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ABSTRACT
Image analysis methods were developed and diversified greatly in recent years due to increasing speed and 

accuracy in providing information regarding land cover and vegetation in urban areas. The aim of this paper is to 
process satellite images for monitoring agricultural areas. Satellite images used in this study are medium and high 
resolution images taken from QuickBird and SPOT systems. Based on these images, a supervised classification was 
performed of a very large area, having as result the land use classes. Supervised classification can be defined as 
the ability to group the pixels that compose the satellite image, digitally, in accordance with their real significance. 
Gaussian algorithm of maximum similarity (Maximum likelihood) was used, referred to in the specialty literature 
as maximum likelihood method or probabilistic classification, and based on the use of probability theory (function 
Gaussian) to compare the spectral values of each pixel in hand with statistical “ fingerprint “of each area of interest. 
Practically, conditional probabilities were calculated of belonging to one class or another. The points in the middle 
of the group have a higher probability of belonging to the certain class, probability intervals (concentric isolines 
or contours of equal probability) being delimited graphically by izocontours expressing spectral variations within 
each set of training.

Keywords:  classification, remote sensing, resolution.

INTRODUCTION
The usefulness of remote sensing in agriculture 

has been observed for a long time, especially by 
researchers originating from the United States 
of America, which began to introduce remote 
sensing in their studies with the purpose of 
implementing of a more efficient agriculture. The 
first studies began even before the development 
of computerized remote sensing, agronomists 

noticing the advantages of using satellite and 
photogrammetric images in order to develop 
agriculture in the 70s. The first such studies have 
focused on estimating agricultural production 
using photogrammetric and satellite imagery 
(Bauer 1975) (Idso, Jackson and Reginato 1977), 
followed by studies on identifying areas with the 
irrigation necessity (Allan 1983) and even studies 
on the spatial distribution of crops and crop types 
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(Wall, Thomas și Brown 1984 Herbei et al., 2015). 
Studies on the use of remote sensing for agriculture 
are focused on eight aspects: identifying the 
health of plants, identifying the need for irrigation, 
identifying areas with weeds, trying to predict 
drought, trying to estimate the production of 
crops, identifying the main types of crops, but also 
studies on vineyards or orchards. The methods 
of image analysis were developed and diversified 
greatly in recent years due to increasing speed 
and accuracy in providing information on land 
cover and vegetation in urban areas Classification 
of satellite imagery, although it is an older analysis 
method, it continuously improved work precision, 
as a result of high-resolution images provided by 
the new generation of satellites, as well as more 
effective algorithms and more efficient methods 
of analysis (Huang and colab.2009). Methods 
based on the analysis of satellite images allow 
evolutionary analysis of vegetation cover and 
crop structured with high accuracy (Meliadis and 
Meliadis 2011). Changes related to the using/
covering the lands represent an important part 
of global changes affecting the environment 
(Begov Ungur A. 2015; Begov Ungur A. 2013; 
Smuleac L. et al. 2013). These changes appear by 
altering (increasing or decreasing) the density and 
composition of land details (Horablaga et al. 2013) 
as well as the conditions, all registered on the 
satellite image (Rogan et al. 2003). Mapping and 
monitoring changes related to the use/cover of the 
lands are essential operations to understanding 
the mechanism underlying the changes and 
modeling their impact, at different levels, over 
the environment and ecosystems (William et al. 
1994). Approaches related to the identification 
of areas with changes / without changes in the 
use / cover of the land are considering to modify 
some attributes of the landscape (Horablaga et 
al. 2012) which can be measured continuously 
(Coppin et al. 2001; Rogan and Chen 2004). All 
these changes can be identified, measured and 
monitored using methods specific to satellite 
remote sensing. Depending on how the changes 
are identified, there are two categories of methods 
(Lu et al.2004): methods that identify changes in 
the form of binary maps which show surfaces with 
/ without changes, such as the difference between 
images, the difference between vegetation indices, 
etc., and methods that highlight in detail the 
trajectory of the changes “from - to” such as post-

classification comparison and hybrid methods 
of identifying changes. Considering the ability of 
locating changes, the specialty literature classifies 
the methods in post-classification and pre-
classification (Yuan et al. 1998). Pre-classification 
methods can locate the changes but they do not 
show their nature (Singh 1989; Yuan et al. 1998) 
while post- classification methods allow the 
localization of the changes, as well as their nature. 
The literature is analyzing a wide variety of methods 
to identify the changes (Yuan et al. 1998; Lu et al. 
2004). The basic principles for satellite image 
classification is based on analysis and placement 
of pixels with similar characteristics of brightness 
in the same group. The two types of classification, 
unsupervised and supervised (groups of classes 
defined by the operator) ensure a different 
accuracy in the analysis of satellite images (Akgün 
et al., 2004). In supervised classification there 
are several methods with different accuracies: 
the minimum distance (73.77%), parallelepiped 
method (34.27%), maximum likelihood method 
(85.83%) (Foody 2002). If in the past a pixel was 
very large, being difficult to distinguish entities 
such as houses, today these images can distinguish 
cars and even smaller units, such as people who 
were on the street when acquiring the image (Dey 
et al. 2010).

Alongside the studies using Landsat images 
(Herbei et al. 2015), there is a large number of 
studies using images taken by other satellites. 
Some of these studies combine object-oriented 
analysis with the per-pixel analysis in an attempt 
to achieve results with greater accuracy (Aguirre-
Gutierrez, Seijmonsbergen and Duivenvoorden 
2012). Another domain that uses quite a lot the 
image analysis is an attempt to assess plant health 
and to discover their potential diseases. A large 
number of studies is devoted also to soil quality. 
Some of them are using satellite images, but there 
are also laboratory studies which are using images 
obtained using spectroscopic sensors in order 
to identify the changes in the soil after planting 
(Adar et al. 2014). The methods used for satellites 
can also be used for airplanes, if the data presents 
great urgency character. (Natural Resources 
Canada, 2016). 

MATERIALS AND METHODS
In this paper, we used satellite images 

LANDSAT (Herbei, 2015) and SPOT, of high spatial 
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Type / 
Mounth January February March April May June July August September October November December

GRAIN                        
ROW CROPS                        

MEADOW                        
FOREST/

ORCHARD                        
  The crops can‘t be oservated

  The crops can be observated or they can be distingushed

  The crops cand be observated very well

Fig.1. Months when the major crop groups can be seen on satellite images

resolution, with spectral coverage in the visible 
and infrared field and decent time resolution some 
images per season, as well as very high resolution 
images such as WorldView 2 provided by Digital 
Globe and Quickbird, acquired in 2011, 2013 and 
2015.

In order to achieve the classification of 
agricultural land in the study area (Braila County), 
taking into account the major crop groups, first 
it was necessary first to identify them and to 
determine periods during which they can be 
identified and the way they will be shown on 
satellite images. Groups of crops have been 
developed in line with the methodology and 
payment categories from the Agency for Payments 
and Intervention in Agriculture (APIA), namely: 
straw, row crops, pastures or meadows and 
forests. 

In the straw category there are plants such 
as: wheat, rye, triticale, barley, two-row barley, 
etc. In the row crop there are plants such as: corn, 
sunflower, sugar beet, sorghum, peas, beans, 
canola, soy, potatoes, etc. (Ministry of Agriculture 
and Sustainable Development 2013).

For these groups of crops to be identified on 
satellite images it is important first of all to have 
the clear time of year when the main phenophases 
of these types of crops take place in the study area. 
The months when these cultures can be seen on 
satellite images appear in the chart below, taking 
into account the main phenological phases of 
plants. As can be seen from the diagram in Figure 
1, the images used for the present study, in late 
April and early July, are great for identifying 
these groups of crops which are the main focus 
of the study. Even if a greater number of images, 
from several months, would have been useful for 

determining more clearly each of these groups of 
crops, these two images represent the minimum 
necessary to enable the identification (De Wit and 
Clevers 2010).

Unsupervised classification 
Unsupervised classification does not imply 

preliminary preparation for the analyst regarding 
terrain features. Pixels are not known at the level 
of land signification being grouped into clusters 
based solely on their spectral signature, expressed 
in images by color tones or shades. (Bogdan M. 
A., 2007). In our case the resulting image is very 
uneven color, which is why problems occur in 
defining classes and especially in defining some 
subclasses, as we have in this case, agricultural 
land, with and without vegetation, with grain or 
row crops. Thus, wrongly attributed significations 
lead to errors propagated in subsequent analyzes. 
Although simple at the level of algorithms, 
unsupervised classification requires experience 
in selecting the algorithm, establishing the 
parameters and interpretation of the result. It is 
useful in the context of using clusters obtained 
in generating interest areas, in supervised 
classification.

Supervised classification
Supervised classification of digital imaging 

is a classification where classes of objects on the 
Earth’s surface are known in advance on certain 
limited areas of the image. These areas fall into 
patterns then developing to rules which can be 
extended to parts unknown in the image.

In other words, the user identifies several 
areas on the image that are characteristic of each 
class of details set. By analyzing the image, each 
pixel of the image is classified in one of these 
classes. Thus, supervised classification is based on 

HERBEI et al
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prior knowledge of the surface characteristics of 
a portion of the image and their use as decision 
factors in determining the properties of the 
remaining portions.

Classification of satellite images involved 
identifying the main classes of crops in the study 
area. According to the Ministry of Agriculture, the 
main classes of crops are cereal crops and row 
crops, but given that the Scheme of Single Surface 
Payment also includes pastures or hayfields, it 
was decided to include them, but also the forests 
in the classification. Once established these 
four classes of crops, respectively land use, the 
proper classification was done using unassisted 
classification algorithms, as well as assisted 
classification algorithms.

Supervised classification, is a set of mathe
matical algorithms and statistics, run in digital 
environment, which is based on tracking each 
pixel in each spectral band, of a satellite scene 
or subscene, at the level of digital number and 
referencing it to a set of sample data created by 
the analyst. (Bogdan M. A., 2007).

The classification in this case is based on 
the difference as high as possible regarding the 
spectral signature from one pixel to another. Since 
the sample data are a key element and especially 

the importance of field research and various other 
sources, we consider this type of classification, the 
most geographical one.

Supervised classification has three stages:
•	 preparatory stage, when the analyst 

identifies sample areas which are delimited 
and associated with numerical values (eg. 
forest, pastures, built land, arable land, water 
etc.)..

•	 actual classification stage where each pixel 
in the image is distributed in a class of land 
cover according to predetermined sample 
areas, thus pixels that do not find their likeness 
are reported as unknown.

•	 final stage, where the new  image resulted 
by classification is processed chromatically, 
statistically exploited, used in mapping 
or integrated as a distinct layer in GIS 
applications.
Preparatory stage, has the highest importance, 

thus the classification result is based on the 
accuracy of sample areas, which are groups of 
pixels of different shapes and sizes, homogenous 
in terms of geographic significance (eg. forest, 
pastures, built land, arable land, water, etc.).

Creating these areas sample is handmade, 
similar to vectorization, around some pixels 

Fig.2. Example of Unsupervised classification of Landsat satellite images

Processing and Use of Satellite Images in Order to Extract Useful Information in Precision Agriculture
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Fig. 3. Sample areas generated on a false color combination resulting from combining reports of 
shadows elimination.WorldView-2, May 2015

considered as being representative. Classification 
becomes more effective if elected pixels are more 
numerous and representative from the spectral 
and informational point of view. A better space 
distribution of the image is required, so it can 

capture the smallest differences at the same class 
level of the picture, in different lighting conditions. 
The images were geometrically corrected and 
rectified to avoid getting large spatial errors.

The stage of actual classification requires

Fig. 4. Gaussian algorithm of Maximum Likelihood by distribution of the samples 

HERBEI et al
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choosing appropriate algorithm by the analyst. 
The quality of the classification result also depends 
on this. In this case, the goal is to classify all pixels 
with smaller errors in relation to the land reality. 
Running the algorithms require the creation of 
sample areas, thus there are several types of 
algorithms:

•	 Average minimum distance algorithm
•	 Parallelepiped algorithm
•	 Maximum Likelihood Gaussian algorithm
•	 Bayesian algorithm

In this paper we used Gaussian algorithm 
of Maximum Likelihood. This algorithm starts 
from the automatic generation of some Gaussian 
functions, with bell-shaped graphic that expresses 
the density of probabilities. Reporting is done in 
3D space where the horizontal plane corresponds 
to system axis to which the digital numbers are 
reported in the two spectral bands. The vertical 
axis expresses the probability density of a pixel 
belonging to one class or another, depending on 
sample areas.

Distribution of samples collected from satellite 
images were analyzed using one of three tools 
on the Image Classification toolbar, respectively 
Histograms, Scatterplots, Statistics. The algorithm 
is commonly applied to complex images in terms 
of spectral signatures. Each pixel is reported 
to equiprobability functions, regardless of the 
spectral band. Because of that running requires a 
longer time, as the image is larger and the number 
of spectral bands is bigger. Gaussian statistics are 
generated in all possible combinations of two 
bands.

Work methodology involved three steps: 
processing satellite images, satellite images 
classification, and checking the accuracy of the 
classification of satellite images. Processing satellite 
images implies eliminating topographic effects 
on the satellite images, by rectification using as a 
reference picture the ortophotoplans on the scale 
of 1:5000, but also measured land control points.

Classification of satellite images involved 
identifying the main classes of crops in the study 
area. According to the Ministry of Agriculture, 
the main classes of crops are: cereal crops and 
row crops, but considering that the Scheme of 
Single Surface Payment also includes pastures 
or hayfields, it was decided to include them, but 
also forests, in the classification. Once established 
these four classes of crops or land use, the 

proper classification began using both unassisted 
classification algorithms and assisted classification 
algorithms.

Because the assisted classification needs 
exercise areas, the necessary surface was calculated 
for the study area using an online calculation 
algorithm of sampling used in statistics (Creative 
Research Systems), thus for the studied area of 
26105 hectares it was required 165 hectares to 
be used as training areas for a accuracy level of 
95% and an accuracy interval of ± 10, as shown in 
Figure 4.1.

RESULTS AND DISCUSSION
Supervised classification was performed 

using ArcGIS software and involved the following 
steps:

1. Collection of samples; 
2. Generating a file containing the spectral 

signature samples; 
3. Actual Classification. 

For classification we used a scene QuickBird and 
WorldView – Combination 543 (FALSECOLOR). 
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CONCLUSION
Verifying the accuracy of classification of 

satellite images was performed using an area 
equal but different from the training zones used 
in assisted classification. In order to verify the 
results we used a method of data validation, very 
accurate, namely database checked in the field, as 
the control done by remote sensing of farmers by 
APIA. This method is accurate, not only because 
the information is genuine and has a very high 
accuracy, but it also allows verification of both the 
classification and segmentation.

Also, this method of validation is more 
important, because the present study aims to 
provide an alternative method to the current 
method, and in the case where the accuracy of 
this model is similar to the result obtained with 

the method used at present, the benefits by using 
it will become categorical because of the much 
less time and financial resources necessary. 
Following the classification of very high resolution 
satellite images, four main classes of crops 
were successfully identified, some of which are 
identified even with an accuracy of 99.23%, as the 
case of row crops in 2011 (Table 1). Evaluation 
of classification accuracy was determined using 
a matrix of confusion, which is based on the 
relation between reference data (ground reality), 
and the corresponding results of classification. 
Such matrices are square, the number of rows 
and columns equal to the number of classes. 
Accuracy is the measure of the precision of a 
special classification scheme and it indicates the 
percentage of a certain class from the land, which

Fig. 5.  Studied area – False Color and Supervised Classification Maps 2011 – 2013 - 2015

False Color image was interpreted as follows:  
•	 light pink – meadows and low arable land covered with vegetation   
•	 dark green – bare arable land
•	 dark blue – minor beds of rivers, lakes cuvettes 
•	 light blue, white – land with rocks, paved roads, concrete constructions etc.

HERBEI et al
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is classified correctly.
Classification results of satellite image 

WorldView 2 dated April 13, 2013 are those 
with the best accuracy of the three images 
classified, considering that all classes of crops 
had an accurate classification of over 90%, as 
can be seen table 4.2. As seen, the accuracy of 
satellite image classification WorldView 2 from 
15.05.2015, is the lowest of the three analyzed 
regarding classification of grain crops (46,42%), 
according to table 1 and Fig. 5. Given the results 
of the proposed method in this paper, this appears 
to be an alternative to consider by the Agency 
for Payments and Intervention in Agriculture, 

for the control by remote sensing of the farmers 
in Romania. The differences resulting from the 
supervised classification compared to real data 
from the field are indistinguishable, although the 
classification results in 2015 were weaker than 
those of previous years.
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