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phenological patterns that spectrally distinguisént from
other vegetable classes. Thus, satellite timesénmges
made headlines in agricultural crops identifyingj [8].

In Brazil, despite the improvements with respece th Furthermore, the use of remote sensing to studyesoy
technological knowledge, agricultural areas areeroft distribution has been confirmed worldwide and isdu$or
estimated in loco. Here, soybean areas in ParargilB discriminating and quantifying areas, phenologistdge
using MODIS imagery were mapped. We applied thedentifying [6] and estimating yield by chlorophydbntent
vegetation index PCEI (Perpendicular Crop Enhanoéme[7]. Thus, to overcome problems due to heteroggneft

ABSTRACT

Index) and threshold determination for the autoomatbf
soybean area discrimination by geo-object (GEOBK)r
this, vegetation indices (NDVI, EVI and CEIl) andeth
development of the PCEI were used with the aidiro&1
series images from the TERRA/MODIS. By geo-objectd
decision tree based on data mining support analygsnew

vegetation index was determined. Kappa and Overall

Accuracy statistics were applied to evaluate diassion

precision. Regarding the ground line, R and R? vedieve
0.92 and 0.84, respectively (p<0.01). The testitesdicate
that the proposed methodology is efficient for magp
soybean distribution. Thus, this study allows auwtted

mapping of with soybean crops areas at large scales
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PCElI, digital image processing, data mining.

1. INTRODUCTION

Remote sensing is an advanced technology that éas b
constantly improved, mainly with regard to its apgtion to
agriculture. Through this technique, it is possili@
determine several crop traits, such as leaf arelxin
estimating areas, production, and vegetative \jijor

In Brazil, despite the technological knowledge
improvements, agricultural areas are often estichaitdoco.
One of the greatest difficulties in estimating theseas by
means of low spatial resolution images is that chigixels
do not correspond to a unique crop, mainly for $mal
cultivated areas (called “small farmers”), thus dernng
classification and requiring additional informatitmom the
field and/or provided by the same professionals [2]

The development of agricultural crops identificatio
and monitoring with remote sensing is growing [Bliring
certain development stages, agricultural crops emtes

https://proceedings.science/p/164713?lang=pt-br

pixels and, for example, variability of agricultli@ops in
remote sensing images, techniques based on oljjeuts
been increasingly used in remote sensing [8]. Tea iof
analysis based on an image's objects (GEOBIA) is
segmenting and building a hierarchical network of
homogeneous objects that, e.g., chart limits g catings.
Here, were estimated and mapped areas with soybean
crop in the state of Parana, Brazil using mono wauoiti-
temporal MODIS images. We develop the Perpendicular
Crop Enhancement Index (PCEIl), and apply threshold
determination for soybean area detection automalign
GEographic Objects-based Image Analysis (GEOBIA).

2. MATERIAL AND METHODS

2.1. Subheadings

The study area comprises the state of Parana ihesou
Brazil, among the geographic coordinates 22°22a%3'S
and 48°20' to 54°38'W (Fig. 1), with a total appitate area
of 556,439.812 kmz2. The altitude varies from 30G60 m.
Three predominant climate types occur, according to
Kdppen-Geiger's classification [9]: Cfa, Cfb and &w

s
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Figure 1. Study area (Parana state) with its mesoggons, and
temporal evolution of soybean stages compared togh
composition time-series with vegetation indices.
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2.2. Images and vegetation indices

We used images from the MODIS sensor, in whictviiges
of the EVI (Enhanced Vegetation
(Normalized Difference Vegetation Index) of the MO 1
product (http://explorer.usgs.gov), tile H13V11llection
5.0, were established from 16-day MODIS images {(éle¢
al., 1997) of the TERRA satellite, with spatial olegion of

250 m, downloaded from USGS LP-DAAC. The dates

corresponding to the time-series used are presénfEable
1. We applied the orthogonal vegetation
(Perpendicular Vegetation Index), which cancelsgioaind
reflectance. To implement the PVI, a soil line esgion
based on red and near infrared spectral bands [10].

Julian Day Date Year
161 6/1C 2011
177 6/2€ 2011
192 7/1zZ 2011
20¢ 7/2¢ 2011
225 8/13 2011
321 11/17 2011
337 12/ 2011
353 12/1¢ 2011
001 11 201:
017 1/17 201:
03z 2/2 201:
04¢ 2/1€ 201z

Table 1. Dates for composing the time-series usdthm sail
preparation until the final stage of the soybean awp.

environments [eCognition 8.0 - Definiens Developeid
WEKA the platform (Waikato Environment for Knowleglg
Analysis)] for each stage of GEOBIA were addechdata

Index) and NDVImining approach. eCognition 8.0 is software for gma

analysis based on objects [11], while WEKA is egeipwith
learning algorithms for data mining tasks [12]. @asure
homogeneity of the objects among the four indiddized
(NDVI [13], EVI [14], CEI [15] and PCEI [1].

Both classes of objects in the sample, soybeamand
soybean, were selected by checking the reflectabtzned

index PVlusing laboratory remote sensors and the threshdikiCEI

(= 0.28). In training, 260 objects were selectedyloith 130
were soybean class and 130 to the non-soybean éltiss
the training set built up, the eCognition 8.0 mati was used
to extract most representative attributes, whictevepectral,
spatial and textural [16].

2.4. Data analysis

To generate an independent sample set, we tratraiedgh
different regions of the state identifying areastttmad
soybean crops growing during the chosen period OD\&
image evaluation. A total of 172 crop referencetspeere
demarcated (Fig. 1). For this, we used a TrimbimdrGPS
receiver, GeoExplorer 2008 Series model, with Lrtieaand
accuracy better than five meters after data coomrct
Non-soybean spots were collected through visual

interpretation of time-series MODIS images [17]e$t 346
spots were distributed throughout the area and raedomly
and independently generated [18]. The classificatjoality

For the development of an index that automatically, . quantitatively assessed using the Overall Ayur

identifies the soybean crop with a standard thrgssiing,
the time-series over the phenological cycle andumuo
deletion for spectral interference were consideréd.
addition, the full exclusion of the soil by mearfigmund line
or tasseled cap avoids the attenuations caused-kifage,
where the biomass presents in this environment m
influence data of vegetation indices mainly witigasl the
ratio between bands. With these values, PCEI (Pdipelar
Crop Enhancement Index) were calculated [1].

The PCEI values range between -1 to 1, which pesvid
a mechanism to verify greater positive differenbesveen
maximums and minimums of PVI and EVI observed tkier
soybean cycle. High values of PCEI indicate thdvsay crop
reflectance probability of the pixel. For PCEI veduoriented
analysis in geo-object were used to indicate patggof
soybean crops. The slicing threshold was definedidta
mining. For subsequent confirmation of "soybeardss]|
stipulated by PCEI, a comparison was performed detw
terrestrial analyses using soybean reflectanceirmotaby
spectroradiometer and that obtained from MODIS iesag

2.3. Oriented analysis and decision tree

GEOBIA and data mining and its integration withdiseries
MODIS images were applied to this analysis. Thematimng

https://proceedings.science/p/164713?lang=pt-br

coefficients (OA) and Kappax), both extracted from a
confusion matrix [18]. In addition, we extractedoes and
accuracy under the producer and the user viewpdfis
Finally, the cultivated area estimated by remotesiseg
was compared to that provided by the Sistema IB@E d
ecuperacdo Automatica (SIDRA), from Instituto Beso
de Geografia e Estatistica (IBGE) to verify theeasment of
mapping for the 2011/2012 harvest. Currently, esti®
carried out by IBGE are subjective, based on fasnzard
agriculture technicians’ interviews.

3. RESULTS AND DISCUSSION

Owing to reflectance factor, soil lines were exteac at
various times through MODIS time-series images, as
presents different forms for the 2011/2012 haryess. 2).
The difference between soil lines relies on twdfed#nt
harvests studied, as can be related to the tirimeagfing, soil
tillage, cultivation and harvesting, or to othesuss related to
the spectral response composition received by ¢nsos,
such as forests, urban centers, and various csltnog
observed in the line of 45° to the x-axis. Soiluehces the
vegetation index determination, and this influedepends
on its spectral properties and type and amountgétation
present [20]. Thus, any type of soil in the canbagkground
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will detract the index for certain vegetation [2All soil lines
obtained were built from more than 65,000 randooisp

[CEID)]

TFr20 |

Y 2011

[EE0I} TS0 13212011

[001:2012]

Reflectance Factor in the Near Infrared Band

017202 (03322012 [019:2012]

Reflectance Factor in the Red Band
Figure 2. Soil line obtained from the ratio betweerands of
red and near infrared using TERRA/MODIS data on the
2011/12 harvest (Julian days).

The similarity between them is expected given tiwat
abrupt large-scale soil occupation changes happée.
model for defining soybeans in images and acquidng
threshold for the PCEI is presented in the forma decision
tree for 2011/2012 harvest (Fig. 3).

<= 0.172464 >0.172464
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Figure 3. Decision tree generated by J48 algorithrfor the
2011/2012 harvest.

It is noted that the first branch of the decisioeet
identified this process by setting a threshold tfee PCEI
vegetation index (Fig. 2), wherein the average @fLl#2464
for values that vary from -1 to 1 can be consida®gbean.

This threshold is due to overlapping samples by the *

vegetation indices [15], in which a cut-off threkhof 0.28
was assigned to the last index for soybean. Dateshich
summer crops are concentrated, i.e., Julian dags (21,
017, 033 and 049, the data trend toward the grdinedis
spaced and presents as vegetation behavior. Tétisves
confirmed by trend equations (Table 3); for vedetain
images following day 321 the R2 decreases, denatirsir
that soil and vegetation are present.

https://proceedings.science/p/164713?lang=pt-br

Julian

Day Year Trend Equation R R?

161 2011 §=21700x+0.1282 0.95 0.9T
177 2011 Yy =2044%+01172 094 0.89
193 2011 Y=1960%+0.1093 0.94 0.89
209 2011 y=1953%+0.1099 0093 088
225 2011 y=19310k+01088 093 0.87
321 2011 Y=21764&+01444 092 084
337 2011 Y =23036x+0.1534 092 0.85
353 2011 §=2455%+0.1601 0.94 088
001 2012 y=2526%+0.1702 0.93 0.87
017 2012 Y =25658+0.1732 093 0.86
033 2012 Y=2595% +0.1730 0.94 088
049 2012 Yy=2611k+01754 0.94 0.88

Table 2. Julian days from the 2011/2012 harvest,énd
equations, coefficient R and R2 for the relationsip between
bands of red and near infrared, as obtained by MODS. *, **
significant at 0.05 and 0.01 probability, respectigly, by t-test.

Thus, the angular coefficient values of the trend
equations for Julian days 225, 321 and 017 arel0,931764
and 2.5658, respectively. This shows that thera kigh
probability of the presence of exposed soil on 22f. With
the gradual increase in angular coefficient stgrtom day
017, there was full vegetative crop developmentl urgt
decrease from drying on day 049, close to hanawular
coefficient 2.6111). In 2011/2012, intense rainfathe same
period, causing harvest delay, providing greategukar
coefficients and a high probability of vegetatioregence,
thereby confirming the findings of Goulart et &2].

However, objective methods also carry uncertainties
being confirmed only with reliable data that arpresented
in reality. Normally, there are over- or underesties when
compared to official data [2], [7], based on remsémsing
techniques in the agricultural areas estimatiog. #ishows
the spatial distribution of soybean in the statePafana
(Brazil) obtained by different classification syste There is

similarity between CEl and GEOBIA indices classifion.
PCEI CEl GEOBIA

¢ SPOOW  SVO0TW SOC0UW 900"

\imicipalitics -s‘._nw. |
Figure 4. Spatial distribution of soybean-growing eeas in the
2010/2011 harvest, according to various classifigah
techniques.

Classifiers that underestimated the areas (Tableer
of lower color intensity than the estimates of jlgss
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soybean areas. The methodological techniques deratats
and assessed here present significant potentiadgnean
mapping, thus having the potential for use as aptemment
to official state and federal agencies in crop ngenzent,
specializing in details by municipality and obtaipifaster
objective agricultural statistics. Kappa index, ehi
evaluates the agreement or disagreement
classifications, varied between 0.40 (GEOBIA), (BEEI),
and 0.66 (CEI), which is from reasonably good t@djo
quality (<>0.21 and 0.81), respectively [23].

5. CONCLUSIONS

The mapping, discrimination and quantification of/lsean
areas in the state of Parana, Brazil, is possilitethe use of
MODIS classifiers and images, in which the systézatibn
presented satisfactory results. The developmentthef
Perpendicular Crop Enhancement Index (PCEI) obdaine
satisfactory results in comparison to other vegmtahdices
used in the literature, mainly when minimizing soil
reflectance supported by time-series, with a cgttimeshold

of 0.172464 obtained by means of a decision trdmis;T
values higher than this threshold represent thbesay crop
when composing the images proposed here. This ne
approach can be routinely used by soybean producers
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