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Abstract

The purpose of this article is to investigate the crop area estimates based on per-
pixel classification for Zhiten test site situated in Northeast Bulgaria. The chosen satellite
image is acquired from multispectral EO-1 ALI sensor on 09.07.2011. The methodology of
this article includes the following working stages: 1) applying arable mask from CORINE
2006 land-cover database; 2) conducting per-pixel supervised classification using the
maximum likelihood classifier (MLC) algorithm for crop identification; 3) applying
accuracy assessment tool in ERDAS Imagine and deriving accuracy totals and kappa
statistics; 4) calculating crop area estimated based on pixel-counting technique. The
overall classification accuracy for the EO-1 ALl image is 96.24% and overall kappa
statistics is 0.9397. The high overall accuracy can be accomplished after carefully chosing
representative training samples. The beginning of July can be a perfect time to separate
spring crops (sunflower and maize cultivars) and assess crop area estimated for all
cultivated crops based on per-pixel classification with overall accuracy above 95%. The
down side of this study is that at the time of image acquisition the winter crops are difficult
to separate, since they are already with very low reflectance values.

1. Introduction®
Currently a major challenge in agricultural applications is
forecasting crop production using low and coarse resolution satellite images,

! Abreviations used:

MARS — Monitoring Agriculture with Remote Sensing

LACIE — Large Area Crop Inventory Experiment

CITARS - Crop Identification Technology Assessment for Remote Sensing
NDVI - Normalized Difference Vegetation Index
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while for high resolution (HR) satellite images one of the hottest topics is
controlling area-based subsidies and applying precission agriculture
practices amongst others. Satellite Remote Sensing (RS) provides synoptic,
objective and relatively homogeneous data which can be geographically and
temporally registered. Therefore, RS is an efficient tool for providing
standard, high quality information on agriculture, evenly over broad-scale
territories. The Monitoring Agriculture with Remote Sensing (MARS)
project of the European Union was established in order to define and
demonstrate how RS can be used operationally to supplement, interpret, and
standartize agricultural statistical data provided by conventional techniques
[1,2]. Satellite RS techniques have been proven to be effective and useful in
broad-scale agricultural surveys such as: Large Area Crop Inventory
Experiment (LACIE) project in the USA and MARS project in Europe [3].
Additonally, experiments from LACIE and Crop Identification Technology
Assessment for Remote Sensing (CITARS) projects have also been
conducted to demonstrate the capabilities of RS for crop inventory and
forecasting [4.5].

Vegetation types can be characterized using their seasonal variations
in the Normalized Difference Vegetation Index (NDVI) time-series, which
include a series of images, acquired on weekly or decadal basis and showing
the crop development dynamics. For example, the winter wheat
phenophases like tillering and flowering as well as harvest, can be
successfully identified using sensors with different spatial resolution in
various band combinations and severe ground surveys, including collecting
information for defining training samples for the supervised classification
[6]. A number of different methods have been developed during the last two
decades to discriminate crop types using data from NDVI and from the
Advanced Very High-Resolution Radiometer (AVHRR). These methods
employ a variety of different approaches including temporal profiles of crop
phenology manifested in the NDVI [7,8], and classification of multi-
temporal data [9,10], which can be applied on variously managed crop areas
worldwide.

Crop identification during the growing season is a major challenge
for forecasting crop production as well as for controlling area-based
subsidies in the European Union member states [5]. The basis for separation
one crop from another is the supposition that each crop species has a unique
visual appearance and spectral signature on the image. However, separating
these species may be difficult because of variations in soil properties,
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fertilization, pest conditions, irrigation practices, planting dates, as well as
intercropping, and tillage practices [11], all of which can be adopted in
precision farming using high quality satellite images. Thus, high-resolution
satellite images are the key to the above mention difficulties.

The purpose of this case study is to investigate crop area estimates
based on per-pixel classification for Zhiten test site situated in Northeast
Bulgaria, and it includes the following tasks:

(1) Applying arable mask from CORINE 2006 land-cover database;

(2) Conducting per-pixel supervised classification using the maximum
likelihood classifier (MLC) algorithm for crop identification;

(3) Applying accuracy assessment tool in ERDAS Imagine and deriving
accuracy totals and kappa statistics;

(4) Calculating crop area estimated based on pixel-counting technique.

2. Materials, methods and data used

The study area — part of Zhiten test site is situated in North-East
Bulgaria. The area represents intensively cultivated area sowed mostly with
cereals and sunflower. This territory is one of the main agricultural regions
of the country. The area is part of the European-continental climatic
province of the temperate climatic belt. Climate is moderately warm with no
distinctive dry season. Mean annual air temperature is 10.2°C. The main soil
types are chernozems from the zonal ones and fluvisols from the azonal
types.

The major cultivated winter crops (wheat and oilseed rape) and
spring crops (sunflower and maize) were investigated in the present case
study.

During the 2010-2011 agricultural season and in particular in the
period between March-July 2011 four exhaustive field surveys were carried
out and ground data was collected and organized in a GIS geodatabase.
Field data was collected in the framework of a project financed by the
Belgian Federal Science Policy Office (BELSPO) under the PROBA-V
Preparatory Programme, with acronym — PROAGROBURO [12]. The
ground-truth data consists of descriptions of the LU/LC types, phenological
stages and vegetation cover of crops, GPS measurements, and photos. The
collected ground data will contribute of selecting appropriate training
samples for the supervised classification on the chosen satellite images. A
multispectral EO-1 ALI image acquired on 09.07.2011 was used for the
present investigation (Fig.1 and Fig. 2).
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Fig. 2. Raw EO-1 ALI False color infrared composite
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The spatial resolution of the image is 10m in the panchromatic band and
30m for the 9 multispectral bands: blue bands (0.43 — 0.45 um; 0.45 — 0.51
um); green band (0.52 — 0.60 um), red band (0.63 — 0.69 um), NIR bands
(0.77 — 0.80 um; 0.845 — 0.895 um) and SWIR bands (1.20 — 1.30 um;
1.550 — 1.750 pum; 2.080 — 2.350 pum). The temporal resolution of the
satellite is 16 days, which makes it appropriate for monitoring agricultural
applications.

An arable land mask using CORINE data was applied on the EO-1
ALI image in order to classify only the arable land and reduce the
occurrence of mixed pixels with other non arable classes.

The k-mean and Iterative Self-Organizing Data Analysis
(ISODATA) clustering algorithms are the most frequently used ones in RS.
The ISODATA algorithm was selected in this study because it allows
different number of clusters, while the k-mean algorithm assumes that the
number of clusters is known a priori [13,14,15]. Unsupervised ISODATA
cluster classification with four classes was applied to spectraly discriminate
the crops and to collect the necessary information in order to delineate the
training samples for the supervised per-pixel classification.

Per-pixel supervised classification using the Maximum Likelihood
Classifier (MLC) algorithm was applied on the arable territories of the test
site for crop identification purposes. In the MLC procedure, at least 10-15
independent training cases per class were used, so that its mean and variance
can be estimated. Around 160-170 randomly distributed points were used
for accuracy assessment for the classified image. The process continued
with crop area estimates based on pixel counting technique. This step can be
accomplished only if the pixel-based crop identification overall accuracy is
higher than 95%.

3. Results and discussions

3.1. Applying arable mask from CORINE 2006 land-cover database

An arable land mask using CORINE 2006 land-cover data was
applied on the EO-1 ALI image in order to classify only the arable land and
reduce the occurrence of mixed pixels. In Fig.3 all the land cover classes
present in the test area are shown and 2.1.1. Non-irrigated arable land class
was used to build the mask layer.
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Fig. 3. CORINE land cover classes

3.2. Conducting per-pixel supervised classification using the
maximum likelihood classifier algorithm for crop identification

The crop identification process was accomplished firstly by
conducting unsupervised classification (using ISODATA algorithm) with 4-
5 classes for the multispectral EO-1 ALI image (Fig.4.).

This spectral information was used together with the ground data as
an indicator where to draw training samples for the supervised
classification. The unsupervised classification is traditionally the first step
and is accommodating the interpretation of the images. Supervised
classification using the Maximum Likelihood Classifier (MLC) algorithm
was applied to the arable land images. In the MLC procedure, a key concern
is to collect a training set comprising of at least 10-30 independent training
cases per class per discriminatory variable (e.g. band) to allow the formation
of a representative description of the class, so that its mean and variance can
be reasonably estimated [16].
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Fig. 4. Unsupervised classification on EO-1 ALI satellite image acquired
on 09.07.2011

For example, the spectral response of an agricultural crop class in an image
might vary as a function of variables such as: the crops growth stage,
topographic position, density of vegetation cover, health, impact of
management activities, substrate conditions and instrument view angle [17].

The gathered training set from the field data was good enough to
make representative training samples for the arable land classes. The
unsupervised classification in combination with the ground information
helped to choose and delineate appropriate training samples for the
supervised classification of the EO-1 ALI image. The investigated
phenological stages based on the image acquisition date are: dough
development for winter wheat and flowering phase for early sown hybrids
and vegetative phase for late sown hybrids of maize cultivars. The identified
classes and their distribution in percentage for the EO-1 AL satellite image
are: winter crops - 35.37 %; sunflower — 17.19%; maize — 20.39%; stubble
fields — 0.17%; and class unclassified which includes the no data part and
the applied mask of the image — 26.33% (Fig.5),
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Fig. 5. Per-pixel supervised classification of EO-1 ALI satellite image acquired
on 09.07.2011

3.3. Applying accuracy assessment tool in ERDAS Imagine and
deriving accuracy totals and kappa statistics

Accuracy assessment tool in ERDAS Imagine software was utilized
for assessing the accuracy of the per-pixel classified images of EO-1 ALL.
Around 180-190 randomly distributed points were assessed for the classified
image. Accuracy assessment was applied on the EO-1 ALI classified image
for crop identification using its spectral resolution by applying visual
interpretation on the panchromatic and both on the unsupervised and
supervised classifications in combination with the ground data.

The achieved results on the overall classification accuracy for the
EO-1 ALI image is 96.24% and overall kappa statistics is 0.9397 (Table 1).

The EO-1 ALI accuracy assessment shows that the class stubble
fields can not be assessed because of the small part of the image occupied.
The sunflower class has Producer’s accuracy of 89.47%, which is the only
accuracy that is below 90%, since all the other cllasses have accuracies well
above 90%. Considering the achieved result based on the per-pixel
classification which is above 95%, this gives a possibility to apply pixel-
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counting method to calculate the area estimates, as it would not introduce
much bias in the calculation.

Table 1. Accuracy totals for EO-1 ALI satellite image

Class Reference Classified Number Producers User
Name Totals Totals Correct Accuracy  Accuracy
(%) (%)

Stubble ;

fields 2 0 0 - -

Sunflower 38 34 34 89 47 100.00

Maize 55 57 54 98.18 94 74
Vi

Wmter 92 96 92 100.00 95.83

wheat

Totaks 187 187 180

Overall accuracy 96.24% and overall kappa statistics is 0.9397

3.4. Calculating crop area estimated based on pixel-counting
technique

The crop area estimates were calculated for the EO-1 ALI satellite
image using the per-pixel supervised classifications. The crop area estimates
are calculated using the followed formula: number of pixels for each class of
the classified image multiplied by the area represented by each pixel in the
chosen image based on [18]. This method was selected because the overall
classification accuracy was high enough (above 95% overall accuracy) to
apply that method and in the same time not to introduce bid bias. The whole
territory occupies 234.5 km® The crop area estimated for the EO-1 ALI
image classes show the following estimates: winter crops - 83 km?
sunflower — 40.3 km? maize — 47.8 km? and stubble fields class occupies
1.7 km?. The rest of the image is occupied with the class unclassified, which
inclzudes both the no data part of the image and the applied mask with 61.8
km~.

4. Conclusions

The presented methodology provides opportunity to calculate crop
area estrimates based on per-pixel supervised classification with higher than
95% overall accuracy. The results are encouraging and show that EO-1 ALI
satellite image with both good spatial and spectral resolution and acquired in
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July are beneficial for conducting crop area estimates on a highly cultivated
crop area. The high overall accuracy can be accomplished after carefully
chosing representative training samples. The beginning of July can be a
perfect time to separate spring crops (sunflower and maize cultivars) and
assess crop area estimated for all cultivated crops based on per-pixel
classification with overall accuracy above 95%. The down side of this study
Is that at the time of image acquisition the winter crops are difficult to
separate, since they are already with very low reflectance values.
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OIEHKA HA 3EMEJEJICKUTE IIJIOIX YPE3
INUKCEJHO-OPUEHTUPAHA KOHTPOJIUPAHA
KIIACU®UKALUSA BbPXY U30OBPA’KEHUE HA EO-1 ALI
3A TECTOBHU YYACTBK )KUTEH, PA3ITOJIOKEH
B CEBEPOU3TOYHA BBJII'APUA

B. Bacunee

Pe3iome

Ienta Ha HACTOSANIMAT JOKJIAJA € Ja C€ ONMPEIENIAT 3aCETHTE TUIOIIU
ChC 3E€MEJICIICKH KYJITYpH Ha OCHOBAaTa Ha MHKCEIHO - OPHEHTHUpPaHa KJIacH-
¢dukamus BbpXy TECTOBH ydacTbk JKuTeH, pasmnosiokeH B CeBepOM3TOYHA
boirapus. M30paHo € CIO'BTHUKOBO HM300pakeHHE 3aCHETO OT CIBTHHKA
Earth Observation-1 cbc censop ALI ma 09.07.2011. Mertomosorusita B
HACTOILETO M3CJICABaHE BKIIIOYBA CIICAHHUTE €Tanu Ha padora: 1) mpuiarane
Ha MackKa, BKJIIOYBAlla caMO 0OpabOTBacMHUTE 3€MH Ha TEPUTOpHATA 3a
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uzcnenBane oT Oaszara ganaum Ha CORINE 2006 3emHO mnokpurue,;
2) MPOBEX/aHE HA MHUKCEITHO-OPHECHTHPAaHA KIACU(PUKALUS [0 aIrOpUThMa
Ha MaKCHUMAaJIHOTO MOA0OME C 1€ Pa3lo3HAaBaHE Ha 3€ME/IEICKUTE KYITypH
BbpXy H300pakeHHeTo; 3) MNpUIaraHe Ha HWHCTPYMEHTa ,,0l[CHKAa Ha
ToyHoctTa” B mporpamuus npoxykr ERDAS Imagine u u3Bnmnuane Ha
nokazarejauTe oOIa TOYHOCT M Kala CTaTHCTHUKA OT KIACH(PHUIIMPAHOTO
nu3o0pakeHue; 4) M3UMCIIIBaHE HA 3aCTHUTE IUIONIM 1O MPUHIMIIA HA Opos
nukcenu. Jlocturaara o0ma TouHoCT Ha Kiacudukanusara e 96.24 % u karma
cratuctuka oT 0.9397. Bucokata o0ma TOYHOCT € IOCTHUTHATa Ype3
MpEenu3eH moa00p Ha o0ydaBalUTe MHOXKECTBA BKJIIOYEHU B alTOPUTHMA.
HauanoTo Ha Mecel] 10M MOXeE Ja C€ ONpEeIeNu KaTo HjealeH u300p 3a
pa3ro3HaBaHe BHJIOBETE MPOJETHH KYJITYpH (CIBHYOIIICH M IAPCBHIA) W
OCBEH TOBa 3a OIpEICNIsHE Ha 3aeTUTE IUIOIIM 33 BCHUYKM Ppa3MO3HATU
KyJITYypH Ha OCHOBAaTa Ha NMUKCEITHO-OpPUEHTHpaHa Kiacu(uKamus ¢ o0Ima
ToyHOCT OT HaJ 95 %. OrpaHnueHNETO NpU NMPOBEACHOTO U3CIEIBAHE €, Ue
MO-BPEMETO Ha MPOBEXKIAHETO My (HA4aJ0TO Ha MeCell I0JIM) € TPYIHO Ja
Ce OTHENAT MO CIEKTPAIHU OTPAXKATETHU XapaKTEPUCTUKHU IOCEBUTE Ha
3UMHHTE KYJITYPH.
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