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Abstract— Precision Farming concept is spreading rapidly
worldwide as a tool to enable farmers for profitable
production while fulfilling environmental and food safety
conditions. The introduction and application of precision
technologies in agriculture has been motivated by the high
degree of variability of agro-ecological conditions within
fields. With increased use of precision agriculture
techniques information concerning within field soil and crop
variability is becoming increasingly important for effective
crop management. As a result of new technological
advances, more and more data is available. The safe and
reliable transfer of different kinds of data into detailed
information for management purposes is also of increasing
importance. In this paper an overview is given on the use of
remote sensing data in site-specific farming for assessing
crop growth and yield variability. Many studies have been
carried out to find an appropriate method to classify the
high resolution remote sensing data within a field.
According to the results of my research two classification
approach - pixel-based and object-based (OBIA) - are
presented. Image processing techniques including vegetation
indices, segmentation, and classification were used in this
research. The models presented in the article are suggested
to be used for crop monitoring and supporting decision
making.

I DATA GATHERING

Precision agriculture technology is a farm management
system, which relies on various measurements, data
collections and analysis, as well as decision making.
Measurements include soil chemical and physical
characteristics determination, grain yield and quality
measurements, and several remotely sensed property
determination. The base of precision agriculture is
information on the spatial and temporal variability of soil
and crop characteristics as well as the environment and
external conditions [7, 10]. The data on the properties of
soils, plants, occurrence of pests, obtained yield and
meteorological parameters are needed to optimize field
management [1, 2]. How to measure and map the spatially
and temporally varied field parameters accurately and
efficiently has been the focus of the researches in the field.
In many studies remote sensing data are used as a source
of information and GIS technology as tool for data
analysis. Geographical information systems (GIS) are
systems for the storage, analysis and presentation of
spatial data. GIS can also support translation of the
research findings into operational systems for use at farm
level by providing a good platform for storage of base
data, simple modelling, presentation of results,
development of a user interface and, in combination with
a global positioning system, controlling the navigation of
farm vehicles. On the basis of GIS a decision support

system could be developed for operational application of
precision agriculture at farm level [6, 8].

Remote sensing technologies are being used more and
more often in agriculture providing data for monitoring
within and between-field. In parallel with development of
spatial, temporal and spectral resolution in the last decade
the quantity and quality of data is constantly increasing as
well. Results of research in the field from all over the
world have provided a fundamental information relating
spectral properties of soils and crops to their agronomic
and biophysical characteristics. This knowledge has
facilitated the development and use of various remote
sensing methods to detect spatially and temporally varied
environmental stresses which limit crop productivity [1, 2,
10]. This can make significant contribution in optimizing
crop management as sowing, irrigation, fertilization and
harvest. However, gathering, accessing, and processing of
remote sensing images from different satellites require
high technical skills and agricultural knowledge as well.
Besides expertise, a computer (software and hardware)
background is also required. Processing large amounts of
data can be time consuming. The lack of comprehensive
software platforms to extract useful spatially and
temporally varied information from remote sensing and
other sources, and the lack of knowledge can hindered the
wide application of technology to support precision
farming.

II. DATA GATHERING

The introduction of precision technologies in
agriculture has been motivated by the high degree of
variability of agro-ecological conditions within fields. One
of the criterion for introducing precision agricultural
technologies is the development of an up-to-date arable
crop information system that provides information on
soils, crop land cultivation, plant status, etc. [1, 5, 11, 12].
This information can be used as starting data for
cultivation and predicting yield estimate. In order to set up
such an information system, it is essential to use modern
data gathering and analysis technologies. Remote sensing
is the most effective tool for surveying the Earth's surface
and tracking its changes.

With increased use of precision agriculture techniques,
information on crop yield variability within-field is
becoming increasingly important for effective crop
management. The yield map integrates the effects of
various spatial variables so that it provide also information
on soil properties, topography, plant population, nutrient
replacement practices and applied agrotechnology. A yield
map can therefore been indispensable input for site-
specific operations either by itself or in combination with
other spatial data. Yield data can be obtained at harvest by
harvester-mounted yield monitors. The first yield
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measuring devices were applied in the early '80s, since
that they have started to become standard equipment on
combines. With technological advances of harvester-
mounted yield monitors and Global Position Systems
(GPSs) farmers are able to collect intensive and accurate
yield data during harvest. Yield maps can be generated
immediately following data collection to show yield
patterns within fields [3, 13]. The result of analysis can be
used for after-season management. The yield monitor
accuracy depending on the type and brand of yield
monitor, calibration regime, flow rate and conditions at
harvest. Yield monitor calibration plays a key role in
obtaining the best possible accuracy from the yield
monitor [3].

Despite the commercial availability of yield monitors,
many crop harvesters are not equipped with them.
Furthermore, additional information is needed for
effective analysis of the map e.g. information on plant
stress during the growing season. Yield monitor data
cannot be used to detect problems and generate maps
within season.

Within season estimates of relative yield variation and
stress detection can more useful address by remote
sensing. Satellite imagery obtained during the growing
season can be used to generate yield maps for both within
season and after season management (Figure 1.).

Average yield of maize: 6.1t/ ha

Figurel. Cell yield of maize created from Sentinel data: input data and
output). Source: [13]

III.  VEGETATION INDECISES

By measuring the reflectance of the plants at various
wavelengths, it is possible to collect a lot of information
about the status of the plants. The reflectance of light
spectra from plants depends on plant type, water content
within tissues, and other intrinsic factors [4]. The
reflectance of vegetation is low in the blue and red regions
of the visible spectrum, due to absorption by chlorophyll
for photosynthesis. It has a peak at the green region which
gives rise to the green colour of vegetation. In the near
infrared (NIR) region, the reflectance is much higher than
that in the visible band due to the cellular structure in the
leaves. In the mid infrared there are more water absorption
regions (Figure 2.) [14].
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Figure2. Reflectance pattern of a typical crop as a function of the
chlorophyll AB content Source: [16]

During the quantitative interpretation of remote sensing
information from vegetation can be created by extracting
vegetation information using individual light spectra
bands or a group of single bands for data analysis. The
construction of VI algorithms are effective tools to
measure vegetation status. Vegetation information from
remote sensed images is mainly interpreted by differences
and changes of the green leaves from plants and canopy
spectral characteristics. The data from near infrared (0.7—
1.1 m) and red (0.6—0.7 m) or other bands are combined in
different ways according to their specific objectives [4].
From previous research, there are known relationships
between the indices using those two regions of the
spectrum and the amount of vegetation. Different indices
have been developed to better model the actual amount of
vegetation on the ground. A lot of research has been done
to derive relationships between a vegetation index of a
crop, measured at a particular time, and the final crop
yield. Low index values usually indicate little healthy
vegetation while high values indicate much healthy
vegetation [11, 12].

IV. DATA ANALYSIS BY UNSUPERVISED
CLASSIFICATION

There are various approaches and quantitative methods
for using remote sensing data to discriminate different
types of habitat cover. In this study pixel-based and
object-based approaches were applied for mapping spatial
variability within a field.

In an unsupervised classification, the analyst does not
predefine the land cover or habitat types. The image
processing software divides the image into a certain
number of classes, based entirely on the spectral data and
with no knowledge of what cover types are present in the
image. The user can define limits to the number of output
classes and spectral variance within each class. The
resulting classes are identified by different numbers, and
the analyst must then assign names to these classes with
the support of field knowledge and an understanding of
how different habitats should appear in these images.
There are several mathematical strategies to represent the
clusters of data in spectral space. For example: IsoData
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Clustering (Tterative Self Organising Data Analysis
Techniques). It repeatedly performs an entire
classification and recalculates the statistics. The procedure
begins with a set of arbitrarily defined cluster means,
usually located evenly through the spectral space. After
each iteration new means are calculated and the process is
repeated until there is some difference between iterations.
This method produces good result for the data that are not
normally distributed and is also not biased by any section
of the image. The other one is Sequential Clustering. In
this method the pixels are analysed one at a time pixel by
pixel and line by line. The spectral distance between each
analysed pixel and previously defined cluster means are
calculated. If the distance is greater than some threshold
value, the pixel begins a new cluster otherwise it
contributes to the nearest existing clusters in which case
cluster mean is recalculated. Clusters are merged if too
many of them are formed by adjusting the threshold value
of the cluster means.

In this study to delineate classes the IDRISI software
was used. So called ‘CLUSTER’ algorithm was used for
classification. It provides an unsupervised classification
of input images using a histogram peak technique.
CLUSTER uses a histogram peak technique of cluster
analysis. This is equivalent to looking for the peaks in a
one-dimensional histogram, where a peak is defined as a
value with a greater frequency than its neighbors on either
side. Once the peaks have been identified, all possible
values are assigned to the nearest peak and the divisions
between classes fall at the midpoints between peaks. Here
a one to seven-dimensional histogram is used to find the
peaks. A peak is thus a class where the frequency is higher
than all of its cardinal neighbors. The diagonal neighbors
are omitted because of the correlation between bands.

CLUSTER does not use the histogram from the original
images to define peaks. Instead, it stretches each input
image into a given number of grey levels before
calculating their histograms. There are three stages
involved in this process:

1. The histogram of each input image is obtained by
going through the original input image’s digital
numbers. From this histogram, the numeric
cumulative proportion at each grey level is found
by adding up the frequency of each grey level from
low to high frequencies. The cutoff points are then
determined according to the saturation percentage
specified. For example, to saturate an image by 5%
in each tail, the 5% and 95% cumulative proportion
cutoff points are determined by checking the
accumulative proportion from the histogram. To
derive the histogram for each input image, the gray
levels of the input images are linearly stretched
into 256 levels, ranging from 0 — 255.

2. Each image is linearly stretched into the given grey
levels by applying the cut off points. In the stretch
process, a pixel’s new value is evaluated using the
following procedure:

Assuming DNyrigina 1 the original value in the input
image, the two cutoff points obtained in the previous stage
are Cutoffien and Cutoffiign, the number of grey levels
specified is GreyLevel, the new value of each pixel Valnew
is evaluated using the following logic:

If DNriginal <= Cutoffies then Valyew = 0;

Else

If DNoriginal >= Cutoffiign: then Val,ew = GreyLevel-1;

Else

Valyew= (DNorigina-Cutoffiez)/(Cutoffiign-Cutottieq) *(GreyLevel-1)

3. Finally, histograms are developed from each newly
stretched image. The histograms derived from the
newly stretched images are used to find peaks to
perform the cluster analysis [15].

The Figure 3 presents the work flow of mapping spatial
variability by unsupervised classification methods and
the results of classification.
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Figure3. Work flow of mapping spatial variability by unsupervised
classification methods.

V. CONCLUSION

Remote sensing data can be useful as data sources for
estimating and mapping within field crop yield variability
for precision agriculture. Imagery taken during the
growing season can be used to monitor crop growing
conditions and identify potential problems that could be
addressed within the growing season. The multitemporal
imagery can also be used to generate yield maps to record
the spatial variation in yield. Vegetation index is a useful
tool in crop monitoring and crop estimation: identification
of problems (lack of sowing, cultivation problems, pests,
..), mapping stressed plants, mapping variable
requirements for irrigation within a field, identifying
fertilization and pesticide requirements, and mapping
potential management zones within fields [6, 7, 11].
However, the analysis should take into account that the
reliability of such surveys depend on more factors like as
the type of index, the time of data gathering and the stage
of plant. In this article, one of the way of performing
clustering was discussed. The results of the study show
that method of unsupervised classification is suitable for
mapping differences within a field. This type of research
cannot be considered complete as more and more satellite
and airborne imagery are becoming available, more
research is needed to develop right data analysis
techniques for yield estimation and other precision
agriculture applications.
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