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Abstract 
 
Agricultural expansion in Brazil is still intense for commodities (such soybeans and corn), mostly cultivated over large portions of 
the Cerrado biome. Therefore, the development and application of techniques based on remote sensing to map crop areas at a 
regional level, in a dynamic and more precise way is urgently necessary. In this context, the objective of this study is the 
improvement of techniques for mapping soybean crops in Brazil, through an analysis of the Centro Goiano mesoregion of Goiás 
state (a core area of Cerrado), using a time series of Enhanced Vegetation Index (EVI) images provided by TERRA/MODIS orbital 
sensor, in a test period between 2002 and 2010. Despite their proven quality, MODIS EVI images already contain atmospheric 
interferences inherent to the acquisition process, such as the presence of clouds. Thus, a set of methods to minimize such artifacts 
was applied to the data of this study. In general, the methodological procedures comprise of (1) the application of the pixel 
reliability band aiming to remove pixels contaminated by clouds; (2) the use of contaminated pixel estimates (excluded from the 
time series); (3) application of an interpolation filter to fill the void pixels in each scene, obtaining continuous and smoothed 
spectral-temporal profiles for each land use classes; and (4) the classification of agricultural areas using a specific algorithm for 
crops in the Cerrado region of Goiás. The areas reconstituted in the images matched neighboring pixels, maintaining good 
coherence with the original data. Likewise, areas mapped with soybeans had a high correlation with official IBGE census data, with 
a global accuracy value of 78%, and Pearson Correlation coefficient of 0.64. The application of this technique to other imagery 
sensors (such as RapidEye, Landsat 8 and Sentinel 2) is highly encouraged due a better spatial and temporal resolution (when 
applied together in a temporal image cube), ensuring more efficient crop monitoring in Brazil. 
 
Keywords: Agriculture, Cerrado biome, Temporal-mapping algorithm. 
Abbreviations: MODIS_Moderate Resolution Imaging Spectroradiometer, EVI_Enhanced Vegetation Index), IDL_Interactive Data 
Languague Programming Languange, MOD13Q1_Product from MODIS, corresponding to 16 days compositing image mosaic and 
respective EVI vegetation index mosaic, TERRA_orbital platform with MODIS sensor, R

2
_determination coefficient, IBGE_ Brazilian 

Institute of Geography and Statistics.  
 
Introduction 
 
In the early 2010, Brazil has stood out as one of the largest 
exporters of agricultural products in the world. Ethanol 
ranked first (a result of high interest in biofuels), followed by 
soybeans and corn (traditional commodities in the country). 
Currently, the main destinations for the export of Brazilian 
agricultural products are the European Union (US$ 20.4 
billion), China (US$ 11 billion), the United States (US$ 5.4 
billion), Russia (US$ 4.6 billion), Japan (US$ 2.4 billion), and 
other countries (US$ 33 billion) (MAPA, 2010). In 2017, for 
instance, Brazil exported soybean to many countries, 
especially to China (US$ 20 billion), Spain (US$ ~758 million), 
Thailand (US$ ~623 million), the Netherlands (US$ 592 
million) and Iran (US$ 469 million) (MAPA, 2018). 
As already expected, Brazilian export levels have led to fast 
growth in agricultural production. An example of this dynamic 
is grain production, which rose from 17.4 million tons in 1960 

to 207 million tons in 2015, increasing over 800% in the last 
50 years (MAPA, 2018). In addition to the aforementioned 
growth in grain production, there was also an increase in 
cultivated areas, from 22 million hectares in 1960 to 58 
million hectares in 2018 (MAPA, 2018). 
This new agricultural frontier affected Brazil in several ways. 
It is always associated with phenomena such as migration and 
economic occupation of the "new" territory (Borges, 1996; 
Ferreira et al. 2013), provoking the need to locate, delimit 
and understand such expansion, as well as the significant role 
of agriculture in the face of different national realities and 
contexts. According to Vale (2017), the expansion of the 
agricultural frontier occurred more noticeably in the Central-
West and North regions of Brazil due to the demand of 
agricultural products destined for the foreign markets, such 
as soybean, sugar, and meat. 
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The Brazilian Institute of Geography and Statistics (IBGE) 
conducts a monthly survey to monitor crops, reporting 
estimates of production, average yield, planted and 
harvested areas throughout the territory. Data from the 
systematic survey of agricultural production:  
(SIDRA, https://sidra.ibge.gov.br/home/ipca15/brasil) are 
consolidated at a municipal level based on sample collections 
and on some degree of subjectivity. 
On the other hand, given the great importance of locating the 
occurrences of agricultural practices, the Geosafras project, 
conducted by the National Supply Company (Conab), started 
in 2004 with the objective of improving and developing 
methodologies for mapping different crops in Brazil. This 
project provides data on crop area and productivity 
estimates, among others. However, all such large projects 
require significant resources, making them dependent on 
government initiatives that are not always in line with the 
needs for monitoring, databases and technologies.  
In this context, remote sensing science for agricultural 
monitoring of large areas, such as vegetation indices images, 
has been applied. Spera et al. (2014), using MODIS imagery 
(MOD13Q1 Product), mapped the agricultural areas and 
identified their cycles (single or double cropping) for the state 
of Mato Grosso, from 2001 (August) to 2011 (July), using a 
decision tree pixel-by-pixel classifier. According to the results, 
between 2001 and 2011, the total area of crop lands in Mato 
Grosso was increased by 75%, from 3.3 million to 5.8 million 
hectares. The amount of double croplands was increased six-
fold, from 0.5 million hectares in 2001 to 2.9 million hectares 
in 2011, with rotation of soybean and corn cultivation. 
Another study, conducted by Ide et al. (2018), using temporal 
EVI images from MODIS sensor (2006 to 2015), identified 
irrigated areas in the Northeast region of Brazil, achieving 
good results through advanced classification techniques 
(Kappa index of 0.6, equivalent to good on a scale of 0 to 1).  
Therefore, this study aims to develop, test and present a 
methodology for the generation of systematic geographic 
information about agricultural areas with low cost and high 
dynamism. To perform this study, we chose a test area in the 
Cerrado biome involving the Centro Goiano mesoregion in the 
center of Goiás state, highly representative of Brazilian 
agribusiness, especially soybean crops. 
To this end, advanced remote sensing techniques with high 
temporal resolution were studied, developed and applied, 
pointing out new forms of mapping and monitoring 
agricultural crops for the aforementioned study area. 
 
Results 
 
The results of the application of pixel reliability band and 
temporal linear interpolation are shown in Figure 1, which 
contains an example of a filtered image of clouds (Figure 1a), 
followed by the image reconstituted by temporal linear 
interpolation (Figure 1b). Figure 2 shows the temporal profile 
of EVI filtered by the pixel reliability band and temporally 
interpolated. 
The use of pixel reliability band with digital values 0 and 1 
caused the loss of information in the original EVI image, as 
shown in Figure 2a, since the composition of December 19 
was marked by the rainy season in the state of Goiás. Figure 
2b shows a suitable reconstitution of absent pixels. In 
addition, there is homogeneity of pixels estimated by 
interpolation with pixels kept after EVI image filtering. Such 

care ensures that the reconstitution of the time series 
maintains the natural appearance of the targets.  
The result of temporal linear interpolation can also be seen in 
Figure 2 through the spectral-temporal profile. Days 273, 289, 
305, 353, 17, 49 and 81 (Julian calendar) have null values, 
since pixels suffered atmospheric interferences due to the 
presence of clouds. This problem is solved by using temporal 
linear interpolation, obtaining a "pre-smoothed" curve to be 
used in the study of phenology, and extraction of 
phenological metrics.  
Figure 3 shows the smoothed profile by the model modified 
by Wardlow et al. (2006) for an EVI pixel that underwent 
temporal linear interpolation, where the original value of the 
pixel reliability band (with valid values, without clouds) can 
also be observed. In this Figure 3, the EVI temporal profile is 
smoothed according to value 1 of the pixel reliability band, 
considered as a marginal (regular) value. However, we 
observed that the values considered as absolute confidence 
(0) caused noises on days 1, 113 and 145. Between days 33 
and 97, the values remained, with the originality of 
information prevailing, once the original model proposed by 
Wardlow et al. (2006), upon arriving on day 65, would be 
replaced by the lowest value between the days 49 and 81. 
 
spectral-temporal signatures 
 
After noise removal from EVI-MODIS images, spectral-
temporal signatures of land use classes were generated, such 
as Cerrado (typical - Cerrado woodland, and shrubby 
Cerrado), Pastures, Forests and Agricultural areas, as shown 
by Figure 4. 
It is important to understand the spectral-temporal 
signatures of these classes, because temporal analyses have 
the same principle as spectral signatures (between satellite 
bands on the same date). They are used to verify which 
regions differentiate agriculture better from other classes of 
land use, over time. 
The analysis of spectral-temporal responses showed that all 
classes have maximum EVI values between December and 
January (rainy periods), when targets present a greater 
photosynthetic capacity. Still based on Figure 4, we noted 
that the targets classified as Forests obtained a mean 
standard deviation of 0.05, as there is not much natural 
variation in this class over time, thus becoming the 
"standard". Its high EVI values (0.4 - 0.6) are due to the 
density of vegetation cover area and its high photosynthetic 
activity. 
The classes Cerrado (Typical and shrubby-land) and Pastures 
have a similar spectral-temporal response tendency, but with 
different mean standard deviations, of 0.05 and 0.10, 
respectively. This is due to greater interference of soil 
response with pastures during the dry season (May to 
September), with a lower vegetation coverage than Cerrado, 
and consequently with lower EVI values, ranging between 0.2 
and 0.25, while the Cerrado remained with an EVI value 
above 0.3. 
By analyzing the class Agricultural area, we found that its 
spectrum-temporal response is quite different from the other 
classes. The first spectral-temporal observation had 
maximum EVI value, close to 0.8 for soybean crops, while for 
other classes the variation was 0.5 - 0.6. 
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Table 1. Analysis of errors in soybean mapping, using the method of this study, in comparison to IBGE official data. 

Mean error 17758.40 
Mean square error 53275.20 
Willmot Coef. Concordance 0.33 
Coefficient of Determination 0.41 
Correlation Coefficient 0.64 

 
Table 2.  Correlation determination degree and correlation level of soybean mapping and IBGE official data. 

Index Interval 
(Correlation Determination) 

Correlation Level 

0 No correlation 
0 – 0.3 Weak correlation 
0.3 – 0.6 Average correlation 
0.6 – 0.9 Strong correlation 
0.9 – 0.99 Very strong correlation 
1 Perfect correlation 

 
 

 
Fig 1. Example of an EVI image considering the application of the pixel reliability band (a) and an temporal interpolated EVI image 
(b) in the studied area. The bright pixels refer to soybean croplands.  
 
 
 

 
Fig 2. Temporal time profile on a reconstituted EVI image cube (in a specific area with soybeans), generated with the pixel reliability 
band and temporal linear interpolation. 
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Fig 3. Profile of the algorithm RemoveNoise.pro. 

 

 
 

Fig 4. Spectral-temporal signatures of land use classes: (a) Cerrado, (b) Forests, (c) Pastures and (d) Agricultural area (soybean). 

 

 
Fig 5. Example of an online analysis conducted at the Temporal Vegetation Analysis System (SATVeg) platform. Source: Embrapa 
(2018) (www.satveg.cnptia.embrapa.br). 
 

http://www.satveg.cnptia.embrapa.br/
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Fig 6. Example of agricultural field area within the study area (polygon with red border), identified automatically with our algorithm 
in the 2009/2010 harvest, over a Landsat 5 - TM sensor image (a) of August 2009 scene (left), and (b) January 2010 scene (right). 
 
 

 
Fig 7. Examples of soybean polygons (red lines) in the 2010/2011 harvest, classified automatically with our algorithm, near to 
sugarcane polygons (green lines, CANASAT data) also in the 2010/2011 harvest. 
 

 
Fig 8. Comparison of soybean planted areas, classified automatically with our algorithm, versus IBGE official data, considering the 
Centro Goiano mesoregion. 
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Fig 9.  Coefficient of determination for the soybean croplands, classified automatically with our algorithm, versus IBGE official data 
(2006), considering the Centro Goiano mesoregion. 
 
 

 
Fig 10. Difference of soybean croplands area, classified automatically with our algorithm, versus IBGE official data, considering the 
Centro Goiano mesoregion. 
 
 

 
 

Fig 11. Study area with emphasis on the Centro Goiano mesoregion, state of Goiás. 
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Fig 12. Processing flow diagram for TERRA/MODIS images in crop area classification. 

 
 

 
Fig 13. Stacking of filtered EVI images (black spaces represent areas with clouds); each layer/band represents a date in the 
classification of agricultural areas. 
 

 
Fig 14. Example of stacking of filtered images based on dates of scenes available in the database, used in the classification of 
agricultural areas. 
 
 

 
Fig 15. Projection of the field sensor over the surface (IFOV – Instantaneous Field of View). 
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Fig 16. Pre-processed/original (dashed line) and post-processed profiles using the RemoveNoise.pro algorithm. 

 
 
This phenomenon, represented by these land use classes, is 
also illustrated by the Temporal Vegetation Analysis System 
(SATVeg; Embrapa, 2018; Figure 5) in an online platform, by 
which the same spectral-temporal behaviors are observed. 
Regarding the observation of low EVI values from August to 
the end of September, and from May to July (months from 
the pre-planting to post-harvest of crops, respectively), we 
noted that the EVI value was below 0.2, while in the other 
classes, it was higher than this. From October, there is an 
increase in EVI values in agricultural areas, which represents 
the germination period (initial growth), until January, the 
peak of phenological development. In the second half of 
January, the values  decrease (senescence), motivating the 
harvest of the crop. 
Figure 6 shows the vector limit of the area planted with 
soybeans (over a Landsat image) in the municipality of Bela 
Vista de Goiás, automatically generated by the algorithm 
developed in this study. The algorithm is based on 
TERRA/MODIS EVI data in the 2009/2010 harvest, using 
statistical methods and phenological vegetation metrics. 
The Landsat 5 - TM sensor image, obtained in January 2010 
(Figure 6b), shows that the soybean area was well identified 
by the method developed in this study. When soybean areas 
are not delimited by the method, it is due to a spectral 
mixture in the pixel and a spatial resolution of MODIS (250 
meters using the MOD13Q1 product). These changes are 
response of pixels over time, resulting in standard deviation 
and a phenological metric that are different from those 
attributed to pure soybean pixels. 
Figure 7 indicates areas mapped with soybeans (red lines), 
based on the method proposed in this study, close to areas 
mapped with sugarcane (green lines)-CANASAT project (INPE; 
http://www.dsr.inpe.br/laf/canasat/en/), both in the 
2010/2011 harvest. 
We verified that the CANASAT sugarcane mapped by visual 
inspection (with Landsat - 5 and 8 dataset) did not overlap 
soybean crop areas mapped automatically by the method 
proposed in this study. Taking into account the different 
spatial resolutions (MODIS has a pixel approximately 64 times 
larger than the Landsat), it can be considered as a map with a 
good precision. 
Figures 8, 9 and 10 show a comparative analysis between 
soybean plantation areas indicated by the IBGE with data 
obtained in this study (provided by the MODIS/EVI scenes). 
By correlation analyses (R

2
) for areas planted with soybeans 

in Centro Goiano, Tables 1 and 2 present some statistical 
parameters derived from the comparison of this analysis with 
official data of the Federal Government (IBGE) (concordance, 
mean square error, correlation and determination 
coefficients).  
Specifically, in the graph of Figure 8, which shows a variation 
in soybean plantations in the Centro Goiano mesoregion, 
there is a certain match between data mapped in this study 
and IBGE census data. However, there is still a marked 
oscillation in our data, which may be attributed to a lower 
spatial resolution of the MODIS sensor/smaller mapping 
scale, noise/clouds (largely solved using algorithms to 
estimate natural values without noise), and delays in 
rainfall/abnormal variation of EVI. On the other hand, IBGE 
data are collected from samples in loco, based on farmers' 
estimates, once a year, which may also widen the differences 
between the two methods. In this sense, in addition to the 
automatic nature of this study's method, it should be noted 
that the data obtained are geographically explicit (and not 
from census), which enables a series of socio-environmental 
analyses and indicators.  
According to the data in Tables 1 and 2, soybean areas 
mapped by MODIS had a correlation value (Pearson 
Correlation Coefficient) of 0.64, followed by a coefficient of 
determination (r

2
) of 0.41, and a coefficient of concordance 

(Willmott) of 0.33.  
 
Discussion 
 
The model adopted in this study caused only abrupt noises 
(large difference in values between the observed value and 
its neighborhood) to be corrected, avoiding distortions (with 
much information estimated) and omissions of important 
phenological characteristics in the agricultural mapping, such 
as the growth period of plant vigor (germination). 
Noise also causes variations in the standard deviation in 
pixels over time, due to the variability of a set of values 
around the mean. Thus, in addition to improving the 
identification of phenological metrics, smoothing improves 
performance and shows, with more harmony, the response-
spectrum-temporal variability of the target without inclusion 
errors (commission).  
Based on such mappings and numbers, it can be seen that 
soybean crops maintained a tendency with the area 
estimated by the IBGE, with a mean difference of 17,758 ha in 
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the study period (Figure 8), considering all the municipalities 
of the Centro Goiano mesoregion. As a comparison, in the 
study conducted by Silva et al. (2009), using a similar 
database for the year 2009, an average difference of 11,375 
ha was found in relation to IBGE census data in Silvânia, 
Luziânia, Cristalina municipalities, with large farms of soybean 
production. It is worth mentioning that the Centro Goiano 
mesoregion has, in general, small filed farms, which 
contributes to the significant difference shown by Figures 9 
and 10. 
This means that the mapping had a good correlation and a 
reasonable determination with IBGE census data, since its 
correspondence (Person Correlation) was 64%, with the 
determination of the model (r

2
) of 41% with actual land data 

(in this case, IBGE). We know, therefore, that the larger the 
area analyzed, the higher this correlation with IBGE will be, 
because the differences would tend to decrease with the 
reduction of the mapping scale. 
Regarding accuracy analyses of mapping through Global 
Accuracy, this soybean mapping (Centro Goiano mesoregion) 
had an accuracy value of 78% based on 50 random sample 
points in the study area. Other studies also reached similar 
results, such as that of Ambika et al. (2016), which used 
MODIS images to map an irrigated area mapping in India, 
from 2000 to 2015,finding a 95% correlation (R

2
 = 0.95), in 

order to understand the inter-annual variability in the 
irrigated area on various spatial scales. Zhu et al. (2016), 
using images from MODIS and LANDSAT (TM), extracted the 
crop phenology from filtered EVI images (with noise 
removal), seasonal dynamic index (SDI), and crop fraction 
based on the SDI relationship with LANDSAT. The authors 
obtained a RMSE of 0.14 from random samples. Cechim 
Junior et al. (2017) used minimum and maximum EVI images 
representing the planting and harvesting periods of the Alto 
Paraguay basin for the mapping of summer crops between 
2000/2001 and 2015/2016, with kappa values of 0.85 and 
0.86, respectively 
 
Materials and Methods 
 
Study area 
 
The study area is the Centro Goiano mesoregion, located at 
the center of the state of Goiás (a core area of the savanna 
biome in Brazil, locally known as Cerrado), composed of 82 
municipalities and 6 microregions, covering an area of 40,836 
km² between 17° 13' and 14° 12' S and 48° 25' and 48° 36' W, 
as shown in Figure 11.  
This area has seven classes of soils: Argisols, Cambisols, 
Chernosols, Gleysols, Latosols, Neosols and Plinthosols, with a 
predominance of Latosols, equivalent to 41.57% of the total 
area. According to Palmieri and Larach (2006), Latosol is a 
non-hydromorphic soil, with little perceptible chemical, 
physical and mineralogical properties of along its profile. Its 
particle size varies from medium to very clayey, and it is 
widely used for agricultural purposes. 
 
Database 
 
In this study we used Enhanced Vegetation Index images (EVI) 
(MODIS orbital sensor, MOD13Q1 Product), with bands of 
250 m of spatial resolution, acquired free of charge from a 

NASA gateway (<http://reverb.echo.nasa.gov/>, currently 
migrating requests to the: 
portal<https://earthdata.nasa.gov>). All MODIS images were 
originally obtained in the HDF format using Sinusoidal 
projection. The MODIS Reprojection Tools (MRT) software, 
also free, was used to convert them to Geotiff format and 
Geographic projection (Datum WGS 84). 
A resolution of 250 m is suitable for the mapping of large 
agricultural fileds. Data contain daily revisions, favoring the 
consolidation of maximum compositions every 16 days 
(maintaining the highest EVI value, cloud filtration, over 64 
observations/month for the same area), sufficient for 
phenological analyses of vegetation. According to Marh 
(2011), the images of the MODIS sensor, aboard the TERRA 
orbital platform, show less cloud interference depending on 
the time of the passage of this satellite over the Equator 
(10:30 a.m.). Images provided by the same sensor, but 
aboard the AQUA platform, show more clouds around that 
region due to its time of passage (1:30 p.m.). For this reason, 
we chose the images of the TERRA/MODIS.  
 
Processing of TERRA/MODIS images 
 
Figure 12 shows the steps in the treatment of TERRA/MODIS 
images. Pixel reliability is an image type available in the 
product MOD13Q1 obtained from the MODIS collection 5, 
which presents the use reliability of each pixel considering 
data on the sensor imaging angle, atmospheric interferences 
(clouds and other aerosols), snow and shadows (NASA, 2012). 
Initially, an algorithm was created in the Interactive Data 
Language (IDL) software to eliminate cloud-contaminated 
pixels from EVI images according to the pixel value of the 
pixel reliability band.  
Originally, the pixels of EVI images corresponding to 0 and 1 
in the pixel reliability band kept the original values, while 
values corresponding to 2 and 3 (less reliable for mappings) 
were assigned with the value 0. 
Pixels with values 0 and 1 indicated by the pixel reliability 
band represent low atmospheric interference during the 
entire period of maximum EVI (December/January, rainy 
months, corresponding to the peak of soybean cultivation in 
Brazil). 
A second algorithm in IDL was developed with the objective 
of stacking all filtered EVI images automatically, organizing 
them according to year and month, as seen in the Figure 13. 
The selection of images must highlight agricultural areas. For 
that, we used dates that defined the beginning and the end 
of the agricultural calendar in Goiás.  
Thus, the stacking of images began on August 12 (valid for 
any year analyzed), the date before the soybean planting 
period (for example), and ended on July 27, the period that 
marks the end of the cycle or the agricultural year, according 
to Figure 14. 
After the stacking of filtered EVI images (areas were 
discarded when clouds were present), a third algorithm was 
used to estimate the values of pixels discarded during 
filtering and for invalid data (between 0 and -3,000). This 
algorithm works by temporal linear interpolation using values 
of "good" pixels in images before and after the discarded 
pixel. 
The temporal linear interpolation is performed using an 
arithmetic mean between the previous and the posterior 
image. If the previous image has a pixel value of 0, the 
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algorithm jumps to the next image until it finds a valid pixel 
value for the EVI other than 0 (zero). 
When the algorithm finds a value other than 0, it sums the 
value of the valid pixel of the previous image with the value 
of the valid pixel of the posterior image (different from 0), 
dividing this result by the total of images, according to 
equation 1. 
 

                                                                                              

(Eq.1) 
Where: 
Ev = estimated value; 
pvv = previous valid value; 
povv = posterior valid value; 
n = numbers of temporal pixels. 
 
 After the division, the algorithm assumes the value of the 
previous image and adds the result of this division to all pixels 
with a value of 0. 
During processing, we avoided interpolation with neighboring 
pixel values by inserting values other than agricultural crops, 
as neighboring pixels may contain other types of objects, as 
shown in Figure 15. 
In order to eliminate noises in EVI images, as shown in Figure 
13, there was a need to smooth such images. In order to do 
so, the RemoveNoise.pro algorithm was created in the IDL 
environment to remove values considered noisy 
(inconsistent) (Wardlow et al., 2006). They were replaced by 
10% of the lowest neighborhood value, so that the filtered 
series maintained a behavior close to natural, as shown in 
Figure 16. 
 
Classification step 
  
The mapping of agricultural areas began with the division of 
207 stacked images into 9 "cubes of images" (equivalent to 
nine crops), 23 scenes per cube, representing the year 
analyzed (practically two bands or images per month already 
filtered, stacked and interpolated). After separating the 
images, we calculated the standard deviation of each pixel in 
each image cube.  
The pixel with a standard deviation value above 0.2 was 
considered a soybean cultivated area; according to 
verification in the field (soybean plantations), the average of 
the standard deviation for this crop is generally above 0.2. If 
the pixel presents a standard deviation value between 0.14 
and 0.2, it is selected for other analyses, such as verification 
of EVI values in the initial and final harvest period, maximum 
EVI value in the time series and analysis of full flowering. The 
following is a better description of such mapping rules: 

 Initial and final period of harvest: If the EVI value in the 
initial and final period is less than or equal to 0.3, the pixel 
tends to be an agricultural area because, in areas occupied by 
forests, pastures and native Cerrado, the initial and final 
period has an EVI value above 0.3. 

 Maximum value of time spectrum signature: If the 
maximum value of EVI in the time series is above 0.5, there is 
a possibility that the pixel is an agricultural area, since the 
average maximum value of pastures and native Cerrado is 
less than or equal to 0.5. 

 
 

After completing the selection steps, the algorithm searches 
for the maximum corrected EVI value, which is the average 
between the maximum EVI value and the highest EVI value of 
neighboring pixels. This procedure is performed to simulate 
the stages of full flowering and grain filling (in the case of 
soybeans). To classify soybean areas, we used the left 
amplitude, which is the subtraction of the corrected 
maximum value of EVI from the EVI value that marks the 
beginning of the photosynthetic activity of the crop 
(germination).  
To find the value of EVI characterized as germination, we 
developed an algorithm that verifies the growth in EVI values 
considering three observations over time. In one of them, the 
EVI value has a growth of 4,000 (equivalent to 0.4 on a scale 
from 0 to 1). 
After finding the EVI value characterized as germination, we 
subtracted from it the maximum EVI value over time. With 
this, the left amplitude is defined (in synthesis, one pixel is 
captured by vegetation growth). If the left amplitude value is 
above 0.55, the pixel is classified as soy. 
In order to map irrigated agriculture areas (pivots), EVI values 
were verified at the beginning and at the end of the harvest. 
If the EVI value is above 0.4 and the standard deviation is 
equal to or greater than 0.2, the pixel is considered an 
irrigated agriculture area, since irrigated agriculture areas 
have a high variation of EVI values throughout the year, as 
well as high values of EVI during the dry period. This is 
common in the state of Goiás between May and September 
(dry season). 
 
Conclusion 
 
The method developed and tested in this study may be 
applied to any temporal series of satellite images, especially 
with MODIS dataset (250 meters of spatial resolution in 
compositing generated every 16 days, with few clouds). If the 
image has a medium-high spatial resolution, it will be possible 
to extract information from agricultural areas smaller than 
6.25 hectares (~minimum area of MODIS pixel). According to 
statistical analysis, soybean areas mapped by MODIS had a 
good correlation with IBGE official data, with a similar trend 
of increase and decrease in agricultural production, favoring 
the application of the method (despite differences in area, 
the trend is obtained by region, river basin or municipality). 
Regarding the accuracy analyses of mapping through Global 
Accuracy, the mapping obtained with MODIS also presented 
good accuracy (78%). Finally, the application of this technique 
to other orbital sensors (such as RapidEye, Landsat 8 and 
Sentinel 2) is highly encouraged. Other crops besides soybean 
may be incorporated into this algorithm, extending the 
mapping to other regions of interest in Brazil. 
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