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soil management

Introduction

Land cover change is an important aspect of the 
global changes that affect ecological systems 
(Foody, 2002). The rapid, accurate detection of the 
changes and characteristics of the Earth’s surface 

is a necessity for the better understanding of the 
relationships and interactions between natural 
and human phenomena, which will provide a 
foundation for the management use of natural 
resources (Lu et al., 2004).

Satellite sensor data offer a valuable tool for studies 
of land surface use and occupation (Brian et al., 
2011). Remote sensing surveys and the interpretation 
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of aerial photographs or satellite imagery can be 
used to estimate the area of each land cover class 
in a given region (Luiz et al., 2002). These surveys 
allow for the rapid acquisition of information, 
provide a synoptic view of the study areas, and 
generate more objective and accurate information 
at a relatively lower cost (Pal and Mather, 2004).

Several types of imagery may be used to examine 
the terrestrial environment depending on the 
purpose of a given study. Landsat satellite imag-
ery, for example, is widely used for mapping the 
Earth’s surface (Williams et al., 2006).

According to Janssen and Van der Wel (1994), the 
classification or interpretation of images can be 
performed in either visually or digitally. Visual 
interpretation has largely the same characteristics 
as traditional photo interpretation (aerial photo-
graphs), while digital classification involves the 
use of classifier algorithms, statistical equations 
implemented in specific programs designed to 
minimize interpretation errors (Cruz, 2008). 

Supervised classification is a procedure used to 
identify spectrally similar areas (training samples) 
within an image. The user identifies several 
known regions of interest in the land area, and 
the chosen algorithm extrapolates these spectral 
characteristics to classify the other portions of the 
image (Castillejo-González et al., 2009). 

Classification methods are divided into three main 
categories based on decision rule: distance, prob-
ability or angular spectrum. Classifier algorithms 
based on distance, such as the minimum distance 
(MND), parallelepiped (PL), and Mahalanobis 
distance (MHD) methods, primarily employ mean 
spectral values for different classes, ignoring 
variance values. Classifiers such as the maximum 
likelihood method (MLC) incorporate both the 
mean and the variance of the data set. Finally, 
classifiers based on the angular spectrum, such as 
the spectral angle mapper (SAM), use the spectral 
angles formed between a reference spectrum and 
a classified pixel (South et al., 2004).

The error matrix technique and the overall ac-
curacy and kappa index metrics have been used 
to determine the accuracy of digital classification 
algorithms (Cohen, 1960). As described by Rich-
ards and Jia (1999), the error matrix allows for 
the assessment of the classification performance 
through the analysis of errors of inclusion and 
omission, particularly when a small number of 
land use classes are of interest, as in estimates of 
crop areas. Another method of comparing the-
matic maps is the creation of a confusion matrix 
(Fielding & Bell, 1997), which can be obtained 
from the elements of the error matrix. 

Ma and Redmond (1995) proposed the tau index 
(T) as a measure of the accuracy of classification 
methods, in which the classification accuracy is 
estimated relative to the random adjustment of 
pixels for the classes. 

Several studies have been conducted using digital 
classification methods with satellite imagery to 
identify land use and cover classes (Hubert-Moy 
et al., 2001; South et al., 2004; Bakr et al., 2010; 
Yang et al., 2011). However, as Castillejo-González 
et al. (2009) explain, there is no ideal classification 
method; the most suitable method for each study 
is determined by its requirements. 

The present study compared the accuracy of five 
supervised classification methods using concor-
dance coefficients and those metrics derived 
from the confusion matrix for the comparison 
of thematic maps, which were obtained through 
panel sampling from multispectral images taken 
by the Landsat 5 TM sensor.

Materials and methods 

Study area and imagery acquisition 

The study area covers 272 km² of the municipality 
of Cafelândia (Paraná, Brasil), Western Paraná 
State, at latitude 24° 37’ S and longitude 53° 20’ 
W (Figure 1). The region’s climate is classified as 
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mesothermal, humid subtropical, with a mean an-
nual rainfall of 1,850 mm and a mean temperature 
of 27 ºC during the summer and 17 ºC during the 
winter (IAPAR, 2000). The average altitude of the 
area is 550 meters. The relief is smooth, primarily 
flatlands with few slopes unfit for agricultural pur-
poses. Cafelândia is a predominantly agricultural 
town, largely due to the high natural fertility of 
its soil, which is mostly Eutrophic Red Latosol 
(EMBRAPA, 2006).

The image used in the present study was taken 
from the Landsat 5 TM sensor, scene 223/77 from 
April 11st, 2011, and had the following character-
istics: 16-day temporal resolution; a radiometric 
resolution of 8 bits (256 gray levels); six-band 
spectral resolution, with three bands covering 
the visible spectrum region (Bands 1, 2 and 3), a 
band covering the near-infrared (NIR) (Band 4), 
and two bands covering the mid-infrared (MIR) 
(Bands 5 and 7), all with a 30 m spatial resolu-
tion; and one thermal band (Band 6) with a 60 
m spatial resolution. The images were acquired 
from the Brazilian National Institute for Space 
Research (INPE) in GeoTIFF format.

Imagery processing and classification

The image was processed with the software ENVI 
4.7, transformed into GeoTIFF format using ENVI 
Standard and saved with UTM cartographic 
projection as South Zone 22, Datum WGS-84.

The first processing step was a radiometric trans-
formation, in which the values of the grey levels of 
the image were converted into physical values of 
apparent reflectance at the top of the atmosphere, 
according to the methods of Chander et al. (2009). A 
geometric correction was then performed (georefer-
encing), which consisted of identifying the existing 
high-quality control points on the georeferenced and 
processed Landsat image (GEOCOVER Technical 
Guide) (GLCF, 2012). This process associated the 
image projection system and the geographical co-
ordinates through a mathematical model.

The false color composite image RGB-453 was used 
in this study, in which bands 3, 4 and 5 presented a 
spectral range of red (0.63 to 0.69 µm), near infrared 
(0.76 to 0.90 µm), and mid-infrared (1.55 to 1.75 µm), 
respectively. Patterns of colors, textures and forms 
in the RGB 453 composition were used to identify 
areas of soybean, corn, bare soil, and forest, which 
were then confirmed with field information.

Figure 2 illustrates the color characteristics of 
the targets, notably the composition of the col-
ors used in RGB-453. Once crops (soybean and 
corn) achieve a certain stage of development, 
they are sufficiently different from other targets 
to be selected visually as pure pixels, providing 
supervision for the classification and a ground 
reference for the creation of the error matrix.

Supervised digital classifications were then conducted 
using the different methodologies. The distance-

Figure 1. Location of scene 223/77 and delimitation of the municipality of Cafelândia, Paraná State.
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based methods were the parallelepiped, minimum 
distance and Mahalanobis distance methods, and 
those based on probability and spectral angle were 
the maximum likelihood classifier and spectral 
angle mapper methods, respectively.

All of the classification methods were imple-
mented in the software ENVI 4.7. The urban area 
was manually vectorized and was not included 
in the application of the methods, as this type of 
target exhibits high spectral mixing and could be 
confounded with the other targets.

Analysis of classification method performance 

To assess the accuracy of the classification methods 
using indices and error matrices, the panel sample 
method was adopted. This method is characterized 
by the random distribution of sampling points within 
the limit of the municipality, with the goal of perform-
ing a survey of the land use classes of each point 
(Luiz et al., 2002). One hundred sampling points, 
randomly scattered in the Landsat image RGB453 
(Figure 3) (adopted as reference inland), were used 
in the classifications. The land use classification of 
each point was confirmed by visual inspection, and 
the errors of each method were used to construct 
its error matrix.

The matrices of errors were used to calculate the 
indices and metrics described below. The overall 
accuracy, expressed in Equation 1, represents the 
total number of successes relative to the total num-
ber of samples in the classified image. Equation 2 
calculates the kappa coefficient (Cohen, 1960), for 
which, according to Foody (2002), the accepted 
minimum value was set at 85%. 

The producer’s accuracy (PA), as shown in Equation 
3, was also used to evaluate the classifications; it 
represents the probability that a reference pixel 
has been properly classified. The user’s accuracy 
(UA), Equation 4, indicates the probability that a 
pixel classified on the image actually represents 
that class in the field (Congalton, 1991).

 (1)

 (2)

     (3)

   (4)

Figure 2. Study area in Landsat 5/TM RGB 453 false color, 
scene 223/77.

Figure 3. Random sampling points used to compare the maps.
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Results and discussion

Figure 4 illustrates the thematic maps obtained 
from the five supervised classification methods: 
MHD (A), SAM (B), MND (C), MLC (D) and 
PL (E). Four distinct classes were identified in 
the maps: soybeans, corn, bare soil and forest.

Table 3 lists the overall accuracy and kappa and 
tau coefficients of the five classification meth-
ods. Two methods achieved an overall accuracy 
index above 85%: (A) Mahalanobis and (B) 
SAM, with values of 88% and 86%, respectively. 
Landis and Koch (1977) suggested that kappa 
coefficient values higher than 0.8 indicate that 
a given classification is of high quality, i.e., it 
approximates the reference image. The methods 
that reached this value were (A) Mahalanobis 

where EG = overall accuracy; A = sampling points 
with success; n = number of sampling points. K 
= kappa coefficient of agreement; r = number of 
rows of the error matrix; xij = 

observation in row i column j; xi = marginal total 
of row i; xj = marginal total of column j.

The accuracy was also assessed using the tau 
index (Ma and Redmond, 1995), which provides 
a relatively precise and intuitive quantitative 
measure of classification accuracy. The tau index, 
calculated according to Equation 5, is similar to 
the kappa index, and Pk indicates the a priori 
probabilities for each class. 

 
 (5)

when the a priori probabilities for each class are 
equal, i.e., pi=1/k, where k is the number of classes 
of the error matrix. 

For the global comparison of maps, Jenness and 
Wynne (2005) have proposed the total confusion 
matrix displayed in Table 1, which was obtained 
from the error matrix. 

Table 2 presents a number of metrics derived 
from the total confusion matrix used to compare 
the thematic maps. 

The sensitivity index (S) indicates the probabil-
ity that a pixel in the model map is classified as 
belonging to class k if it actually belongs to the 
class k; this measure is equivalent to the producer’s 
accuracy (Fielding and Bell, 1997). The specific-
ity index (E) indicates the probability that a pixel 
which does not belonging to class k of the actual 
map is classified as not belonging to class k in the 
model map (Lurz et al. 2001). The Matthews cor-
relation coefficient (CCM) is a discrete version of 
the Pearson coefficient correlation, and its values 
fall within the range [-1;1], with 1 representing 
a perfect prediction, 0 a random prediction, and 
-1 an inverse prediction (Dalposso et al., 2012).

Table 1. Total confusion matrix.

Reference map

True (T) False (F)

M
od

el
 M

ap

True (T)

False (F)

Where a = amount of correctly classified pixels, b = amount of 
pixels in the model map incorrectly classified as belonging to 
the classes of the real map, c = amount of pixels belonging to 
the classes of the real map that belong to different classes in the 
model map, d = amount of pixels in the model map correctly 
classified as not belonging to the classes of the real map. 

Table 2. Metrics derived from the total confusion matrix.

Metrics Equation

S a/(a+c)

E d/(b+d)

CCM ((a·d)-(b·c))/((a+b)·(a+c)·(d+b)·(d+c))(1/2)

S: sensitivity index, E: total specificity index, CCM: Matthews 
correlation coefficient.
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and (B) SAM, with kappa coefficients of 0.83 
and 0.80, respectively. 

The tau index follows the same classification 
quality method as that proposed by Landis and 
Koch (1977), and the best values for this index 
among the methods were also found for (A) Ma-
halanobis and (B) SAM, with values of 0.84 and 
0.81, respectively. The worst results were obtained 
using the PL method, which had values of 68% 

 
Figure 4. Results of the classification methods (A) Mahalanobis distance, (B) spectral angle 
mapper, (C) minimum distance, (D) maximum likelihood, (E) parallelepiped. 

Table 3. Values of the overall accuracy, kappa index, and 
tau index. 
Classifiers / 
Indices

Overall 
accuracy Kappa Index Tau Index

MHD 88% 0.83 0.84

SAM 86% 0.80 0.81

MND 81% 0.74 0.74

MLC 77% 0.68 0.69

PL 68% 0.55 0.57

MHD: Mahalanobis distance, SAM: spectral angle mapper, MND: 
minimum distance, MLC: maximum likelihood, PL: parallelepiped.
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for overall accuracy, 0.55 for the kappa index and 
0.57 for the tau index.

The producer’s accuracy and user’s accuracy 
(Table 4) measures are useful to evaluate the 
classification accuracy for individual classes. 
For example, in the soybean class, the classifi-
cation using the Mahalanobis distance method 
achieved a producer’s accuracy of 97.3% and a 
user’s accuracy of 83.7%. These values indicate 
that 97.3% of the pixels of soybean were classified 
as soybean, but only 83.7% of the pixels in the 
RGB-453 reference image actually represented 
this class in the field. This classification method 
lost 2.7% (error of omission) of the soybean pixels 
in the image, and 16.3% (error of commission) of 
the pixels classified as soybean actually belonged 
to other classes. 

Figure 5 displays the cumulative errors of omis-
sion (EO) and commission (EC) for all classes 
in each supervised classification method. The 
distance-based methods of MLC, SAM and 
Mahalanobis yielded the lowest errors for each 
of the four classes, with cumulative error val-
ues below 70%. Among these three methods, 
the Mahalanobis distance method achieved the 
lowest values for the overall accuracy, kappa 
index, and tau index. 

The values from the total confusion matrix gen-
erated for each classification method, were used 
to calculate the sensitivity index, total specificity 
index, and Matthews correlation coefficient, which 
are presented in Table 5. 

For the sensitivity index (S), the Mahalanobis 
and SAM methods achieved the best results, 
with values of 0.88 and 0.86, respectively. The 
total specificity index (E) indicates the ability of 
a classification method to avoid incorrect clas-
sifications, and results for this value were 0.96 
and 0.95 for the Mahalanobis and SAM methods, 
respectively. The Matthews correlation coefficient 
(CCM) is given a value of 1 if two maps being 
compared are identical, and the maps generated 
by the Mahalanobis and SAM methods most 
closely approximate the reference image, with 
CCM values of 0.84 and 0.81, respectively. 

Of the five classification methods examined, 
only two (Mahalanobis and SAM) had an overall 
accuracy of higher than 85% for the kappa and 
tau indices. These results confirm the findings of 
South et al. (2004), who evaluated five classifica-
tion methods for the identification of no-tillage 
and traditional managements in Landsat ETM + 
imagery and found that the spectral angle method 
was superior to the others. Castillejo-González et 
al. (2009) analyzed the accuracy of five supervised 
classification methods using QuickBird multi-
spectral imagery and concluded that the MND, 
MHD and SAM methods were all satisfactory. 

The success of spectral angle method is due to 
the capacity of mapping techniques to consider 
the effects of brightness and lighting, because the 
method extends the vectors of both non-classified 
pixels and reference spectra through all possible 
brightness levels (South et al., 2004). Belluco et al. 
(2006), through observations from several satel-

Table 4. Values for the producer and user accuracies. 

 
MHD  SAM  MND  MLC  PL

PA(%) UA(%) PA(%) UA(%) PA(%) UA(%) PA(%) UA(%) PA(%) UA(%)

Soybean 97.3 83.7  97.6 95.3  100.0 76.7  100.0 60.5  93.1 62.8

Corn 78.9 100.0 62.5 100.0 53.6 100.0 93.8 100.0 61.9 86.7

Land 88.5 95.8 85.7 100.0 91.7 91.7 52.2 100.0 52.2 100.0

Forest 77.8 77.8  100.0 33.3  73.3 61.1  100.0 66.7  100.0 22.2

PA: producer’s accuracy, UA: user’s accuracy. 
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lite and airborne platforms for the classifi cation 
of intertidal vegetation, determined that when 
reference samples are not numerous, the use of 
SAM provides the most robust and reliable clas-
sifi cation results due to its the ability to explore 
all available spectral information.

Among the supervised classifi cation methods tested 
in the present study, the Mahalanobis distance 
and spectral angle mapper (SAM) demonstrated 
the best performance.

The results demonstrated that different classifi ca-
tion methods vary signifi cantly in performance 
for the mapping of land use and occupation. 
The study of the accuracy of these methods is 
therefore necessary, especially if the results of 
thematic maps are to be used to manage farming 
practices. The measures derived from the error 
matrix are appropriate for the comparison of 
thematic maps, as they provide global values 
while still allowing comparisons by class and 
between methods.
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Figure 5. Cumulative errors of commission (EC) and errors of omission (EO) for 
each classifi cation method. 

Resumen

C.H.W. Souza, E. Mercante, V.H.R. Prudente y D.D.D. Justina. 2013. Métodos de 
evaluación de desempeño para la clasifi cación supervisada de imágenes satelitales en la 
determinación de las clases de cobertura terrestre. Cien. Inv. Agr. 40(2): 419-428. Imágenes 
satelitales junto con técnicas de sensoriamiento remoto ofrecen nuevas oportunidades para el 
monitoreo y evaluación de cultivos, con menores costos y una mayor objetividad en relación a 

Table 5. Metrics obtained from the total confusion 
matrices.

Metric MHD SAM MND MLC PL 

S 0.88 0.86 0.81 0.77 0.68

E 0.96 0.95 0.94 0.92 0.89

CCM 0.84 0.81 0.75 0.69 0.57

S: sensitivity index, E: total specifi city index, CCM: Matthews 
correlation coeffi cient.
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los métodos tradicionales. La presente investigación utilizó imágenes de satélite Landsat 5/TM 
para identificar las clases de cobertura del suelo en Cafelândia (Paraná, Brasil), un municipio 
predominantemente agrícola. Cinco métodos de clasificación supervisada: Paralelepipedo (PL), 
Distancia mínima (MND), Distancia de Mahalanobis (MHD), Máximo probabilidad (MLC) y 
Mapeador de Ángulo Espectral (SAM) fueron probados en este trabajo. Con el fin de evaluar la 
eficiencia de las clasificaciones, se utilizaron índices y métricas de precisión obtenidos a través 
de matrices de errores y confusión total. Los resultados indicaron que los clasificadores de 
distancia de Mahalanobis y SAM superaron a los demás, consiguiendo los mejores resultados 
y proporcionando los menores errores para las cuatro clases estudiadas (soja, maíz, bosque, 
suelo desnudo), con valores de precisión global de 88 y 86%, respectivamente, y valores de 
índice de Kappa de 0,83 y 0,80, respectivamente. Para las métricas aplicadas, los valores fueron 
0,88 y 0,86 para el índice de sensibilidad, 0,96 y 0,95 para el índice de especificidad y de 0,84 
y 0,81 para el coeficiente de correlación de Matthews, respectivamente. La elección de los 
diferentes tipos de clasificadores claramente resultó en grandes variaciones en el desempeño 
del mapeamiento de la cobertura y uso de la tierra. El uso de las medidas obtenidas a partir de 
la matriz de errores es un método adecuado para hacer comparaciones entre mapas temáticos.
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