and the
yields obtained from a six-year historical
series; (b) Climate characterization using the
historical record of a 40-year-long series of
official data; and (c) A digital elevation model
generated using a 90 m unit interval. (d) An
additional requirement for this study was that
each plot should exceed an area of 80 has. This
is justified in the following section.

items were considered

Pilot plots selection

In the study area, the individual plots range in
size between 80 and 110 has, and are separated
among themselves only by irrigation channels.
As a whole, they form a compact maize
surface covering over 15 000 has (Figure 2).
This zone guaranteed that any selected pixel
was surrounded by maize, diminishing the
positioning error of + 1 pixel of NOAA-
AVHRR images.

After demarcating and characterizing the
site under study, we selected six pilot plots
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GUANAJUATO
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Figure 2. Study site in the State of Guanajuato, Mexico.

representative of corn-producing systems
under limited irrigation, as well as two addi-
tional auxiliary sites, one with sorghum and
the other with semi-bare soil. The charac-
teristics of the selected corn crop pilot plots are
shown in Table 1, including information about
sowing date, plant density, and corn yield.

Leaf area index measurement

Field measurements of leaf area index (Botkin,
1986) started 30 days after sowing and were
suspended during the physiological maturity
stage.

Satellite image processing and NDVI
acquisition

A first image processing step, using the GIS
software tool, was utilized to register and pre-
process those images to be retained for the
study. A second step used the pilot plots and
culminated in the obtention of the NDVI from
14 scenes over the crop cycle, covering the
period from may to october, applying the
equation: NDVI = (Channel 2 - Channel 1)/
(Channel 2 + Channel 1) where Channel 2 is
the near infrared band (IRc) and Channel 1
is the visible red band (V) with NOAA images
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Table 1. Representative pilot plots of corn-producing systems in the study area

Pilot plot [Sowing Date| Seed Brand | Population Yield
Density (ton/ha™)
(plants/ha™)
1 28/04/97 Ceres 95,000 14.8
2 17/04/97 Asgrow 51,000 14.3
3 06/06/97 Ceres 70,000 7.6
4 23/04/97 Asgrow 62,000 12.9
5 20/04/97 Asgrow 71,700 15.4
6 18/04/97 Asgrow 95,000 15.8

(Soria et al., 1998). This procedure was perfor-
med from the date of the first scene (June 20)
and ended at the physiological maturity stage,
in order to determine the NDVI variations
during the corn crop cycle.

The NDVI values were interpolated from
two scenes, one previous and one after the
date when a LAI measurement was taken on
the field on the pilot plots.

Determination of degree-days

The calculation of degree-days (DDs) enables
plant development to be related to a pheno-
logical crop stage (Wilson and Barnett, 1983).
Daily climate information was obtained from
two meteorological stations located in the
study area. In order to determine DDs of the
crop cycle, maxima, mean, and minima aver-
age temperatures from a 10-year historical
series were used; the physiological method,
recommended for corn cultivation, was used
for this purpose. The threshold temperatures
ranged from a lower limit of 10°C to an upper
limit of 35°C (Ortiz, 1987). The DD calculations
were made from the date of crop emergence
on April 15, to October 31.

Determination of occurrence sites and yield
prediction

With the multi-temporal data from the vege-

tation indices (NDVIs) of six pilot corn plots,
the DDs, and the correlations of the pilot plot
NDVI measurements with sampled pixels, it
was possible to determine the corn cultivation
sites and to predict grain yield. The sample
size was 20% (29 pixels) of the total area under
study.

The predictions made were compared with
field data from the plots corresponding to the
sampled pixels. This assessment was made
during the physiological maturity stage, and
allowed the degree to which the predictions
were over or under-estimated to be determi-
ned. Finally, through a discriminant analysis,
the best anticipation date of the prediction
made was determined.

RESULTS AND DISCUSSION
Vegetation index and leaf area index

As revealed in Table 2, the trend of both the
LAI and the NDVI was the same in all plots
P1-P6. Namely, both variables increase until
the flowering stage, after which they tend to
decrease. In addition, higher values of LAI and
the NDVI at the flowering stage are associated
with higher yields. Such is the case of plot P6,
which reported the highest grain yield, and
whose LAI and NDVI values in the flowering
stage were 9.72 and 0.56 respectively (Table 2).
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In this regard, Diez (1993) reported that the
LAI value for mature corn plants of 2.5 meters
in height averages 4.33, and that an LAI higher
than 5 is estimated to be needed for the soil to
be totally shaded. However, when the crop is
affected by a lack of water during the flow-
ering stage, yield is drastically impaired,
as occurred with plot P3. Despite having
achieved LAI and NDVI flowering values
similar to the other plots, this plot returned a
smaller yield in comparison with the regional
average.

The LALNDVI ratio for the emergence
period to the flowering period for each of the
pilot plots is shown in Table 3. The linear
regression models obtained for each plot
showed adjusted R? values ranging from 0.86
to 0.99, which indicates a high correlation
between LAI and NDVI. These two variables
are related to plant vigour status and the
production of biomass of the plants.

Degree days and grain yield

Table 4 shows the degree-days (DDs) ob-
tained in the pilot plots. Plots P1, P3, P5, and
P6 reached physiological maturity on the last
sampling date. Plot P3 required 1764 DDs of
development; in comparison, plot P6 needed
2 567 DDs, corresponding to the highest value
observed for the six pilot plots.

There is a close relationship between DD
and grain yield, with a determination coeffi-
cient (R?) of 0.97. Ortiz (1987) has shown that
DDs have been related to phenological devel-
opment stages with very good results and that
with this variable it is possible to date the
different stages of the growth cycle of a plant.
Our results confirm this for the corn crop.

Table 5 summarizes the NDVI behaviour of
20% of the pixels from the total of 144 that
comprised the area under study, by reporting
the NDVI obtained in the sampled pixels and

DDs accumulated at six dates occurring after
June 20. These data show that the average
NDVI values for each of the dates follow a
normal distribution and that the maximum
response occurred on August 20, coinciding
with the crop flowering stage. The greatest
variation occurred on July 5 (o = 0.09). It is
possible that this coverage reflectance va-
riation was caused by the dynamics of crop
growth and development, as well as by soil
humidity and environmental interferences.

Yield prediction

In order to predict the type of coverage and
the corn grain yield, we analyzed the correla-
tion coefficients between the NDVI values of
the pilot plots and the NDVI of the pixels in
the sample. Table 6 shows these correlation
coefficients. The entry that shows the highest
correlation indicates that all the attributes of
the corresponding plot will be assigned to the
corresponding pixel. To provide an example,
by observing the correlation values for pixel
3.0 (row 1, Table 6), the highest correlation
coefficient was obtained in pilot plot P2. Thus,
the attributes of plot P2 are assigned to pixel
3.0.

The yield predictions and the field data for
the pixels in the sample are described, for
comparison, in Table 7. Due to the assignment
explained above, all the assigned attributes of
a plot to a pixel comprise the prediction
(shaded portions of the rows). The unshaded
portion of any row shows the field data once
physiological maturity was attained. Continu-
ing to exemplify with pixel 3.0, all the assigned
attributes of plot P2 comprise the prediction
for this pixel (shaded) and the field data are
shown unshaded.

From Table 7, regarding type of coverage,
the prediction was accurate in 20 of the 29
sample pixels, an effectiveness of 69%.
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Table 4. Accumulated degree-days corresponding to the LAI sampling dates of pilot plots

Sampling DEGREE-DAYS
date P1 P2 P3 P4 P5 P6 Accumulated
June 20 772 912 94 821 868 897 -
July 05 1052 1192 374 1101 1148 1177 280
July 21 1352 1492 674 1401 1448 1477 580
August 05 1629 1769 f 951 1678 f 1725 1754 857
August 20 1899 f 2039 1221 f 1948 1995 £ 2024 f 1127
September 2309
04 2169 pm 1491 2218 pm 2265 2294 1397
September 2442 1764 2538
19 pm - pm - pm 2567 pm 1670
Grain Yield
14.8 14.3 7.6 12.9 15.4 15.8 -
(ton.ha)

Where f = flowering, pm = physiological maturity.

Table 5. Summary of NDVI behaviour

SAMPLING DATE
PIXEL JUN 20 JUL 05 JUL 21 AUG 05 AUG 20 SEP 04 SEP 19
C/R NDVI | DD | NDVI | DD | NDVI | DD | NDVI | DD | NDVI | DD | NDVI | DD | NDVI | DD
3,0 0.12 0 0.21 280 | 0.34 580 | 0.45 857 | 0.49 1127 | 0.49 1397 | 0.36 1670
7,0 0.08 0.11 0.35 0.48 0.54 0.37 0.39
1.1 0.22 0.34 0.41 0.43 0.55 0.50 0.42
9.1 0.12 0.46 0.53 0.57 0.49 0.34
5,10 0.18 0.24 0.31 0.43 0.49 0.46 0.24
i 0.13 0.18 0.38 0.44 0.51 0.47 0.37
[s) 0.06 0.09 0.05 0.05 0.05 0.04 0.05

Where: C = Column, R = Row, i =Mean, o = Standard deviation
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Table 6. Correlation coefficients between NDVI values of pilot plots and NDVI
of pixels sampled for the allocation of categories

CORRELATION COEFFICIENTS (r)
PIXEL Semi-bare Category
C/R P1 P2 P3 P4 P5 P6 Sorghum soil allocation
3,0 0.898 | 0.979 | 0.976 | 0.961 0.940 | 0.961 0.919 0.939 P2
7,0 0.870 | 0988 | 0.989 | 0979 | 0.956 | 0.976 | 0.928 0.921 P3
1,1 0.863 | 0922 | 0922 | 0910 | 0.893 | 0.892 | 0.966 0.923 Sorghum
91 0947 | 0994 | 0.982 | 0.989 | 0.991 0.991 0.921 0.866 P2
0,2 0.713 | 0.867 | 0.861 0.855 | 0.803 | 0.811 0.831 0.803 P2
5,2 0.851 0.989 | 0.981 0973 | 0949 | 0.971 0.900 0.918 P2
10,2 0.911 0.998 | 0.960 | 0.992 | 0.981 0.991 0.944 0.905 P2
2,3 0917 | 0958 | 0.948 | 0935 | 0915 | 0.929 | 0.938 0.958 Semi-bare
soil
6,3 0.829 | 0995 | 0982 | 0985 | 0.957 | 0.973 | 0.890 0.850 P2
8,3 0.879 | 0995 | 0.994 | 0.997 | 0.994 | 0.991 0.932 0.885 P4
54 0.853 | 0994 | 0988 | 0.985 | 0.963 | 0.977 | 0.935 0.919 P2
74 0.830 | 0.982 0978 | 0973 | 0945 | 0964 | 0.936 0.926 P2
94 0.951 0983 | 0969 | 0972 | 0.984 | 0.982 | 0.942 0.912 P5
11,4 0.886 | 0.988 | 0.985 | 0.988 | 0.997 | 0.994 | 0.923 0.856 P5
15 0.910 | 0.885 | 0.864 | 0.864 | 0.870 | 0.855 | 0.902 0.855 P1
0,6 0.904 | 0813 | 0.737 | 0.763 | 0.729 | 0.739 | 0.684 0.787 P1
2,6 0.905 | 0955 | 0.950 | 0.962 0.947 | 0930 | 0.897 0.730 P4
4,6 0.898 | 0997 | 0.998 | 0.995 | 0.984 | 0.993 | 0.922 0.872 P3
7,6 0.758 | 0.996 0956 | 0994 | 0943 | 0948 | 0.828 0.786 P2
10,6 0.841 0992 10992 |0.995 | 0.978 | 0.984 | 0.932 0.866 P4
5,7 0.922 | 0.992 0.987 | 0.981 0.980 | 0.987 | 0.967 0.945 P2
8,7 0.867 | 0.981 0.986 | 0.992 0982 | 0976 | 0.883 0.757 P4
11,7 0.833 | 0989 | 0986 | 0.986 | 0.963 | 0.980 | 0.921 0.894 P2
1,8 0908 | 0983 | 0980 | 0.985 | 0.999 | 0.989 | 0.924 0.836 P5
3,8 0.979 | 0.987 | 0.931 0984 | 0937 | 0.926 | 0.892 0.798 P2
10,8 0.873 | 0974 | 0973 | 0.960 | 0.607 | 0.959 | 0.960 0.963 P2
79 0.842 | 0.981 0980 | 0974 | 0.646 | 0.962 | 0.951 0.923 P2
1,10 0.518 | 0.627 | 0.505 | 0.606 | 0.545 | 0.448 | 0.795 0.857 Semi-bare
soil
5,10 0.946 | 0.953 0.871 0.925 | 0.832 | 0.858 | 0.836 0.872 P2

Where: P1,...P6 = pilot plot. C/R = columns/row.
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Table 7. Predicted and field data for the sample pixels

Pixel Prediction Field data
C/R
Population Population
Coverage density Yields Coverage density Yield
(plants/ha™) (tons/ha?) (plants/ha™) (ton/ha)

3,0 P2 corn 51 000 14.3 Corn 75 000 15.0
7,0 P3 corn 70 000 7.6 Corn 70 000 10.0
1,1 Sorghum - - Sorghum - -
9,1 P2 corn 51 000 14.3 Corn 75 000 14.0
0,2 P2 corn 51 000 14.3 Sorghum - -
5,2 P2 corn 51 000 14.3 Corn 55 000 12.0
10,2 P2 corn 51 000 14.3 Corn 85 000 14.0
2,3 SS - - Sorghum - -
6,3 P2 corn 51 000 14.3 Corn 55 000 12.0
8,3 P4 corn 62 000 12.9 Corn 75 000 13.0
54 P2 corn 51 000 14.3 Sorghum - -
74 P2 corn 51 000 14.3 Corn 55000 12.0
9,4 P5 corn 71700 15.4 Corn 95 000 15.0
11,4 P5 corn 71 700 15.4 Corn 75 000 13.0
1,5 P1 corn 95 000 14.8 Sorghum - -
0,6 P1 corn 95 000 14.8 Sorghum - -
2,6 P4 corn 62 000 12.9 Corn 70 000 12.0
4,6 P3 corn 70 000 7.6 Corn 65 000 11.0
7,6 P2 corn 51 000 14.3 SS - -
10,6 P4 corn 62 000 12.9 Corn 70 000 13.0
5,7 P2 corn 51 000 14.3 Sorghum

8,7 P4 corn 62 000 129 Corn 70 000 12.0
11,7 P2 corn 51 000 14.3 Corn 80 000 13.0
1,8 P5 corn 71 000 15.4 SS - -
3,8 P2 corn 51 000 14.3 Corn 80 000 13.0
10,8 P2 corn 51 000 14.3 Corn 70 000 13.0
7,9 P2 corn 51 000 14.3 Corn 55 000 10.0
1,10 SS Sorghum

5,10 P2 corn 51 000 14.3 Corn 60 000 12.0

Where: SS = semi-bare soil.

Regarding yield prediction, an average
value of 13.7 ton.ha' of grain was predicted,
compared with an average of 12.5 ton.ha
verified in the field. This equates to a 9.6%
overestimation, which is quite acceptable for
large areas.

Anticipated crop occurrence predictions

In order to effectively identify in advance the
type of coverage on the basis of the NDVI of
the pixels shown in Table 5 and in terms of the
information in Table 7 (field data), a discri-
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Table 8. Classification of results of the discriminant analysis fro corn ocurrence prediction

ANTICIPATION DATES 5" 4* 3! 2° 1"
June 20 NDVI 1

July 05 NDVI 2

July 21 NDVI 3

August 05 NDVI4

August 20 NDVI 5

Of 29 pixels:

Group 1 =19 16 84.2% 14 73.6% | 15 78.9% | 15 78.9% 13 68.4%
Group 2 =10 7 70.0% 8 80.0% 8 80.0% 6 60.0% 5 50.0%
Canonical correlation 0.64 0.62 0.60 0.56 0.22

Where: Group 1 = corn, Goup 2 = not corn.

minant analysis was applied. This multi-
variate technique is based on a proposed pre-
established classification. To initiate the analy-
sis, the pixels with corn were allocated num-
ber “1”, and those without were allocated
number “2”. It should be noted that the ana-
lyzed dates correspond to the field data of the
emergence stage of corn up to its flowering
stage. The results from the discriminant
analysis are given for five anticipation dates in
Table 8. Of the sample pixels, 19 correspond to
corn. An acceptable canonical correlation was
obtained for the first three dates analyzed
(June 20, July 5, and July 21). However, July 21
also corresponds to the highest number of corn
pixels, and from this date onward it is there-
fore possible to anticipate with greater accura-
cy the occurrence of corn coverage.

Starting with the pre-established classifi-
cation, the discriminant analysis determined
that 15 of the 19 pixels coincided with corn;
in other words, they matched the forecast in
78.9% of the cases. In comparison, for the

10 pixels that did not correspond to corn, eight
of them matched the forecast (80% accuracy).

The classification of the results for the third
date (July 21) and the mathematical model that
explains the Discriminant Function (DF) are
given in Table 9, which shows a canonical
correlation of 60 % for the function.

CONCLUSIONS

This study has applied a methodology for
determining corn crop areas and for predic-
ting yields using information from normali-
zed difference vegetation indices (derived
from NOAA-AVHRR satellite images), leaf
area indices, and degree-days, for corn crops
in Guanajuato, Mexico

Predictions for determining the type of
coverage for corn, sorghum, and semi-bare soil
showed a 69% effectiveness when compared
with coverage type observed in the field. That
is, 20 out of 29 pixels coincided with the pre-
diction. Bearing in mind the high degree of
heterogeneity of actual corn conditions in the
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Table 9. Classification of results for July 21

Prediction
Current Group 1 Group 2 Total
sroup Amount (%) Amount (%) Amount (%)
Corn 15 78.9 4 21.1 19 100
Not corn 2 20 80 10 100

DF = 26.3(NDVI for June 20) - 26.14(NDVI for July 5) + 7.57 (NDVI for July 21) - 1.61

Canonical correlation = 0.60

Where: DF = Discriminant Function.

plots, which is characteristic of corn growing
conditions and agricultural management in
central Mexico, the accuracy of the obtained
prediction is considered good.

Yield prediction for corn resulted in a 9.6%
over-estimation compared with the average
field-measured value. It is probably the best
result currently achievable, given that an ap-
proach to yield estimation based on multiple,
harmonised data sources is not possible in
Mexico at present. Such an approach, as has
been used in the European Union (Csornai
et al., 1999), rely on traditional agricultural
statistics collected via well structured national
information systems, to produce very accu-
rate estimates of crop yield. Under such
circumstances, satellite data and processing
result in additional avoidable expenses. In
Mexico, however, the national statistics are
neither updated as needed nor do they have
the required level of precision to be used
advantageously in similar forecasting scenar-
ios.
combined with the heterogeneous conditions
that exist with respect to the Mexican climate,
terrain, and crop production systems, we

Thus, given these circumstances, and

consider our corn yield prediction to be a very
acceptable approximation.

The anticipated determination both of the
occurrence of corn sites and the corn yield can
be made up to a month prior to the flowering
stage with a probability of 78.9%. This is an
acceptably accurate, timely, and useful piece of
information for national policy and planning
purposes in Mexico. The methodology estab-
lished in this study allows the use of higher
spatial resolution images which should pro-
vide more accurate information. It is applica-
ble to other regions of the country. With this
crop yield information, it is feasible to determi-
ne the grain volume that the government
needs to import in order to supply the
consumption requirements of the population.
This is of economic significance because the
importation of the required corn, ahead of
the national harvest time, means a lower price
is paid, which in turn imparts important
monetary savings for the country.
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