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ABSTRACT 

Having the ability to estimate crop arcas is a necessity ever more pressing for all the stakeholders of 
productive chains. For many scientists involved in agricultura! research it is also important to know 
the location of crops and the area they occupy. With this information, considered together with data on 
soil, climate, availability of infrastructure for storage and transportation, among others, it is possible, 
for example, to build scenarios and fit models to attend multiple demands. In this chapter the authors 
propose a simple method combining the techniques of statistical sampling with the characteristics of 
images obtained by remote sensing, to construct estimates of acreage in a micro-region scale. The 
objective to be achieved is to produce an estimate of crop area in a defined territoty, with estimated 
statistical error associated. 

INTRODUCTION 

Area estimation is one of the most obvious ap-
plications of remote sensing because, among 
other reasons, it has a direct economic impact 
and very early found a user community with 
clearly defined accuracy specifications, at least 
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for applications to agriculture statistics (Gallego, 
2004). In his chapter, Gallego (2004) cited an 
abundant literature that made use of different 
ways to use satellite images for land cover area 
estimation. However, the linkage with statistical 
sampling techniques and field work to check or 
substitute image interpretation are not presented 
in a simple way yet. 
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Context and History 

Proper utilization of statistics within any scope 
depends primarily on how well the nature of 
employed data is known, and on how clearly the 
goals are established. Remote sensing offers a 
rather particular set of data, which almost pre-
determines the characteristics that must be taken 
into consideration when choosing the statistical 
methods to be used in analysis. Application of 
those data in agriculture, particularly when the 
aim is to quantify crop areas, will define quite 
specific goals that should influence the selection 
of statistical analysis techniques. An alliance 
between statistics and remote sensing, based on 
theory and used in proper ways to estimate crop 
areas, shall result in a step ahead in the efficient 
use of data from orbital sensors for agriculture 
purposes. In this direction, this document presents: 
1) a method to prepare and use satellite images 
in agricultural surveys by sampling; 2) the way 
to calculate estimates over objective data of crop 
area and their respective variances; 3) a case study 
consisting in the estimates of soybean area in a 
municipality, using remote sensing as auxiliary 
data; and 4) how to use stratification to improve 
the quality of estimates. 

The availability of reliable information about 
agricultural production is an increasingly funda-
mental demand in the decision making process. 
One of the main variables involved in the assess-
ment of agricultural production is the sowed or 
planted acreage of important crops (Epiphanio 
et al, 2009). Methods of survey that take into 
consideration the increasing availability of remote 
sensing images, and the use of Global Positioning 
Systems (GPS) and Geographic Information Sys-
tems (GIS) may turn out to be the most practical 
way for a country produce basic data on major 
farming commodities (FAO, 1996). 

The challenge that arises is the establishment 
of a method which allows associating the tech-
nology provided by orbital remote sensing to the 
procedures used in agricultural statistics surveys. 

Objectives 

The purpose of this chapter is to present a simple 
and reliable method based on the use of remote 
sensing images and statistical sampling, which 
allows the quantification of arcas occupied 
by a particular crop in micro-scale regional or 
municipal levei. This method was developed by 
Luiz (2003). 

To achieve this general goal the following 
specific objectives are established: 

a. Provide a guide for the preparation of images 
from orbital remote sensing in order to allow 
their use in agricultural sample surveys; 

b. Establish a procedure to extract a random 
sample of image's pixels from a set of pixels 
spatially delimited; 

c. Present formulas for the calculation of 
estimated planted area by micro-region or 
municipality, as well as its variance from 
data obtained by sampling. 

THEORETICAL FUNDAMENTALS 

Agriculture Estimations and 
Relationships with Remote Sensing 

Despite the decline in the proportional importance 
ofagriculture in global economy, there is a growing 
need to monitor the agricultural complex (Ryer-
son et al., 1997). This interest is justified when 
we consider absolute figures are significant and 
reach US$ 171 billion annually in the U.S. alone 
(The World Factbook, 2009). 

According to Pino (1999), more countries need 
to have information and agricultural forecasts that 
are effective and allow fast perception of changc. 
For Ray et al. (1999), estimates ofproduction in the 
micro-regional levei are essential for management 
decisions related to the farming-sector economy 
of any country. 

Since the cost of applying traditional tech-
fiques over large areas is a limiting factor, the use 
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of remote sensing becomes a practical alternative 
for some stages of the statistics-obtaining process 
(Thenkabail et al., 1994). Gurgel et al. (2003) 
proved that it is possible to use remote sensing 
data to monitor spatial and temporal dynamics of 
land covering over large areas. 

Image-Acquiring Systems 

Images obtained by remote sensing are indirect 
ways to capture spatial information. The images 
obtained by sensors placed in airborne or orbital 
platforms are stored as matrices. For each picture 
element (called a "pixel": contraction of "pix" 
for "picture", and "ei" for "element") a value is 
attributed, which keeps a relationship with the 
radiance characteristics of an object located on the 
surface imaged. In digital imaging, each portion 
of the area imaged by the sensors corresponds to 
a matrix cell or pixel that must be geographically 
identified. The pixel is the smallest addressable 
screen element and each pixel has its own digital 
address. The address of a pixel corresponds to its 
coordinates. Pixels are regularly arranged in a 
2-dimension grid, and are often represented using 
dots or squares. 

The process of scanning a non-digital image 
(continuous image) corresponds to a discretiza-
tion of the scene under observation through a 
hypothetical mesh overlay and the assignment 
of an integer value (as represented by digital 
numbers) to each point of that mesh (in a process 
called quantization). The spatial resolution of a 
sensor is defined by the size of its pixels. Sensors 
commonly used to monitor the characteristics of 
land surface have spatial resolution ranging from 
fractions of meters to tens of meters. 

The scanned image has a finite number of bits 
to represent the radiance in each pixel. Radiance is 
the radiant flux that comes from a source (reflected 
or emitted) in a given direction, per unit of area. 
The continuous measurement of the radiance of 
a scene, represented by digital numbers in the 
image, is stored in a number of bits per pixel. In  

general, each object (e.g., a soybean field or a 
water reservoir) has a typical behavior in relation 
to the properties ofreflectivity or emissivity along 
the electromagnetic spectrum. 

Images obtained by remote sensing are avail-
able in the form of "scenes" that correspond to a 
certain fraction of land surface (Figure 1). Each 
scene of the Thematic Mapper (TM) sensor in-
stalled aboard the Landsat satellite, for example, 
is provided in the form of 6,000 rows and 6,000 
columns (or 36 mega pixels), and corresponds to 
an approximate area of 180 km x 180 km of land. 
Thus, each pixel in the TM image corresponds, 
on the ground, to an area of 30 m x 30 m. 

TM images are recorded in seven bands (wave-
lengths intervals) along the electromagnetic 
spectrum, numbered from 1 to 7. We can choose 
any combination of these bands to reproduce the 
imaged surface into a printed image, by inputting 
to the digital numbers of each band, one of three 
colors: red = R, green = G, and blue = B. In gen-
eral, a composition that represents band 3 by the 
blue color, band 4 by red, and band 5 by green is 
named 4R5G3B. 

Togo deeper into concepts such as swath, geo-
metric resolution, radiometric resolution, spectral 
resolution, and spectral behavior of objects of 
land surface, an excellent source of reference is 
the book ofJensen (2000). 

Crops as Target of Remote Sensing 

From the perspective of remote sensing, agricul-
tural activities have certain characteristics that 
interfere with their identification in digital images 
obtained by orbital sensors. Unlike natural targets, 
agricultural targets undergo intense and intentional 
anthropogenic influence, which helps to give them 
an aspect of regular geometric figures, with great 
internai homogeneity. According to Luiz (2003), 
this is due to some procedures that include: 

• 	plowing and harrowing, which reduce ir- 
regularities of the terrain; 
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Figure 1. Schematic representation of a remote sensing system, with the source (sun), the platform + 
sensor, the imaged scene and the pixel 

• liming and fertilization, which subdue dif- 
ferences in soil chemical components; 

• mechanized sowing, which provides a geo-
metric character to "plots"; 

• sowing in a short period of time, and the 
use of selected seeds, which confer regu-
larity to the green cover across subsequent 
instants in time; and 
control of pests, diseases and weeds, which 
warrants regularity and purity for the plant 
population. 

Other factors affecting the homogeneity of 
agricultura) targets are the regional vocation and 
agricultura) calendar, both of which join together 
to result in a stable and relatively limited number 
of crops that can occur in a specific image. These 
features help in the identification of limits of 
agricultura) targets in images obtained by remote 
sensing satellites (Luiz, 2002). 

Moreover, the responses obtained over time, 
for the same point on the ground occupied by 
a crop, changes dramatically according to both 
seasonal factors (climate) and anthropogenic fac-
tors (planting, harvesting, soil preparation, etc.). 

Agriculture covers a vast number of activities 
and involves cultivation of severa) hundred plant 
species. However, dueto environmental and eco-
nomic constraints, and to agricultura) tradition, in 
a given county only a few species predominate on 
the cultivated area and constitute a truly significant 
group for that region (Luiz & Epiphanio, 2001). 

An example of this occurs with soybean and 
com in Brazil. Speaking of municipalities, the 
50 largest producers of these crops, represent-
ing 0.91% of the 5,564 Brazilian municipalities, 
concentrated 14.11% of the area under maize 
and 36.45% of the area under soybean in 1999 
(Tsunechiro & Freitas, 2001). 
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The fact that the production of a certain crop 
is concentrated in a few counties, and in these 
counties it occupies a great proportion of the 
territory, can mean on the one hand a greater 
environmental or economic risk, but on the other 
hand it facilitates the use of remote sensing and 
statistical sampling. 

Image Preparation 

A complete scene obtained by orbital sensors may 
include many municipalities. To facilitate image 
handling during fieldwork, it is recommended to 
extract from the whole scene only the smallest 
rectangle that will encompass the entire area of 
the survey's target region. Several types of GIS 
software can be used to register an image, and then 
overlap information layers to the limits ofthe study 
area, to create a minimal enclosing rectangle. In 
Brazil there is the SPRING software (Camara et 
ai., 1996), available for free downloading at http:// 
www.dpi.inpe.br/spring/,  where the software's 
operation manual can also be obtained. Image 
processing procedures described in this chapter 
were made in SPRING software using Landsat-
TM images. 

Over the pre-registered image, official munici-
pality boundaries is digitized, which are usually 
supplied in vector files or in the form of maps by 
govemmental institutions. 

When transferring digital material to printed 
form, an adequate color composition must be 
chosen to allow for interpretation of the most 
interesting targets. The R4G5B3 composition is 
indicated because although it doesn't presents im-
mediate visual identity between colors of targets 
in real scene and those in the image, it allows a 
good discrimination between major kinds of land 
use found in agricultura) amas. 

To allow for easy handling ofthe printed image, 
while at the same time producing printed material 
in a scale that renders possible the identification 
of agricultura) plots and the main physiognomic 
features of the terrain, we suggest the production  

of image modules in A4-size paper, scale 1:60,000. 
Prints in this size and scale are fully suitable to 
a regular clipboard. Each A4 sheet will cover an 
area ofapproximately 18,000 ha, which ensures a 
reasonable synoptic view, without losing the ability 
to distinguish the main agricultura) targets - for 
example, a squared-shape plot with 9 ha would 
appear in the print as a square of 5x5 mm. 

However, as it is needed severa) modules in 
that scale to cover one municipality, it is also 
necessary to produce a synthesis print in a less 
detailed scale. This synthesis shouldpresent all the 
modules together in a single A4 sheet, to allow for 
an overview of the total area of the municipality. 
Figure 2 shows an image synthesis module of the 
municipality of Ipuã, State of São Paulo, Brazil, 
in the summer of 2002. 

The SCARTA application, which is part of the 
SPRING software, can be used to prepare and 
print A4 modules. The first procedure is the 
preparation of a printing template, which includes 
the definition of: paper size (A4), sheet position 
(landscape), print area (18.7 x 27.0 cm) and scale 
(1: 60,000). Next, the distribution of modules 
must be determined to cover the image. The first 
module should be positioned in the upper left 
comer of the study ama, and the other modules 
located on the right horizontally and down verti-
cally. It is recommended to leave a small overlap 
between the modules. 

Aiming to not overload the image with texts 
and lines, and in order to allow overwriting notes 
during fieldworks, an auxiliary set of modules is 
printed containing only data such as geographical 
coordinates and the boundaries ofthe municipality. 
These modules are printed on transparent films 
and then overlaid upon their respective image 
modules and fixed with adhesive tape, ensuring 
geographic coincidence through common fidu-
ciary marks that are made for this purpose. Image 
modules must be printed on high quality paper, 
specific for images or photographs, using a regular 
color printer; in other words, it is not necessary 
to use sophisticated resources such as plotters 
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Figure 2. Synthesis module image of the municipality of Ipuã, State of São Paulo, Brazil, Landsat ETM 
+, WRS 220/74, 4R5G3B, Jan/05/2002 
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or photographic techniques in the production of 
fieldwork material (Luiz et al., 2002). 

Statistical Analysis: 
Option for Sampling 

Obtaining information on planted areas and crop 
development should be a continuing, periodical, 
quick, georeferenced, transparent, auditable pro-
cess with a known accuracy. Such requirements 
impose certain restrictions on the methods that 
can be adopted. In Brazil, for example, nationwide 
coverage in a country of more than 5,500 munici-
palities and 850,000,000 hectares can hardly be 
obtained by the census method and, therefore, 
sampling is more appropriate. 

The need for information produced quickly 
enough to allow intervention still during that 
harvest cycle requires that time spent gathering, 
processing and analyzing data must as short as 
possible, which limits the size of the sample. 

For agricultural production seasonality is an 
important factor, and an effective national pro-
gram of crop monitoring can only exists through 
a continuous process ofdata collection. It requires 
that sample units be visited and analyzed several 
times throughout the year, which further restricts 
the number of sample units that can be observed 
at a reasonable cost. 

Information collected in the sampling units 
should be georeferenced and stored in a database 
to allow data be audited at any time, which ensures 
transparency and the possibility of qual ity control 
in the process. This is facilitated by the combined 
use of remote sensing data in the fonn of images, 
global positioning devices and GIS software. 

For the survey to produce objective estimates 
with known precision, it is necessary to define a 
sampling plan with a probabilistic method, and 
it is also necessary that data about planted areas 
be obtained by measurements, not by interviews 
or questionnaires. The use of images obtained 
by remote sensing allows the incorporation of 
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the concept of image pixel as the sampling unit, 
which facilitates achieving an objective measure-
ment (Luiz et al., 2002; Luiz & Gürtler, 2003). 
The possibility of establishing the accuracy of 
estimates is ensured by a study of the nature of 
variables being measured, and by designing an 
appropriate sampling plan (Epiphanio et al. 2001; 
Epiphanio et al., 2002; Epiphanio & Luiz, 2001). 

Simple Random Sampling 

The Simple Random Sampling (SRS) is a method 
consisting ofselecting a sample ofn elements from 
a population total of N, such that every possible 
sample has the same probability of being chosen. 
To draw a simple random sample of n pixels in a 
digital image, the scene elements that make up the 
image must be numbered from 1 to N, and then 
using an algorithm, random nunibers should be 
generated to select the n elements of the sample. 

Because the sampling unit is a pixel that has a 
known and constant area across the whole region 
under investigation, the proportion in which pixels 
with the target crop occur in the sample allows, 
through expansion, an estimation of the proportion 
of occurrence of that crop in the municipality. It is 
therefore necessary and sufficient to measure just 
one category variable per sampling unit. In other 
words, in an ordinary case of just one crop (x 1 ), 
a given element will fali under one of only two 
categories: U if it belongs to a segment occupied 
by crop x 1 ; or C if it belongs to a segment not oc-
cupied by crop x 1 . In order to facilitate exposition 
of the method, the following notation is adopted: 

A number of U-class elements in the population 
(a in the sample) 

P 	= —
A 

proportion of U-class elements in the 

. 
population (p = 

a 
— in the sample) 

Q = 1 - P proportion of Ü-class elements in 
the population (q = 1 -p in the sample) 

f = N —
n 

sample fraction (or —
1 

= —
N 

= e xpan-

sion sion factor) 

Considering that the variable is categorical, 
the process described to obtain a sample, accord-
ing to Johnson & Kotz (1969), is the classic situ-
ation that fits naturally to a discrete distribution 
of the hypergeometric type. When Nis big enough, 
this distribution is approximated to a binomial 
(Zwillinger & Kokoska, 2000). In this case, ac-
cording to Cochran (1977), estimation of P is 
given directly by P = p , while the estimation of 
A is obtained through the application of the expan- 

sion factor, namely, Â = a x (-
1 

). 

Admitting that for each element in the popu-
lation there is a variable y , will take value 1 
if that element belongs to class U, or value O if 
that element belongs to class Cf, it is clear that the 
total for the population (I') is obtained through 
Equation 1: 

Y=Ê y 
= A 

= 
(1) 

and that the averages for population and sample 
can be calculated through Equations 2 and 3 
respectively: 

y  

i=1 	A 
= — = P 

N N 

a 

n 	n 
	= 	p 

Consequently, the problem of obtaining Â and 
P may be reduced to a simple estimation of the 
total and the average of a population where every 

y= 

(2) 

(3) 
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y is either 1 or 0. It is then possible to express 
population variance (S2) and sample variance (s2) 
as a function of P and p, as follows: 

s2
= N 1 
	PQ 	 (4) 

 

2 s   

	

(n —1)
P4 	 (5) 

Under such conditions it is possible to affirm 

i that the sample proportionp = a — is a non-biased 

estimation of the population proportion P = —
A 

. 

Also, in practice, in cases where the sample frac-
tion does not exceed 5% (f < 0,05), it is possible 
to consider that the variance of sample average 
(that is, p variance) can be estimated in a non-
biased way through Equation 6: 

s =  pq 
 ° 	(n —1) 

The estimated total of U-class elements in the 
population is represented as Â = Np, and a non-
biased estimation of its variance can be obtained 
through Equation 7: 

^2 	 N2 
s = 	 

NP  (n — 1) 
P4 

With this we can have a good indication of 
the sample size that is adequate to identify events 
(agricultural crops, in the present case) with dif-
ferent probabilities of occurrence in the popula-
tion. In other words, starting from the area of a 
given municipality and the dimensions of a scene 
element, we have the N value, and then based on 
information from previous years, obtained in other 
surveys, we obtain a value forp. It will allow the  

construction of a table or graph representing the 
relation between sample size (n) and variance 
of the estimation (s2Np) or its derivatives, such 
as the coefficient of variation CV% that can be 
calculated with the following expression: 

= 100 x  pq  
C V Np p 	n —1 

(8) 

The graph in Figure 3 shows an example where 
values are the area of the municipality of Ipuã 
(467,058,750 m2), the area of a scene element 
corresponding to 25 m x 25 m (625 m2), and the 
value estimated by IBGE/PAM for the area of 
harvested soybean in that municipality in 2001, 
which was 162,000,000 m2  (IBGE, 2003b). In 
this case, then, N= 747,294 and P = 0.34685144 

0.35. 

Building a Random Sample 

Building a random sample is not a trivial task, 
and in fact the difficulty to obtain it in agriculture 
surveys has been a challenge for some decades 
now, to statisticians involved with the subject. 
When we consider the problem in a traditional 
way, basic sampling units consist in harvest plots, 
farms, units of production or some other type of 
segment, but always their limits are defined from 
the perspective ofthe predominant socioeconomic 
activity, that is to say, farming. It poses a serious 
problem for the definition of random samples, 
because if randomizing is to be warranted, it is 
necessary to guarantee that all componente of a 
population will have a non-zero and known chance 
to be part of the sample. Thus, it is necessary to 
know all elements of a finite population, or the 
distribution of probabilities in the case of infinite 
populations. 

The case of estimating a planted area char-
acteristicaliy belongs to the first groups, that of 
finite populations. Therefore, if the basic sampling 
unit chosen is a farm, for example, in order to 

(6) 

(7) 
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Figure 3. Curve representing the relation between sample size (n) and the expected coefficient of varia-
tion (CV %), given a probability p = 0.35 of occurrence of a crop in the area 
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proceed to random sampling it is necessary to 
have a complete list of ali farms existing in the 
considered population. Among several impedi-
ments to such a list, some are: a) the sum of farm 
areas is not equal to the population's total area, 
due to measuring errors or mistakes in declara-
tion; b) estate/property registries, depending on 
when they' ve been made, are to be found in dif-
ferent bases — public notaries, counties, districts, 
municipalities, states or territories that may have 
been created before or after the property was 
registered; c) plain inexistence of any registry; d) 
vacant areas; e) areas under litigation — with two 
or more registries or owners; f) fast modifications 
in number, size or ownership of properties, due 
to owner's death, property sale, separation or 
dissolution of a partnership. 

An alternative to bypass such obstacles is 
the use of sampling paneis by areas. Although 
in theory the paneis may contemplate elements 
with artificially-defined boundaries (Luiz, 2002), 
this was not the norm until recently, and segments 
were typically defined by physical boundaries of 
the terrain (Collares et al., 1993). 

Although the advantages that remote sensing 
images could bring to agriculture sample surveys 
have been known for a long time, it was only to-
wards the end of the 1990's that utilization of the 
pixel as a basic sampling unit began to be seen as 
possible in practice, for agricultural surveys (Luiz 
et al., 2002). It happened due to the availability of 
precise GPS equipment at low costs, as well as the 
uprising of friendly GIS programs — that some-
times are even free of charge, such as SPRING. 
Starting from that time, the joint utilization of 
remote sensing images, GIS and GPS devices has 
been increasing also in agricultural applications 
(Wilkinson, 1996; Pradhan, 2001; Gao, 2002). 

Thus, today it is feasible to use remote sensing 
images which naturally provide elements with ar-
tificial boundaries — the pixels — to obtain random 
samples for the estimation of the planted area. It 
renders much easier both the sampling design and 
the statistical analysis of data collected. Nonethe-
less, it is necessary to guarantee that the practical 
procedures to obtain the sample will really result 
in random process, a fundamental condition for 
the application of ali the remaining statistical 
concepts to be used in calculation of estimations. 
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In the past, the use of random sampling per 
points in statistical surveys to estimate a planted 
area was nearly impossible, due to the difficulty 
of point location and the inexistence of an enu-
merable list of such points. The availability of ali 
three technologies: remate sensing images, GPS 
equipment, and geographic information systems 
(GIS) has changed the scenario. The benefit of the 
use of images when building sampling paneis is 
that the image produces an imaginary division of 
land surface into scene elements (pixels) of equal 
dimensions that cover a land area completely and 
without overlapping. If the area of a municipality 
is the region of interest, there is a finite number 
N of pixels that represent in the image the real 
surface area, where N = (municipality area)/(pixel 
area). Therefore a numerable list of components 
of the population is obtained, from which random 
samples may be drawn. The difficulty of identi-
fying on the actual terrain sample elements with 
imaginary limits (not real limits such as rivers, 
woods etc), as is the case with the pixel, is by-
passed thanks to the precision and easy operation 
of GPS equipments that are currently available at 
low costs. Finally, to integrate benefits from both 
the use of images and the use of GPS devices, 
there are the GIS that facilitate the handling of 
georeferenced information (Luiz et al., 2002). 

Hypotheses 

Considering that each digital image obtained by 
orbital sensors is represented by a nxm matrix 
where n is the number of columns and m is the 
number of lines, and knowing that each cell of 
the matrix is an element of scene (pixel) that can 
have its spatial position represented by plane 
coordinates X and Y, it is possible to affirm that: 

1. if, through a random number-generating 
process, t ordered pairs (x,, yi) are produced 
such that determine the positions of t pixels 
in the image, those pixels shall constitute a 

Random Sample (RS) that is representativo 
of the image. 

2. 	if, after overlapping an irregular polygon 
(such as for example the boundaries of a 
municipality) upon the image, only the t' 
pixels (t' < k) are conserved that the centers 
of which are located within the polygon, 
the new group of pixels shall continue to 
constitute a RS that is representative of the 
region of the image corresponding to the 
municipality area. 

Demonstration 

If X is a random variable (r.v.) with univariate 
discrete uniform distribution, it means that it 
may adopt n different values (x 1 , x2 ,..., x,,} with 
equal probability. Among the properties of such 
a distribution, the probability density function 
(pdf) for X is: 

n 
	V x 
	

{x 
x1, 2'  ... , X  n} 

O 	otherwise 

(9) 

Let Y be another r.v., independent and identi-
cally distributed (i.i.d.) in relation to X, that can 
adopt m different values{y 1 , y2,..., Then, if Z 
is defined by the ordered pair (X, Y) in such a way 
that zo( = (x,, where 1 < i<n,1<j<m, and 1 
< k < (nxm), and i, j, k, n, m are integer positive 
numbers; then we can affirm that Z has a discrete 
uniform distribution with the following pdf: 

b — a 
	se a < y < b 

f( ) = 
	 (10) 

caso contrário (c.c.) 
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This is true if and only if X and Y are i.i.d. 
Now, if W is a r.v. that can adopt different 

values, and t' < nxm, so that w, = zk, where 1 < r 
< nxm, r and r being integer positive numbers; 
then it follows that W also has a discrete uniform 
distribution with the following pdf: 

 

1 

b — a 
se a < y < b 

 

O 	caso contrário (c.c.) 

   

In such case, to answer hypothesis a), if the t 
ordered pairs taken from the population have been 
produced with any electronic spreadsheet where 
the cells oftwo columns, each with t elements, have 
been filled with integer positive numbers through 
a random number-generating procedure based on 
a univariate uniform distribution — in one column 
numbers vary from 1 to n (number of columns of 
the image), and in the other column numbers vary 
from 1 to m (number of lines in the image) — when 
making the equivalence between those numbers 
and the pointers of lines and columns in a GIS, 
the t pixels have been selected that shal I constitute 
a RS representing the image. 

In relation to the hypothesis b) exactly the same 
argumentation is valid, and it is applied twice. In 
other words, when municipality boundaries are 
overlapped over the image, a new population is 
created that is constituted by a subset of the pixels 
in the original population, in which all elements 
continue to have identical probabilities of being 
selected to make the sample; so in parai le I, among 
the pixels selected to make a sample of the original 
population, the subset ofpixels located within the 
municipality boundaries will still constitute a RS. 

It is thus demonstrated that a sample obtained 
by selecting a set of pixels in an image, and then 
later taking the subset of pixels contained within 
the limits of a municipality, is a simple random 
sample. 

Randomization of Points 
in the Municipality 

After defining a sampling method aided by a 
remote sensing image, and having selected an 
area to be studied, it is now necessary to apply 
the method and obtain estimations originated by 
the sampling. 

The first step is to draw pixels to make the 
sample. In order to illustrate the method, a sample 
with size 200 has been drawn. 

Considering the irregular characteristics 
of municipal boundaries, in order to distribute 
sample points randomly across the municipality, 
a first draw is made for the enclosing rectangle 
upon the image stored in SPRING, promoting 
the equivalence between point and pixel, and 
then discarding the points that have fallen outside 
municipal boundaries. 

By working upon a matrix representation ofthe 
image, the position of each pixel has been defined 
by the binomial line and column. The namex was 
given to numbers in the columns, and the narre 
y to line numbers in an image (note that x and y 
may be multiplied by the pixel dimension, thus 
transforming their unit in meters, or they may be 
converted to coordinates of latitude and longitude). 
The enclosing rectangle will be formed by r lines 
and s columns, and will be absolutely defined by 
the ordered pairs ofjust two scene elements: one 
in the bottom left comer (x 1 , y 1 ) and another in 
the upper right comer (x 2, y2). Observe that r = 
(1x2  —x 1 1 +1), and s = ([✓ 2  —y 1 1 +1), and that the 
total number of pixels in the rectangle equals the 
product of r and s, which will be called T. In order 
to allow a random selection of the m candidate 
sample points among all T pixels, it is necessary 
to generate m ordered pairs (x 1, Because the 
generator used retums two random z numbers 
{O < z  < 1} uniformly distributed, it is enough to 
apply m times the transformations: x 1  = (z, x r) 

and yk  = (z2  x s). 
These points are considered to be candidates. 

Since the rectangle is not entirely occupied by the 
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municipality area, a fraction of the m elements 
will be located outside the limits of the region of 
interest, and will not be sampled. Only n drawn 
elements the locations of which are inside the 
defined limits shall be considered sample points. 
Because the selection of points is randomized, it 
is expected that on average the relation between 
n and m will be the same as exists between the 
area of the municipality (A) and the area of the 
enclosing rectangle (R). From that relation it will 
be possible to determine the best estimation of m 
that will produce a certain value of n, which is 
calculated as follows: m = {1 + INT [n x (RI , 
where INT means the integer part of the expres-
sion within brackets. 

Considering that the area of the municipality 
oflpuà is 46,837.4 ha (IBGE, 2003a), and the area 
of the enclosing rectangle is 86,265 ha; in order 
to be able to select a sample of size n 1 = 200 it is 
necessary to draw a total of: m 2  = {1 + INT[200 x 
(86,265/46,837.4)]} = 369. That is, if 369 points 
are generated within the enclosing rectangle, the 
mathematical expectation is that 200 of them will 
be located within the municipality boundaries. 
In order to increase the probability of having 
the desired number of points inside the area of 
interest, and because the cost incurred to generate 
random numbers is computationally very low, we 
have generated twice that number of points, that 
is, 738 points to secure 200. 

In order to transform the chosen ordered pairs 
(x yi) in values compatible with the plane coor-
dinates (X, Y) of the enclosing rectangle defined 
in SPRING, in the case of an image with spatial 
resolution of 25 meters, the following transforma-
tion is used: X . X + 12,5 + [INT (x, x 25)] and 
Y = Y + 12,5 + [INT (y1  x 25)], where the pair 
(X, Y1 ) defines the position of the southeastem 
comer of the enclosing rectangle, in the Southern 
Hemisphere. The procedure guarantees that each 
pixel in the image will have the same chance to be 
picked to make up the sample, and that the selec-
tion is made considering the center of the pixel. 

The coordinates of points randomly generated 
as described are inputted into the SPRING GIS 
software through importation as points' files in 
the format ASCII-SPRING, which will generate 
an Information Layer (IL) for each set of points. 
To eliminate points that are not within the polygon 
corresponding to Ipuà municipality's boundaries, 
the IL are cut out using a mask with the boundar-
ies. As the resulting IL contain a number of points 
that exceeds the desired number, IL are exported 
to be opened in an Excel spreadsheet. Points are 
then classified in crescent order (relative to their 
position in generation process), and from the lists 
a group is selected with the desired number of 
points for each file, that is, the 200 first points. 
The remaining points are deleted from the files that 
are then imported again into SPRING, finishing 
this stage. Figure 4 exemplifies the distribution 
of sample points across Ipuã's territory, for a 
sample of size 200. 

After samples are generated, with IL of the 
selected points, image modules are printed for 
fieldwork, with the location of points printed only 
on plastic films that may be overlay the image, 
to enable localization of points in the field. Points' 
coordinates may also be exported directly to the 
GPS memory, which will further facilitate their 
localization. It is important to remember that when 
you can count on a relatively recent image of the 
area under study, several selected points will be 
easy to classify without the need of an actual 
visit, because they will present easily identifiable 
characteristics such as water bodies, urban areas, 
forests etc. After filling in the tables with cadas-
tral data and exporting them to an Excel spread-
sheet, data are worked on to originate estimations. 
The procedure consists in a simple count ofpoints 
in the class of interest. 

The area occupied by the class of interest in the 
municipality can be estimated based on the 200 
point sample. You will calculate the area dividing 
the frequency observed for that class by the size 
of the sample, and then multiplying the result by 
the municipality's total area. The ratio between 
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Figure 4. Example of distribution of the 200 points selected to make up a random sample in Ipuã, State 
of São Paulo, Brazil 
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the observed frequency and the size of sample 
is the proportion p of occurrence of that class in 
the sample, which is a non-biased estimator for 
the proportion P of that class in the population. 
Therefore, it suffices to multiply the p of each 
class by the total area of the municipality AM to 
obtain the estimated area for that class, that is: 

Â= pxAM 	 (12) 

In our example, among the 200 points selected 
and visited at the field, 68 were classified as soy-
bean. Applying the indicated formulae, we have 
that the crop of interest occupies a proportionp = 
68/200 of the territory in the municipality of Ipuã. 
When we multiply p by the area of the munici-
pality, we estimate as 15,925 ha the area planted 
with soybean in Ipuã in the Summer 2001/2002. 

The procedure to calculate CV is also very 
simple, and it suffices to apply Equation 8. Get-
ting back to the example of Ipuã in the Summer 
2001/2002, with p = 68/200 and q = 1 - p, we 
found that the CV for the estimation of soybean 
area in the municinalitv is 9.85%.  

Stratification 

Stratification is a regular sampling technique, and 
there are several reasons for that. Among those 
reasons we may highlight that when there is the 
desire to know the degree of data precision for 
certain subdivisions of the population, it is appro-
priate to treat each of these divisions as a separate 
"population", or in other words, each subpopula-
tion is a stratum. Another strong reason would 
be the existence of administrative advantage; for 
example, the agency conducting data collection 
may have different offices, each of them with its 
own area of scope defined according to criteria 
that are often non-related to a specific survey. 
Another reason could be detected in the case of a 
sampling based on farmers working with a given 
crop, when one has only a list of large farms, which 
will be put in a separate stratum, while smaller 
unlisted properties will be divided across other 
strata where some type of area sampling could be 
applied (Cochran, 1977; FAO, 1996; FAO, 1998). 

Separation in strata could also produce some 
gain in precision when estimating characteristics 
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a heterogeneous population into subpopulations 
that will each be internally homogeneous. This 
is suggested by the word "stratum", with its im-
plication of a division by layers. If each stratum 
is homogeneous, so that measures will show 
little variation from one unit to another, a precise 
estimation of the average in each stratum can be 
obtained from a small sample in that stratum. 
Estimations from all strata can be combined into 
a single precise estimation of the whole popula-
tion (Cochran, 1977). 

The stratification can be used in two or more 
stages in a program of statistical surveys of crops. 
In a first moment, stratification will be made only 
based on information obtained from the remote 
sensing image, with the purpose of dividing the 
municipal territory into areas internally homoge-
neous, and different among them in relation to the 
predominant land use. In another way, a group of 
municipalities — belonging to a State, a Region 
or even the entire country — could be stratified in 
order to obtain homogeneous subpopulations as 
to the variable of interest, which in the present 
work is the planted area, but such stratification 
will not be focused in this work. 

Stratification within a Municipality 

Stratification inside a municipality is essentially 
of the spatial type, and it is particularly adequate 
when the usage of soil varies greatly from one 
region to another within municipal boundaries. 
Several reasons may lead to such a situation Farm-
ing usage of soil is strongly affected by climate, 
type of soil and topography; for example, flooded 
rice in Brazilian conditions of crop handling oc-
curs almost exclusively in hydromorphic plains; 
while large crops with intense mechanization 
occupy primarily terrains with little declivity 
and fertile soils; and perennial and semiperennial 
cultures may occur in areas of irregular terrain, as 
the selection of their localization is conditioned 
mainly by the climate. Another set of factors af-
fecting soil usage are anthropomorphic factors, 

mainly the agrarian structure and the distribution 
of infrastructure for transportation and storage of 
farming products, which makes it relatively easy 
to understand why within the same municipality a 
region with difficult access — due to privation of 
roads ofbridges— shall be neglected in comparison 
with another region that is better served in those 
aspects; crops appropriate for regions divided into 
small rural properties shall be different from those 
in regions occupied by great Ianded estates. It is 
important to observe that although the agrarian 
structures and the availability ofinfrastructure are 
highly correlated with environmental variables 
such as soil, geography and climate, this is not 
always valid. 

Another factor determining the type of land 
use in each region in the municipality is the legal 
or juridical component. The appointment of laws 
on environment preservation may transform an 
entire area into a reserve and abolish every form 
ofagricultural use; or else, laws establishing limits 
for a given farming activity may force a spatial 
rearrangement of production, as in the case of laws 
concerning the maximum declivity susceptible to 
mechanization, or the minimum distance from 
urban centers where sugar cane can be burnt in 
preparation for harvest. An excellent source of 
study to understand the impact that such types of 
restriction can have on the spatial distribution of 
crops is the work by Giannotti (2001). The paper 
deals with the impacts of the environmental law 
prohibiting the burning of sugar cane in the region 
of Piracicaba (State of São Paulo), where such 
prohibition fosters mechanization of crops, and 
environment variables condition the susceptibility 
of land to mechanization, which is modifying the 
spatial formation of the crops. 

From the perspective of an estimation of the 
planted area, some or all the above mentioned fac-
tors may act to promote or discourage the spatial 
concentration ofa given crop inside a municipality. 
It may also vary from one species to another, and 
there can be in the same territory an example of 
homogeneous distribution and another example 
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of high spatial concentration. Then, the option for 
stratification will depend on the study's objective, 
as the method chosen should favor the estimation 
of the crop of greatest interest. In other words, 
depending on the crop of interest, one can choose 
to use or not use stratification in one municipality; 
and further still, even when there is an option for 
stratification, the optimal allocation of sample 
points across all strata shall also vary according to 
the crop of interest. For example, if a municipa I ity 
is occupied mainly with sugar cane and soybean 
crops; and if spatial distribution of sugar cane 
crops is strongly influenced by their distance from 
refineries, thus causing a higher concentration 
of that culture in one region of the municipality, 
it could be the case of making a stratification in 
two arcas, one with a higher occurrence of sugar 
cane, and the other with a higher incidence of 
soybean. Such stratification will result in a single 
segmentation of the municipality's territory, re-
gardless whether the main interest is soybean or 
sugar-cane. But the optimal number of points in 
each stratum — keeping constant the total number 
of points — shall vary in accordance with the main 
interest of the study. In regard to the definition of 
limits for each stratum, considering the scale of 
that municipality and admitting that the person in 
charge of the survey is familiar with the territory 
under study, the manual method of segmentation 
is indicated, based on visual interpretation of the 
remote sensing image (King, 2002). 

After the population (arca of the municipal-
ity split into N pixels) is divided into 1 strata, 
and maintaining the notation used in the simple 
random sampling (SRS), we observe that in the 
stratified random sampling (StRS), strata have 
each Nh  units, where suffix h defines the h-esimal 
stratum of the population; they do not overlap and 
constitute together the entire population, that is: 

N = + N2 + ...± N h  + ...+ = Nh  
h=1 

(13) 

In order to characterize a StRS it is necessary 
to take a SRS in an independent way in each 
stratum. Sample sizes inside strata are named n i , 
n2 ,"" n11'••" n respectively. The total size of the 
sample is still called n, and it is given by the sum 
of all z values of nh . To follow with the previous 
notation, we'll adopt the following: 

A h  = number of U-class elements in stratum h (ah  
in the sample) 
Ph =  A h/Nh  = proportion of U-class elements in 
stratum h (ph  = ah/nh  in the sample) 
Qh  = 1-Ph =  proportion of Ü--class elements in 
stratum h (qh  = 1- ph  in the sample) 
fh  = nh1N h  = sample fraction in stratum h (11fh  = 
Nh/nh  = expansion factor) 
Wh  = Nh/N = weight of stratum h 

In stratified sampling, the number of sample 
points nh  (or sample size) in each stratum is cho-
sen by the person in charge of sampling. Several 
criteria may be adopted to determine that amount, 
and usually an objective is to reduce the estimated 
variance, keeping a fixedorreduced cost (Cochran, 
1977). In a simple case, admitting a linear func-
tion of cost, and given the restriction meant by 
the total number of sample points, one will look 
for the best allocation of points in each stratum 
so as to obtain the least variance. 

According to Cochran (1977), when StRS is 
applied to proportions, as is the present case, and 
one wants to estimate the proportion of units in 
the population that fali under U class, the ideal 
stratification is achieved when one puts in the 
first stratum all units of such class, and in other 
strata all other classes. But as this usually is not 
possible in practice, especially when units and 
strata are spatially distributed, strata should be 
built in such a way that the proportion in U class 
will vary as much as possible from one stratum 
to another. For this situation, the estimation of 
proportion P that is adequate for StRS is named 

and is given by Equation 14: 
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a heterogeneous population into subpopulations 
that will each be internally homogeneous. This 
is suggested by the word "stratum", with its im- 

. 

plication of a division by layers. If each stratum 
is homogeneous, so that measures will show 
little variation from one unit to another, a precise 
estimation of the average in each stratum can be 
obtained from a small sample in that stratum. 
Estimations from all strata can be combined into 
a single precise estimation of the whole popula-
tion (Cochran, 1977). 

The stratification can be used in two or more 
stages in a program of statistical surveys of crops. 
In a first moment, stratification will be made only 
based on information obtained from the remote 
sensing image, with the purpose of dividing the 
municipal territory into areas internally homoge-
neous, and different among them in relation to the 
predominant land use. In another way, a group of 
municipalities — belonging to a State, a Region 
or even the entire country — could be stratified in 
order to obtain homogeneous subpopulations as 
to the variable of interest, which in the present 
work is the planted area, but such stratification 
will not be focused in this work. 

Stratification within a Municipality 

Stratification inside a municipality is essentially 
of the spatial type, and it is particularly adequate 
when the usage of soil varies greatly from one 
region to another within municipal boundaries. 
Several reasons may lead to such a situation Farm-
ing usage of soil is strongly affected by climate, 
type of sou and topography; for example, flooded 
rice in Brazilian conditions of crop handling oc-
curs almost exclusively in hydromorphic plains; 
while large crops with intense mechanization 
occupy primarily terrains with little declivity 
and fertile soils; and perennial and semiperennial 
cultures may occur in areas of irregular terrain, as 
the selection of their localization is conditioned 
mainly by the climate. Another set of factors af-
fecting soil usage are anthropomorphic factors, 

mainly the agrarian structure and the distribution 
of infrastructure for transportation and storage of 
farming products, which makes it relatively easy 
to understand why within the same municipality a 
region with difficult access — due to privation of 
roads ofbridges — shall be neglected in comparison 
with another region that is better served in those 
aspects; crops appropriate for regions divided into 
small rural properties shall be different from those 
in regions occupied by great landed estates. It is 
important to observe that although the agrarian 
structures and the availabi lity ofinfrastructure are 
highly correlated with environmental variables 
such as soil, geography and climate, this is not 
always valid. 

Another factor determining the type of land 
use in each region in the municipality is the legal 
or juridical component. The appointment of laws 
on environment preservation may transform an 
entire area into a reserve and abolish every forro 
ofagricultural use; or else, laws establishing limits 
for a given farming activity may force a spatial 
rearrangement of production, as in the case of laws 
conceming the maximum declivity susceptible to 
mechanization, or the minimum distante from 
urban centers where sugar cane can be burnt in 
preparation for harvest. An excellent source of 
study to understand the impact that such types of 
restriction can have on the spatial distribution of 
crops is the work by Giannotti (2001). The paper 
deals with the impacts of the environmental Iaw 
prohibiting the buming of sugar cane in the region 
of Piracicaba (State of São Paulo), where such 
prohibition fosters mechanization of crops, and 
environment variables condition the susceptibility 
of land to mechanization, which is modifying the 
spatial formation of the crops. 

From the perspective of an estimation of the 
planted area, some or all the above mentioned fac-
tors may act to promote or discourage the spatial 
concentration of a given crop inside a municipality. 
It may also vary from one species to another, and 
there can be in the same territory an example of 
homogeneous distribution and another example 
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of high spatial concentration. Then, the option for 
stratification will depend on the study's objective, 
as the method chosen should favor the estimation 
of the crop of greatest interest. In other words, 
depending on the crop of interest, one can choose 
to use or not use stratification in one municipality; 
and further still, even when there is an option for 
stratification, the optimal allocation of sample 
points across all strata shall also vary according to 
the crop of interest. For example, if a municipality 
is occupied mainly with sugar cane and soybean 
crops; and if spatial distribution of sugar cane 
crops is strongly influenced by their distance from 
refineries, thus causing a higher concentration 
of that culture in one region of the municipality, 
it could be the case of making a stratification in 
two areas, one with a higher occurrence of sugar 
cane, and the other with a higher incidence of 
soybean. Such stratification will result in a single 
segmentation of the municipality's territory, re-
gardless whether the main interest is soybean or 
sugar-cane. But the optimal number of points in 
each stratum — keeping constant the total number 
of points — shall vary in accordance with the main 
interest of the study. In regard to the definition of 
limits for each stratum, considering the scale of 
that municipality and admitting that the person in 
charge of the survey is familiar with the territory 
under study, the manual method of segmentation 
is indicated, based on visual interpretation of the 
remote sensing image (King, 2002). 

A fter the population (area of the municipal-
ity split into N pixels) is divided into strata, 
and maintaining the notation used in the simple 
random sampling (SRS), we observe that in the 
stratified random sampling (StRS), strata have 
each Nh  units, where suffix h defines the h-esimal 
stratum of the population; they do not overlap and 
constitute together the entire population, that is: 

N = + N2  + ...+ N h  + ...± = 
h=1 

(13) 

In order to characterize a StRS it is necessary 
to take a SRS in an independent way in each 
stratum. Sample sizes inside strata are named n 1 , 
n2,..., n respectively. The total size of the 
sample is still called n, and it is given by the sum 
of all z values of n h . To follow with the previous 
notation, we'll adopt the following: 

A h  = number of U-class elements in stratum h (ah  
in the sample) 
Ph =  A hINh  = proportion of U-class elements in 
stratum h (ph  = ah/nh  in the sample) 
Qh  = 1-Ph  = proportion of Cf-class elements in 
stratum h (q h = 1- ph  in the sample) 
fh  = nhINh = sample fraction in stratum h (1Ifh = 
Nhlnh  = expansion factor) 
Wh  = NhIN = weight of stratum h 

In stratified sampling, the number of sample 
points n h  (or sample size) in each stratum is cho-
sen by the person in charge of sampling. Several 
criteria may be adopted to determine that amount, 
and usually an objective is to reduce the estimated 
variante, keeping a fixedorreduced cost (Cochran, 
1977). In a simple case, admitting a linear func-
tion of cost, and given the restriction meant by 
the total number of sample points, one will look 
for the best allocation of points in each stratum 
so as to obtain the least variante. 

According to Cochran (1977), when StRS is 
applied to proportion, as is the present case, and 
one wants to estimate the proportion of units in 
the population that fali under U class, the ideal 
stratification is achieved when one puts in the 
first stratum all units of such class, and in other 
strata all other classes. But as this usually is not 
possible in practice, especially when units and 
strata are spatially distributed, strata should be 
built in such a way that the proportion in U class 
will vary as much as possible from one stratum 
to another. For this situation, the estimation of 
proportion P that is adequate for StRS is named 
15 , and is given by Equation 14: 
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N x p 
PM = z  h h  = E(wh xph ) 

h=1 	 h=1 

(14) 

And estimation of variance for ./S, can be 

calculated with Equation 15: 

_ w2 
h 

A=1 

Applying Stratification 
in the Municipality 

Aiming to evaluate the effect of stratification 
within a municipality upon the precision ofestima-
tions, Ipuã's territory has been divided into two 
strata. Stratum I was defined so that it covered 
approximately two thirds of the total area (27,858 
ha), being located upon the center and east of the 
municipality, always north of the road SP 345 that 
links the municipality of Guaíra to Highway SP 
330. Stratum II, in consequence, was located in 
the western side of the municipality, adjacent to 
Guaíra, and also included the entire area south of 
road SP 345, which represented one third of the 
total area (18,979 ha). 

Stratification was made manually, based on 
visual interpretation of the image, facilitated by 
familiarity with the field that was acquired along 
several campaigns conducted in that municipality. 
We have also tried to use natural limits such as 
water streams, and anthropomorphic limits such 
as the road, to draw strata borderlines. The main 
visual characteristic influencing in the definition 
of both strata was the presence of sugar cane 
and soybean crops. Stratum I is predominantly 
occupied with soybean crops, while Stratum II 
has a higher frequency of sugar cane. 

The same procedure for drawing points has 
been performed in this stage, and the number of 
points drawn for the municipality was 200. Two 
different distribution have been defined among  

both strata, one considering a greater interest 
in the estimation of soybean arca, and the other 
admitting a greater interest in sugar cane. In both 
cases, 86 points were allocated in one stratum, and 
114 in the other. These numbers resulted from the 
calculation of the expected variance that is given 
by Equation 5. Based on values for soybean and 
sugar cane in strata I and II, obtained from a 
mapping effort (Luiz, 2003), we found the value 
for the proportion p of each crop in both strata. 
The optimal allocation of sample points is that 
produces the lowest sum of variances for a given 
culture in both strata. In the case under study, 
just as a coincidence, the optimal combination 
for soybean occurred with 114 points in stratum 
I and 86 in stratum II; for sugar cane it was just 
the opposite, that is, 86 points in stratum I and 
114 in stratum II. 

One example ofdrawing points with 114 points 
in stratum I and 86 in stratum II is shown in Figure 
5. The distribution, in terras of precision, favors 
the estimation of the area planted with soybean, 
since the arca with greater amount of points is 
precisely the one with most of the soybean planted 
in the municipality. 

In the other case, opposed to the previous one, 
114 points were distributed in stratum II, occupied 
primarily with sugar cane, and 86 points were 
distributed in stratum I, that has a higher fre-
quency of soybean crops. This distribution favors 
the estimation of the arca planted with sugar cane, 
because it intensifies the sampling in the arca 
where cane is predominant. 

The procedure employed to calculate the 
estimation of the planted arca in both strata and 
the municipality, has been at first the same as for 
SRS. After obtaining the frequency of each class 
in each stratum, the arca of culture estimated in 
the stratum was obtained simply through multi-
plication of the proportion found by the arca of 
the stratum, AH, that is: 

Âh  = Ph  X AH 	 (16) 

qh 
	

(15) 
nh  
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Figure 5. Example of distribution of 200 points chosen to make up a stratified random sample, with 114 
points in stratum 1 and 86 points in stratum II, in Ipuã, State of São Paulo, Brazil 
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The procedure employed to calculate the 
coefficient of variation in each stratum, CVh, has 
also been the same as in the case of SRS, that is: 

Therefore, the CV of the estimation for the 
municipality that was obtained through StRS, was 
calculated using the following equation: 

CV = 100 x 	qh 	 (17) TA-72 Plql  w2 P2
4

2  
" 1 	 2 nh ph 	 n1 	n2  CVÁ = 100 X 	 (20) 

/„, 

The procedure has suffered a small change to 
calculate the estimation for the entire municipal-
ity, considering both strata. But even in this case 
it sufficed to add the areas estimated for each 
stratum, that is: 

= Â, + 42 	 (18) 

But to calculate the CV it was necessary to 
consider first the weight of each stratum, which 
has been calculated merely dividing the area of 
each stratum by the municipality area, that is: 

W°   AM 
	 (19) 

The municipality of Ipuã is relatively homo-
geneous regarding to its rural occupation, but in 
order to demonstrate the utility of a spatial stratifi-
cation within a municipality, it has been split into 
two strata, one more dedicated to soybean, and 
another more dedicated to sugar cane. Then, just 
to verify the effect that a change of objective has 
upon the precision of estimates, two samplings 
were perforrved. In the first case, called case A, 
admitting that the interest of the survey relates 
to soybean estimates, a greater amount of points 
(114) were put in stratum I, where soybean has a 
higher presence, leaving the remaining 86 points 
(as the total sample has always been 200) for 
stratum II, where sugar cane is predominant. In 
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the second case, called case B, the exact opposite 
actions were taken: admitting a greater interest in 
the estimation of sugar cane areas, 114 points were 
put in stratum II, and only 86 points into stratum 
I. In both cases, estimations of area and CV for 
both sugar cane and soybean were calculated as 
shown in Table 1. 

We can observe in Table 1 that the CV for the 
estimation of soybean is lowest in Case A (8.1%), 
where sampling has been intentionally in favor 
of soybean culture, while the lowest CV for 
sugar cane (9.1%) occurred in Case B, for the 
same reason. It also worth observing that, although 
the CV of the estimation of soybean for the mu-
nicipality has been lowest in Case A, inside 
stratum II there has been an increase of CVvalue, 
as compared with Case B. This is exactly how 
stratification works: if the interest is directed to 
a given variable, the method will try to make less 
mistake where that variable is more frequent (or 
where it occupies a larger area, in this case), even 
if it represents to err more where the variable is 
rare. The important thing is that in the final esti-
mation there is a gain in precision, provided that 
the objective has been well defined, and stratifica-
tion has been correctly done. 

FUTURE RESEARCH DIRECTIONS 

The estimate of crop areas by objective sampling 
is of great potential, since it allows predictions 

provided with quantification of the error. It can 
be performed at different scales, from the small-
est, as in the municipalities, to the larger, such as 
states, regions or countries. 

In addition to its implementation, a verifica-
tion of costs is recommended for the various 
phases involved, especially those related to data 
collection in the field. The costs involved are for 
equipment (e.g. GPS), dai ly payment and training 
for fieldwork data collectors, fuel, etc. One of the 
comparisons to be made is between these costs 
for the sampling method proposed here versus the 
costs for other methods. Also, it would be interest-
ing to perform quantitative comparisons between 
the accuracy of the crop estimates obtained by 
this method and by other methods, and between 
the cost effectiveness of each. 

New studies that explore the possibility of 
reducing the number of points to be visited in 
the fieldworks, through the use of current remote 
sensing images, so that points that fali into non-
agricultural class can be discarded, should be 
encouraged. Efforts to improve the method should 
be directed towards the optimization and reduc-
tion of costs and laboriousness, while seeking to 
increase its optimization, speed and usefulness. 

Another goal that can be sought in the near 
future is the increasing automation of the method, 
starting with the randomization of sampling points 
directly into the municipal area or region of inter-
est with no need to go through the phase of the 
enclosing rectangle. The search and registration 

Table 1. Planted area and CV for sugar cane and soybean, in Ipuã, estimated through StRS 

Sugar cane Soybean 

Stratum nh Area (ha) Cl'("/0) Area (ha) Cl' (%) 

Case A 1 114 3,912 23.2 15,158 8.6 

II 86 9,483 10.8 3,749 21.7 

13,395 10.4 18,907 8.1 

Case B 1 86 4,861 23.5 11,991 12.4 

II 114 10,980 8.0 3,494 19.7 

15,841 9.1 15,485 10.6 
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of current images of the study area also may 
be automated so that at any time one wishes to 
carry out the fieldwork, the most recent image 
is available. 

CONCLUSION 

The agricultura) information agile, accurate, 
inexpensive and safe, with quantified statistical 
errors, constitutes material of increasing value in 
a high dynamic scenario within the agricultura) 
national and international markets. 

In this chapter we provided the theoretical 
and practical basis for a method of estimating 
crop areas, using statistical objective sampling 
and remote sensing data. The method can also be 
applied to other targets that occupy large portions 
of land surface in a delimited arca, such as forest, 
water bodies, urban arcas and so on. 

The sampling based on the structure of digital 
images enables a quick survey with known accu-
racy of the arca covered with predominant crops 
within a municipality or region. 

The remote sensing images, for having a com-
prehensive coverage and are repeatedly obtained, 
may help to estimate the arca occupied by crops 
in municipal or regional scale. 

The stratification approach is an excellent con-
tribution in reducing the sample size or increasing 
the precision of estimates, provided that there is a 
strong knowledge base on which we can determine 
the boundaries of the strata. 

The use of objective sampling methods, by 
region, leads to increased knowledge on the part of 
local agricultura) statistics staff, which will surely 
bring efficiencies and effectiveness to the process. 

Databases, GPS and GIS are tools which 
increasing efficiency is essential to the objective 
sampling method. Year after year, the application 
of the methodology should allow the continued 
enrichment of the database, in addition to a growth 
in experience of technical people both in the 
fieldwork as in the office (those who prepare the  

material for the field work, receive and organize 
the data collected and generate final statistics), 
which will make the method more efficient. 

The audits, which can improve the quality of 
data coming from the field, are of fundamental 
importance, since the quality of field data are 
crucial to the quality and accuracy of objective 
estimates sample. 
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KEY TERMS AND DEFINITIONS 

Class of I nterest: It's the kind of land cover that 
most interests the sample survey. For example, if 
an agricultural survey that seeks only to estimate 
the area planted with soybeans, this would be the 
class of interest and all other types of land use, 
including other crops, could be grouped in a class 
defined as non-soy 

Fieldwork: The fieldwork may or may not be 
present in an agricultural survey, and is an activity 
performed at the site where the studied phenom-
enon occurs naturally and not in the office or lab. 
Involves all the steps necessary to collect and 
record data, features and information related to the 
phenomenon or object of study, including travel, 
preparation of material and handling equipment. 

Image Processing Procedures: Image pro-
cessing procedures are all the procedures used on 
the raw data of images obtained by remote sensing 
in order to present them the best possible way for 
their analysis and interpretation. Procedures can be  

divided into preprocessing, image enhancement, 
classification and information extraction. 

Information Layer (IL): Information layers 
are digital files of data that can be represented 
spatially. Each layer can be seen like a map that 
brings one characteristic represented in space. 
The geographic information systems (GIS) allow 
overlapping information layers to cross character-
istics and properties located in geographic space as 
appropriate to the purpose of each investigation. 

Objective Measurement: Objective measure-
ment is the act ofobtaining a value associated with 
a characteristic of the object observed through 
the use of devices or instruments, and that does 
not depend on who makes the measure. It is the 
opposite of the subjective measure, which is de-
pendent on the bias of who is measuring. 

Sampling Unit: Each element of the popula-
tion that can be identified and selected for the 
sample 

Simple Random Sample: A simple random 
sample occurs when the sampling plan ensures 
that every element of the population has an equal 
and known probability of being sampled. 

Spatial Information: Spatial information is 
any information about an object that is tied to its 
location in space and its spatial relationship with 
other objects of the same population. 

Stratified Sampling: The stratified sampling 
uses a priori information to divide the target popu-
lation into subgroups intemally homogeneous, 
called strata. The strata can be defined based 
on various factors such as topography, political 
boundaries, roads, rivers, human characteristics, 
depending on the context of the problem. Once 
defined the strata, a sample will be extracted in 
each stratum. Generally, the objective of this pro-
cedure is to estimate the true average or the total 
for a variable in each stratum. If the stratification 
was correct (relatively homogeneous strata) the 
estimated average for the population is more ac-
curate than could be obtained by a simple sampling. 
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