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Abstract. This paper presents a methodology to support farm decision-making by characterizing regional
potential and climatic risks involved during agricultural crop cycles. It introduces agricultural zoning based on a
system that classifies digital images of agroclimatic indices. The methodology uses as a first step analyses and -
processing of climatic data from weather stations through GIS tools. These results are interpolated to generate
images of several limiting parameters of agricultural crops. In the second step, these images are segmented
using techniques, such as regional growing segmentation by pixel aggregation and regional split/merging
segmentation. By using the resulting description of characteristics, the system allows linking the region to
recorded geodesic data, generating geo-referenced maps for data storage, information overlay, derivative maps
generation, and vector analyses of risk factors necessary in each image. Through arithmetic operations of digital
images and risk analyses with parameter vector, the system generates a matrix of results corresponding to-a
single image of pseudoregions. These regions are merged into larger similar regions, following theoretical
decision methods such as that for optimal statistical classification. As the result, the system makes it possible to

generate maps containing homogeneous zones with optimized planting dates.

1 Introduction

The term agricultural zoning refers to a group of
techniques used to identify regions in which climatic,
edaphic and social-economic conditions are suited to a
specific agricultural crop (Ometto [1]). To this end,
several criteria are established based on factors such as
vegetal species, water and temperature needs, disease
susceptibility, soil acidity tolerance, etc.

The first Brazilian attempt to identify the best
planting periods with tools such as geostatistics or SIG
was developed by Assad et al. [2], in which the results of
water balance simulation were spatialized for upland rice.
Starting with analysis of the pluviometric regime, they
represented spatially the parameters of rice water balance,
simulating for Brazilian producing regions. They
succeeded in  mapping favorable, intermediate,
unfavorable, and extremely unfavorable areas, according
to planting dates, variety, and soil types.

Because of this pioneer work in rice zoning
developed for central plateau regions, the Brazilian
Ministry of Agriculture decided to finance a national
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agricultural zoning program, using state-of-the-art
methodology, aiming at identifying planting periods of
lowest climatic risk for each crop homogeneous zones.
The project aimed at providing such information and
subsequently conditioning federal financial aid to
implementing it in selecting crops and determining
planting dates.

The most widely known application and probably
pioneering of the digital revolution in agriculture is the
modification of the procedure for collecting
agrometeorological parameters, that went from a primitive
manual process, with discrete sampling susceptible to
various types of mistakes, to a totally automated
measurement system that offers continuous data recording
of extreme reliability. Since then, systems depending on
automatic sensor monitoring in the field have contributed
not only to productivity increase, but also to improving
agricultural product quality and are serving the
environmenting in turn, this led to a tendency to integrate
different data sources in order to better manage
agricultural production. Such management, due to the
metrically localized conditions, was conventionally called



precision agricrop (Coghlan [3]; Plucknett & Winkelmann
[4)).

This paper presents map modeling of various
environments, based on image processing techniques,
aimed at supporting decision-making in agricultural
processes. Researches developed at the Department of
Computation — Federal University of Sdo Carlos and at
Embrapa - Agricultural Instrumentation, which has
developed instruments, sensors, and methodologies
contributing to conservationist and precision agricrop
progress in Brazil, (Cruvinel [4], [5], [6], [7], [8], [9],
[10], [11], [12] e [13]; Cruvinel and Crestana [14] and
Crestana et al.[15]) in partnership with TAPAR,
Agronomic Institute of Parana, have contributed to this
development, so as to benefit the national agricrop through
maximum use of the new technological tendency towards
precision agricrop with intensive use of digital images
processing.

2 Digital Images Segmentation Techniques

Digital images processing techniques were presented in
several papers by Mascarenhas [16], [17], [18], [19],
dealing with segmentation and classification techniques
based on statistics processing of Bayesian inference, due
to its basic platform for map modeling of environmental
variables intended for use in decision-making in
agricultural processes. Since segmentation information for
image analysis can be extracted in these techniques some
steps are common, such as subdividing the image into its
component parts depending on the problem to be solved,
and to interrupt this subdivision when the interested object
is isolated (Gonzalez [20]).

Algorithms of monochromatic image segmentation
usually are based on one or two gray-scale value
properties: discontinuity and similarity. In the first
category, the image is divided into gray levels based on
abrupt changes. The second category is based on
thresholding segmentation, growing regions represented
by pixel aggregation, and split and merging of regions.

Thresholding is one of the most important techniques
in image segmentation. The most simple kind of
thresholding is the partition of image histogram using only
one threshold (T). Thus, segmentation is carried out by
tracing the image pixel-pixel and labeling each pixel as
either an object or background, depending on whether the
gray level of that pixel is higher or lower than the T level.

Segmentation oriented by region aims at partitioning
an image into its regions. Let R be the whole image
representation. The segmentation is viewed as a process
partitioning R into N sub-regions, R1, R2,..., RN, such
that: (a) all pixels must be in a given region; (b) regional
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pixels must be connected; (c) the regions must be
disjoined; (d) the regions must be related to the properties
that must be satisfied by the pixels in a given segmented
region; (e) regions Ri and Rj are different since they have
different properties. The growing-region segmentation by
pixel aggregation is a procedure that groups pixels or sub-
regions into larger regions. Summing up: beginning with a
set of pixels called seeds, growing regions are digitally
imaged by appending to each seed point those neighboring
pixels that have similar properties, such as gray level,
texture, and color.

Regional split and merging is an alternative technique
for aggregated growing-region segmentation. This
technique subdivides an image initially into a set of
arbitrary, disjoined regions and then merges and/or splits
the regions in order to satisfy the basic segmentation
conditions mentioned previously. To satisfy these
conditions, an algorithm split and merge follows these
steps: subdivision of any R in four disjoined R; quadrant,
where P(R;) = False; joining all of adjacent Rj and Ry
regions for which P(R; U R,) = True; and for which no
merging or split is possible. This particular splitting
technique is conveniently represented as a quadtree, i. e., a
tree in which each knot has four descendents.

3 Materials and Methods

The decision system method for agroclimatic digital
images classification and risk-zone mapping was
developed utilizing an optimum statistic classifier.
Probability is important in standard recognition due
to general the lack of precision charactering what standard
classes are generally produced. It is possible to
approximate an optimum classification, having the lowest
probability of committing classification errors. The
probability of an x pattern belonging to a i class is
represented by p(w; /x). L;; represents the loss occurring x
is said to belong to «; when in fact it belongs to @ (Duda
[21]). Since x pattern can belong to any of the M classes
considered, the average loss by which x is assigned for the
oy class is known as conditional average loss or
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conditional average risk:

If r)(x), r2(X),..., rm(x) is calculated for each x pattern
and attributes the pattern to the class with lowest loss, the
total average loss with due respect to all the decisions will
be minimum. The classifier that minimizes total average
loss is called Bayes Classifier. Thus, the Bayes Classifier
attributes an unknown pattern x to the o class if:



ri(x)< rj(x), paraj=12,..M; j#i
The procedures described below will be developed

within the analysis methodology and correspond to the
most important procedures in Picture-1.

1. Crop Cycle -Acceptance. Reception of planting,
blooming, and crop cycle dates. This value is counted
from sowing, followed by plant emergence, blooming, and
“finally harvest. By connecting the crop cycle from
-different planting periods with climatic risks, it is possible
:to identify planting periods with less risk and, thus, higher
productive potential (Caramori et al.[22] and Wrege et
al.[23]).

2. Water Balance Calculation by ten-day-periods

and crop cycle. This method is used to obtain
agrometeorological data. * Analyzing water balance
sequentially during many years, water deficiency

frequency suffers crop suffers by the can be identifies and
risk estimated for the analyzed planting period (Wrege et
al.[23]). This risk is verified during crop establishment
and blooming periods.

3. Risk Factor Frequency Calculation. Identifying
probability of risk factor by ten-day-periods as mentioned
above.

4. Water Deficiency and Rain Excess Interpolation.
This process maps water deficiency during crop
establishment and blooming, and rain excess during
harvesting, utilizing Kriging’s interpolation method. The
process uses ten-day-period values for seasonal water
deficiency and generates a geodesic database with
latitudinal, longitudinal, and the risk factor values.

5. Regression between frost probabilities and
geodesic coordinates. This step allows frost-probability
mapping accompanying regional topology owing to its
effects on minimum temperature data. The regression
equation utilized is: FrostRisk =a + b altitude + ¢
latitude; a, b, and c are regression equation constants.

6. Map Segmentation for each ten-day-period and
its Relation to the Geodesic Base. Each previously map is
segmented, utilizing the appropriate digital image
segmentation technique. This segmentation aims at
relating the geodesic data to each map, allowing data
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storage, information linkage, and derivative map
acquisition. Another function of this procedure is the
creating of a weight vector of the risk factors for each
image. For instance, 10% water deficiency risk for
establishment, 20% for water deficiency in blooming, and
15% for rain excess during harvest.

7. Development of Parameter Vectors -and their
Classification by Agroclimatic Standards. According to
the geo-referenced maps, the system creates a vector
whose elements correspond to each environmental map.
The first element corresponds to a value from of the frost
risk map and the second element to a value for excess rain
in the harvest map, the third to water deficiency during
establishment, and the fourth, to water deficiency during
blooming. It should also provide a result matrix by
arithmetic operations in digital images and risk analyses
with the parameter vector based on agroclimatic standards
established for each environmental factor. Based on the
result matrix, a geo-referenced image may be constructed
corresponding to a pseudo-region planting map, for each
ten-day-period. :

8. Pattern Recognition and Merging of similar
regions. This process identifies all points and regions that
can be joined into similar regions, following theoretical
decision methods to decide if a point or region belongs to
a given planting period. This procedure is necessary so
that the map on resulting from these processes does not
contain as many planting zones as the quantity of image
pixels.

9. Map Selection Representing Planting Period.
This process corresponds to classification of a vector with
the total weight of each generated image of the planting
periods, with the objective of selecting the image best
representing the planting period. For example, in the case
of ten different planting periods existing for a crop, the
vector of weights possesses ten elements representing the
ten generated images. The element representing the lowest
risk is then regarded as the best representation for the
planting periods. For the formation of each weight of the
image, the system should compose weights for the risk
factors. For example, 10% risk for water deficiency in
establishment, 20% for water deficiency in blooming, and
15% for rain excess at harvesting, generating a total risk of
45%.
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Picture 1 System structure for agroclimatic digital
images classification and risk zone mapping.

4 A Case Study — Parana State

This case study demonstrates the application of the new
agroclimatic image classification system and risk zone
mapping for the wheat cropin, as well as meteorological
data for Parana State. In the first stage, a series of climatic
data was analyzed and processed. This analysis resulted in
risk factor identification, e.g., water deficiency and rain
excess, which interpolated provided an agroclimatic
digital image. Pictures 2 and 4 show these images.

The gray shades of the map in Picture 2 represent the
scale in frost risk percentage in Parana. Tones close to
black correspond to the lowest risks and tones closest to
white to highest risks. This frost risk map presents values
that start at 0% in the North and rise 45% in the South.
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Picture 2 Map of frost risk in the first ten-day-
period of June in Parana '

In Picture 3 the water deficiency risk map for wheat
blooming is shown. Its gray scale represents values
ranging from 0% to 10% in intensities approaching black.
Values nearing 100% approach white.

i

Picture 3 Map of water deficiency risk wheat
blooming, in the first ten-day-period of June in
the Parana State.

Picture 4 presents a gray scale to demonstrate regions
with excess rain occurrence during harvest. The sum of
water deficiency risks in blooming, crop establishment,
and excess rain at harvest, generated the map in Picture 5
that corresponds to the total risk in the first ten-day-period
of June. From this map is subtracted frost values superior
to 30%, since they are too high for wheat to cultivation.
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Picture 4 Map of excess rain risk during wheat
harvest in the first ten-day-period of June in
Parana.
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Picture 5 Map of the total wheat crop rlsk in the

first ten-day-period of June in Parana.

For each ten-year-period the system develops a map
similar to Picture 7 and then a process for classifying the
regions in the map takes place to determine if the pixels in
that region really belong to it.

Attributes of the Region

Picture 6 Attributes of a segmented region.
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According to the risk map in Picture 5, the
agroclimatic digital images classification system processes
segmentation to obtain values, such as average, intensity,
and pixel quantity of each segmented region. Picture 7
demonstrates the map resulting from segmentation of pixel
aggregation. Picture 6 shows a small screen with the data
from one of the regions in the map.

Picture 7 Segmented map by the region growing
method by pixel aggregation.

5

The system allows visualizing risk maps, for frost
occurrence, water deficiency during blooming and crop
establishment, and excess rain at harvest. Based on risk
percentages, the system calculates the risk and develops
map of total risk. As described in the diagram presented in
Picture 1, the system carries out map segmentation with
the aim of analyzing regions and planting period, although
regional intersection can occur. In this case, the next step
is classification by theoretical decisions, as in the case of
Bayesian classification. This classifier determines to
which region a given pixel belongs. From then on, the
system defines for each created region the best planting
period for a given crop within the ten-year-period
analyzed. This step verifies each regionalized map by a
ten-year-periods and produces a final agricultural zoning
map relating the lowest risks with respective ten-year-
period.

Results and Discussion

The diagram in Picture 8 describes the main classes
of objects for agroclimatic digital images classification
and risk zone mapping. The Digital Image Processing
class has developed routines based on a technique,
including arithmetic image processing, including pixel
addition and subtraction; and image segmentation and
classification routines. The segmentation routine for
region growing by pixels aggregation — RegGrow, as well



as the segmentation routine by split and merging of
adjacent regions — RegDivUne, were developed based on
algorithms presented by Pitas [24].

g
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Picture 8 Class Diagram of the new system for
agroclimatic digital image classification and
zone risk mapping.

The diagram in Picture 9 demonstrates the routine of
the Classifier in Picture 8 that implements the Bayesian
Classifier. Before executing the routine, some information
should be fed to the Classifier class, so as to obtain
training region data: vector mean, covariance matrix of
training region; reading of unknown region x attribute
vectors (region to be qualified). The Classifier then
classifies the pixel in question and, if it is close to the
training region, the pixel ins labeled as belonging to a
certain class. The classification type used in the decision
algorithm was Bayesian quadratic.
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Picture 9 Decision based on Bayesian quadratic
algorithm of each pixel region.

Not lo label the pixet
of the region

The classifier in the case of Picture 10 classifies the
unknown map and if it is close to the training map, it
selects the map representing the smallest risk for the
planting period. The classification type used in the
decision algorithm linear Bayesian.
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Picture 10 Decision based on Bayesian linear
algorithm of each map of the planting period.

To discard maps with
high risk for the
planting period

6

This paper presented a new system for agroclimatic digital
image classification and risk zone mapping. The results
indicate the potentialities of this method for managing and
programming information for different meteorological
database systems, and for calculating risk factor
frequencies aggregated to a specific environment, based
on the use of map segmentation and classification
techniques by means of digital image processing.

Conclusion
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