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Abstract: Accuracy assessment comparison of 1) per-pixel supervised (in ERDAS Imagine software),
and 2) object-oriented (in ArcGIS Feature Analyst 4.2. Extension tool) land-cover image classifications based on
extraction of thematic information from very high resolution multi-spectral QuickBird image is presented in the
present paper. The accuracy assessment comparison is applied on a highly fragmented urban and agricultural
land, Novi Iskur District, Sofia municipality, Bulgaria, and includes several work stages. A land-cover classification
scheme for the studied area was created. Large scale land-cover maps for the Novi Iskur District are composed
based of the final results and the differences of each land-cover class are assessed using image analysis. The
essential part of this study is using a combination of spectral reflectance and texture differences to extract
different land-cover classes in the object-oriented classification. Unsupervised classification, fuzzy convolution
filter, relief data, and Normalized Difference Vegetation Index (NDVI) were supplemented and used as ancillary
data in the classification process. The Area of Interest (AOI) for both classifications is the same; this makes the
comparison method possible. The accuracy assessment for both classifications was calculated using accuracy
assessment tool in ERDAS Imagine software. It was found that the object-oriented classification has better overall
classification accuracy (94.15%) than the per-pixel supervised classification (89.51%) and the overall Kappa
statistics are respectively 0.9335 and 0.8776. Using an analysis tool in ArcGIS, the land-cover comparison was
composed. Comparison matrix from per-pixel supervised to object-oriented classification is presented in the study.
It can be concluded that the highest percentage of conversion has been detected regarding the land-cover class
of Agricultural Land from the per-pixel supervised classification, which has been converted to Pastures and
Orchards classes as high as 5%, compared to the object-oriented classification. This can be explained by the
difficulty in separating Agricultural Land by using per-pixel type of classification, which involves mixed-pixel
problem. The Orchards class has experienced about 4.50% of conversion to Forest Canopy and Pastures classes
from per-pixel supervised to object-oriented classification. The Orchards class has that problem because it is very
difficult to digitize accurate and pure AOI. One of the major problems includes the Transport and Industrial
Infrastructure class which is converted to Residential Buildings and Agricultural Land classes in the object-
oriented classification. This is a result, on one hand, from the mixed-pixel problem and, on the other hand, from
the highly fragmented land which includes agricultural land in close proximity of the residential land which is
difficult to assess by the per-pixel algorithm of image classification. Assessing the quality of the two basic image
classification algorithms is important to evaluate the accuracy of each land-cover class. The study is useful for
providing assessment of land-cover accuracy for both urban and non-urban environment.

CPABHUTENHA OUEHKA HA TOYHOCTTA MEXAY NMUKCEJIHO-
OPUEHTUPAHA N OBEKTHO-OPUEHTUPAHA KINACUPUKALIUA HA 3EMHOTO
NOKPUTUE BbPXY CATEJINTHO U3OBPAXEHUE HA QUICKBIRD
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A6cmpakm: B Hacmosiwusim 0oknad e npedcmaseHa cpasHUmMesiHa oueHKa Ha mo4yHocmma mexoy 1)
rnukcesniHo-opueHmupaHa (8 ERDAS Imagine software) u 2) obekmHo-opueHmupaHa (8 ArcGIS Feature Analyst
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4.2. Extension tool), koHmponupaHa Knacugukayusi Ha 3eMHOMO [OKpumue, OCHOBaHa Ha u3erudyaHe Ha
memamuyHa UHopMayusi om u3obpaxeHue CbC C8PBXBUCOKa NMpocmpaHcmeeHa pasdenumersiHa criocobHocm
om QuickBird. CpasHumernHama OueHKa Ha MOYHOCMMAa € U38bpuweHa 6bpXy CUMHO (bpaeMeHmupaHa
ypbaHusupaHa u 3emedericka mepumopusi, obwuHa Hosu Uckbp, CmonuyHa 2onsama obwuHa, bwbreapus u
8K/OYBa HSKONMKO pabomHu emana. Cb3dadeHa e KriacugukayuoHHa Cxema Ha 3eMHOmO [oKpumue 3a
u3cnedsaHama mepumopusi. CbcmaseHu ca edpo-mawabHu Kapmu Ha 3eMHOMO MOKpUmue Ha ocHoeama Ha
KpaliHume pe3ynmamu U pasfiukume Ha B8CEeKU Krac 3eMHO OoKpumue € OUEHeHO u3rondsalku mMemodu 3a
aHanu3 Ha uzobpaxeHuemo. Knw4oeo Msicmo 8 mosa u3scriedsaHe 8K/I4Y8a U3Iosi38aHEMO Ha CrieKmpaaHomo
ompaxeHue U MmeKCmypHUme pasfuyus 3a Uu3efuyaHe Ha 6CeKU Krac 3eMHO rokpumue 3a 06eKmHo-
opueHmupaHama kKnacugukayusi. Kamo OonbriHeHue KbM KriacuUKaUUOHHUST Mpouec ca U3ros38aHu:
HekoHmponupaHa knacugukayusi, @b3u punmnbp, LIMP (yughpos moden Ha penegha) u HopmupaHusi pas3nukos
secemauuoHeH uHOekc(NDVI). Obyyasawiume MHOXecmea 3a 0seme Knacugukauyuu ca edHakseu, rnopadu
Koemo Moxe KOpekmHo Oa ce cpasHsam 0geme knacucgpukayuu. OuyeHkama Ha mo4yHocmma bewe usyucrieHa 3a
dseme knacugukayuu u3rnosidealiku UHCmpymeHma 3a oueHka Ha mo4yHocmma e ERDAS Imagine software.
bewe ycmaHogeHo, 4ye obekmHo-opueHmupaHama knacugukayusi uma rno-0obpa obwa moyHocm (94.15%) e
cpasHeHue ¢ rnuKcenHo-opueHmupaHama knacugukauyusi (89.51%) u ¢ Kappa cmamucmuka 0.9335 u 0.8776,
pecriekmusHO 3a dgeme. M3non3eatiku analysis uHcmpymeHma 6 ArcGIS cpasHeHUemMO Ha Kracogeme 3eMHO-
rnokpumue bewe u3ebpuweHo. CpasHumernHa Mampuya Ha USMEeHeHUemo om MMUKCesTHo-opueHmupaHama Kbm
obekmHo-opueHmMupaHama Knacugukauyusi e rnpedcmaseHa 8 Ooknada. Moxe Oa ce Hanpasu u3eoda Ha
b6aszama Ha ma3u Mampuua, 4e Hal-8UCOK MpoueHm Ha u3dMeHeHue ce Habnwdasa rpu Knaca 3eMHO MoKpumue
Agricultural Land om nukcenHo-opueHmupaHama knacughukayusi , Kamo Kraca ce uU3MeHs 8 Kracose Pastures u
Orchards c¢ okono 5% e obekmHo-opueHmupaHama Knacucgukayusi. Toea moxe Oa ce obsicHU ¢ mpydHocmma
npu omdAensiHemo Ha kKnaca Agricultural Land ypes usnonszeaHemo Ha nuKcenHo-opueHmupaHa Kracugukayusi,
KOsSImo e cusiHoO 3aceeHama om rpobriema CbC ,CMeceHUsM MUKcesT' U CbomeemHO MoYHocmma Ha Kraca 3eMHO
nokpumue e rno-manka. Knacem 3emHo nokpumue Orchards e nodnoxeH Ha okono 4,50% u3meHeHue 8
knacogeme Forest Canopy u Pastures om nukcenHo-opueHmupaHama knacugukayus KbM 0OeKmHo-
opueHmupaHama. Knaca 3emHo rnokpumue Orchards e npobnemeH, 3auj,omo e MHO20 CrI0XHO da ce onpedenu
MOYHO U Yyucmo obyyasauwjo MHoxecmeo 6e3 0a uma cMeceH Knac 8 He2o. EQuH om ocHosHume npobnemu rpu
cpasHumersiHama oueHKka Ha moyHocmma ekrnoyea knaca Transport and Industrial Infrastructure, kodmo e
usmeHeH 8 knacoseme Residential Buildings u Agricultural Land 8 o6ekmHo-opueHmupaHama kKnacugbukayusi.
Tosa, om edHa cmpaHa, e pe3ynmam om rpobrnema cbC ,CMeceHus nukcen’, a om Opyza - Om CUJSIHO
ppazmeHmupaHama mepumopusi, Kosimo ekKk/oYyea 3emedesicku Hueu 6 bnuzocm 00 HacesneHume mecma,
Koemo rpasu Knaca mpyOeH 3a u3enuyaHe 4pe3 NMuUKCcesHo-opueHmupaHama Knacugukayusi. CpasHumesnHama
oueHka Ha 08a OCHOBHU ajizopumbMa 3a Kraacughukauyusi Ha camesiumHuU U300pakeHuUsi e 8axHO C oened
onpedesnisgHe mMo4YHocmma Ha 8ceku uHOusulyaneH Knac 3eMHO nokpumue. [Joknadbm e none3eH rnopaou
¢gakma, 4e 8 Heeo ce OueHsI8a MOYHOCMIMa Ha Kiacose 3eMHO roKpumue, kakmo 3a ypbaHu3dupaHama, maka u
3a HeypbaHu3upaHama mepumopus.

Introduction

Remote sensing has proved to be a powerful tool for monitoring rapid land-use changes. In
the last three decades, the technologies and methods of remote sensing have dramatically progressed
to include operating a suite of sensors at a wide range of platforms with potential interests and impacts
on land planning and land management compared with the traditional manner [1]. Although the full
potential of remote sensing technology for change detection applications has yet to be completely
realized, planning agencies at local, regional and international levels now recognize the need for
remote sensing information to help formulate policy and provide insight into future change patterns
and trends [2]. Numerous researchers have addressed the problem of accurately monitoring land-
cover and land-use change in a wide variety of environments with a high degree of success [3] [4] [5].
Further, the change-map product of two classifications often exhibits accuracies similar to the product
of multiplying the accuracies of each individual classification [6] [7]. The major “mixed pixels” problem
for accuracy assessment in the hard classifiers was solved by increasingly used fuzzy (soft)
classifications [8].Various new techniques take into account, besides the spectral data, also the
texture features of the image as additional layer in classification process [9]. An improved accuracy,
especially for urban land-use/land-cover classifications, has been proposed by the object-oriented [10]
and object-based [11] classifications.

The purpose of the present paper is to present accuracy assessment comparison of per-pixel
supervised and object-oriented supervised land-cover image classifications using unsupervised
classification, fuzzy convolution filter, relief data, texture analysis and Normalized Difference
Vegetation Index (NDVI) as an ancillary data in the classification process. One of the major benefits of
this study is that it is dealing with different kind of land-cover classes representing the non-urban
environment like: Agricultural land, Natural Meadows, Pastures, Orchards, Water Bodies and Forest
Canopy, as well as the urban environment: Transport and Industrial Infrastructure and Residential
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Buildings, which is not a common practice. In order to achieve that several tasks have to be solved,
which are explained below in section Results and Discussions.

1. Results and Discussions

The study has been applied on a highly fragmented urban and agricultural territory, district of
Novi Iskur, municipality of Sofia, Bulgaria. The study area is 4.6067 square km. It includes several
Work Stages described in details below.

1.1. Designing a geodatabase

A geodatabase was designed to store data from ground surveys, shape files, supervised and
unsupervised classifications, photos and the chosen satellite image. A multi-spectral QuickBird image
acquired on 31.05.2008 has been chosen. The chosen image is appropriate for image classification
comparison because it is acquired when the agricultural land and forests are very well distinguished
one from another. Additionally, a panchromatic image was used to increase the visual interpretation
with its 0.61 meters spatial resolution compared with the 2.44 meters spatial resolution of the multi-
spectral image. Digital Elevation Model (DEM) with 40-meter cell size and Rational Polynomial
Coefficients (RPC) geometric correction model in ERDAS IMAGINE were used for orthorectifying the
QuickBird image (from Digital Globe). Ground control points selected from orthophoto images with 0.5
meter resolution were used for adjusting the RPC values. The RPC model uses cubic polynomials for
transformation from ground surface coordinates to image coordinates [12].

1.2. Creation of Classification Scheme and Assessing the Distribution of the /Land-cover
Classes on the Territory Using the Information Gathered in the Geodatabase

A land-cover classification scheme for the studied area was created for both classifications
using the information in the geodatabase including shape files, ground data and initial visual
interpretation of the image. For that purpose, the first field check was conducted; ground control points
(GCP) were taken with GPS receiver for some typical training sets for the studied land-cover classes;
and test regions were evaluated for the both classifications from which to assess the accuracy of the
classification.

Eight land-cover classes are recognized in the first level to be distributed in the studied area
after the first field work: Transport and Industrial Infrastructure (TII), Residential Buildings (RB),
Agricultural Lands (AL), Natural Meadows (NM), Orchards (O), Pastures (P), Forest Canopy (FC) and
Water Bodies (WB). The second level of the classification scheme details these 8 land-cover classes
to 11 land-cover classes as follows: Transport and Industrial Infrastructure, Residential Buildings, Crop
1 (C1), Crop 2 (C2), Crop 3 (C3), Natural Meadows, Orchards, Pastures, Coniferous Forest (CF),
Deciduous Forest (DF) and Water Bodies.

1.3. Selection of a Method for Automatic Land-Cover ldentification on the QuickBird Multi-
Spectral Satellite Image

Automatic identification methods of the land-cover classes on the multi-spectral image were
selected using visual interpretation and ground data gathered in previous stages of the work process.
Four levels for automatic identification of the land-cover classes on the multi-spectral image were
applied for the per-pixel supervised classification and three levels were applied for the object-oriented
supervised classification. The training sets were digitalized using a visual interpretation of the image in
different band combinations, as well as in-situ information from the ground surveys. Visual
interpretation of the image was also used to identify the difference of the land-cover classes in hue,
shape, size, structure, texture, shade, associations between them as the most common combinations
of bands used were false color composite 4, 3 and 2 and true color 3, 2 and 1 as Red, Green and Blue,
respectively.

1.4. Conducting Land-Cover Classifications and Evaluating their Accuracy

Four levels for automatic identification of the land-cover classes on the multi-spectral image
were applied in ERDAS Imagine software for the per-pixel supervised classification and the following
image processing procedures were used: 1) Normalized Difference Vegetation Index (NDVI) image
and the information gathered in the geodatabase; 2) Unsupervised classification was conducted
before the supervised classification of the image using the lterative Self-Organizing Data Analysis
Technique Algorithm (ISODATA). The unsupervised image was used to assess some differences in
the agricultural land and the forest canopy, as additional layer from NDVI; 3) Supervised classification
with non-parametric rule of parallelepiped and a parametric rule of maximum likelihood (MLC) was
applied, and 4) Fuzzy convolution filter was used in order to reduce the mixed-pixel problem for the
classified image.

2178



Three levels for automatic identification of the land-cover classes on the multi-spectral image
were applied in ArcGIS FEATURE ANALYST 4.2. tool extension for the object-oriented classification:
1) Normalized Difference Vegetation Index (NDVI); 2) Relief data (digital elevation model) with 10
meters cell size as elevation band data were used as an additional layer in the classification; and 3)
Texture analysis. The selected band data were reflectance for the multi-spectral image and texture for
the panchromatic image.

Normalized Difference Vegetation Index (NDVI) was used to digitalize properly the training
sample for the classification process in both per-pixel supervised and object-oriented supervised
classifications, especially for the class AL.

The confusion matrix provides the Overall Accuracy (OA) of the classification, which indicates
the percentage of correctly classified pixels; the producer’s accuracy (PA) and omission error indicate
the probability that a classified pixel actually represents that category in reality; and the user’s
accuracy (UA) and commission error indicate how well training-set pixels were classified [13]. Two
hundred (200) randomly distributed points on the image were used for calculating the accuracy
assessment of the both resulted image classifications. Some of the points were positioned at the edge
of the image, so these points were left out of the actual points from which accuracy was evaluated.

Table 1. Error Matrix Table for per-pixel supervised classification

Class Name cCi1 cC2 ¢cC3 O NM P CF DF RB TII WB Row
Total
C1 19 0 0 o 0 o 0 0 0 O 0 19
Cc2 1 32 0 o 0 O 0 0 0 O 0 33
C3 0 0 2 1 0 O 0 0 0 O 0 3
(®) 0 0 0 26 1 1 3 1 0 oO 0 32
NM 0 0 0 o 2 0 0 1 0O O 0 3
P 0 0 0 o 1 19 0 0 0o 2 0 22
CF 0 0 0 o 0 0 12 0 0 O 0 12
DF 0 0 0 0 0 0 2 25 0 ©O 0 27
RB 0 0 0 O 0 O 0 0 3 3 0 6
Tl 0 0 0 o 0 o 0 0 0o 4 0 4
WB 0 0 0 o 0 o 0 0 0 O 1 1
Column Total 20 32 2 27 4 20 17 27 3 9 1 162
Table 2. Error Matrix Table for the object-oriented classification
Class Name Cl C2 C3 O NM P CF DF RB TII WB RowTotal
C1 12 0 0 O 0 O 0 0 0 0 0 12
Cc2 0 33 0 O 0 O 0 0 0 0 0 33
C3 0 0 33 0 0 O 0 0 0 0 0 33
¢} 0 0 0 20 0 O 1 5 0 0 0 26
NM 0 0 0 1 13 o0 0 0 0 0 0 14
P 0 0 0 O 0 8 0 0 0 0 0 8
CF 0 0 0 O 0 O 8 0 0 0 0 8
DF 0 0 0 O 0 O 0 25 0 0 0 25
RB 0 0 0 O 0 O 0 0 7 1 0 8
TII 2 0 0 O 0 1 0 0 0 17 0 20
WB 0 0 0 O 0 O 0 0 0 0 1 1
Column Total 14 33 33 21 13 9 9 30 7 18 1 188

Table 3. Accuracy assessment comparison between per-pixel and object-oriented classifications

Per-pixel supervised Object-oriented
classification classification

gizjfafcy (%) Producers User's Producers User’'s
Tl Infrastructure 44.44 100.00 83.33 83.33
Residential 100.00 50.00 100.00 87.50
Buildings

Agricultural Land | 98.33 87.88 95.23 100.00
Natural 50.00 66.67 100.00 92.86
Meadows

Orchards 96.30 81.25 95.24 76.92
Pastures 95.00 86.36 88.89 100.00
Forest Canopy 81.59 96.29 86.11 100.00
Water Bodies 100.00 100.00 100.00 100.00
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Therefore, the actual points used for the per-pixel and object-oriented classifications were 162
and 188, respectively. It was found that the object-oriented classification has better overall
classification accuracy (94.15%) than the per-pixel supervised classification (89.51%), and the overall
Kappa statistics was 0.9335 and 0.8776, respectively.

Considering the accuracy assessment table it can be concluded that Tll, RB and NM classes
are experiencing more difficulties in the per-pixel classification (with Producer’s and/or User’s accuracy
below 70%) compared to the object-oriented classification. Good result is presented in the per-pixel
classification regarding the class FC as a result from the additional processing applied like Fuzzy
convolution and Majority filters and the preliminary experience with the unsupervised classification and
NDVI image. For the object-oriented classification the classes P and FC are more difficult to assess,
while the classes TIl and RB are well presented and are having appropriate accuracy assessment
considering the specifics of the territory studied.

1.5. Accomplishment of Visual Computer Aided Interpretation of the Classified Satellite Image
A Visual computer aided interpretation was performed for classes that have producers and
users accuracy less than 80%. Based upon these conclusions some specific areas in the classified
images were appointed for a field check in order to evaluate their difficulty in the classification process.

1.6. Conducting a Field Check of the Results

A field check of the results was conducted in order to compare the accomplished results from
the accuracy assessment report with the actual situation on the field. The field work was accomplished
throughout several visits to the studied area during 2009 and 2010 with the purpose to assess the
agricultural land, forests and the urban environment. It was found that the RB class is more difficult to
accurately be separated by spectral and even texture analysis because of the different roof-tops. The
TIl class, on the other hand, has even more complicated problem, because of the difficulty in
recognizing the different ground surfaces or roofs of the industrial buildings as one single class in the
classification process. The O class was also appointed for a field check as its accuracy in the object-
oriented classification was below 80%. This can be explained with the difficulty in digitizing a good and
representative training sample. The NM class showed very low accuracy (below 70%) for the per-pixel
classification and the class was subjected of careful observations in the field check stage.

1.7. Composing a Large Scale Land-Cover Maps of the Two Supervised Classifications

A large scale land-cover maps were composed for the per-pixel supervised (Figure 1) and
object-oriented supervised (Figure 2) classifications. The statistical method Majority from Focal
statistic in ArcGIS 9.3 software was applied with the purpose of additional cleaning of the mixed pixels
on the maps.
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Fig. 1. Per-Pixel Supervised Classification of the District of Novi Iskur based on a QuickBird Image
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Fig. 2. Object-Oriented Supervised classification of the District of Novi Iskur based on a QuickBird Image

2. Accuracy assessment comparison of per-pixel supervised and object-oriented land-
cover classifications

Using analysis tool in ArcGIS the accuracy assessment comparison of per-pixel supervised
and object-oriented land-cover classifications was composed. It represents the land-cover classes’
conversion between per-pixel supervised to object-oriented supervised classification. It shows the
change in percentage from one to the other land-cover class using different image classification
algorithms (Table 4).

The land-cover class Agricultural Land is experiencing conversions to land-cover classes
Orchards and Pastures with 4.51% and 5.34% respectively. This is related with the spectral similarities
between classes Crop 3 and Orchards which are quite difficult to discriminate using the unsupervised,
per-pixel supervised and NDVI classified images. The Forest Canopy class is accurately classified in
both classifications. This can be explained with the date of acquisition together with the good
recognition between Coniferous forest and Deciduous forest by using false color composite. The
Natural Meadows land-cover class is represented by 9.02% of the territory studied. There is an around
2% conversion to classes Orchards and Agricultural Land. This is also result from the spectral
similarities of these land-cover classes. But considering the image processing procedures involved in
the per-pixel supervised algorithm it is assumed that the Natural Meadows land-cover class has good
result, which has reduced the error in a regular per-pixel supervised classification. The class Orchards
is changed with around 4.50% to classes Forest Canopy and Pastures, which is a large number
considering that the actual class Orchards represents only 6.35% of the studied territory. This is due to
the difficulty in selecting appropriate training sample, the limited choice of training sample and the date
of acquisition of the image. There were two approaches applied in digitizing this class: first to digitize
only the crowns of the trees and the second to select the whole trees along side with inter-thins. The
results from both approaches were unsatisfying. The land-cover class Pastures has little change from
per-pixel supervised to object-oriented supervised classification. This is evidence for the precisely
chosen training sample. The land-cover class Residential Buildings is also well classified which is also
due to the carefully selecting training samples and not digitizing mixed classes as a learning algorithm
for the classification. The land-cover class Transport and Industrial Infrastructure is class with low
accuracy, which was investigated in the field work stage very carefully. After collecting all the evidence
it can be concluded that this class is mixed with the land-cover class Agricultural Land. This is
because these types of settlements are having gardens in the back yards of each house with different
crops for family consummation. This makes them difficult to discriminate and the borders of the land-
cover classes are experiencing mixed-pixel problems, which with different classification and image
filters are difficult to solve. The land-cover class Water Bodies is accurately classified, which is based
on the good spectral recognition of water by the two types of image classifications. Figure 3 shows
summarized result from both supervised classifications. From that map it is evident that 59% are
coinciding land-cover classes from both classifications and 49% are not coinciding. It can be
concluded that the not coinciding land-cover classes are the Residential Buildings and Transport and
Industrial Infrastructure land-cover classes, which proves the difficulty in discriminating these classes
in the per-pixel supervised classification and also the difference in both algorithms despite the same
training samples. The authors also recognize the complexity in dealing simultaneously with land-cover
classes representing the urban and non-urban classes.
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Table 4. Accuracy Assessment Comparison Table (in percentage %)

. . . Transport
Class Agricultural Forest Natural Orchards | Pastures Res_ldgntlal and Ind. Wat_er Grand
Name Land Canopy | Meadows Buildings Infrast Bodies | Totals
Agri‘;‘?:fj“'a' 20.97 0.01 1.97 0.56 0.99 0.99 3.30 0.00 | 2879
Forest 0.00 14.50 0.00 4.26 0.02 0.01 0.02 0.01 18.82
Canopy
Natural 0.23 1.29 9.02 0.39 0.00 0.00 0.03 0.00 10.96
Meadows
Orchards 451 1.10 2.10 6.35 0.87 0.05 1.09 0.01 16.09
Pastures 5.34 1.07 0.50 4.50 4.05 0.31 1.31 0.00 17.08
Residential 0.42 0.01 0.01 0.02 0.00 1.40 2.61 002 | 449
Buildings
Transport
and Ind. 0.27 0.00 0,00 0.00 0.00 0.50 2,36 0.00 3.14
Infrast.
Water 0.01 0.03 0.00 0.09 0.00 0.00 0.02 0.48 0.63
bodies
Grand 31.75 18.00 13.60 16.18 5.94 3.27 10.74 0.53 100
Totals

I * Total Area - 46067 square km I E

58%

Coinciding

- Not Coinciding

0 5001000 2000 3000 4000

Fig. 3. Map of Coinciding and Not Coinciding Land-Cover Classes on Per-pixel Supervised and Object-Oriented
Classifications on a QuickBird image

3. Conclusions

Considering the accuracy assessment tables for the both classifications it can be concluded
that Tll, RB and NM classes are experiencing more difficulties in the per-pixel classification (with
Producer’s and/or User’s accuracy below 70%) compared to the object-oriented classification. Good
result is presented in the per-pixel classification regarding the class FC as a result from the additional
processing applied like Fuzzy convolution and Majority filters and the preliminary experience with the
unsupervised classification and NDVI image. It can be concluded from that confusion matrix of the
accuracy assessment comparison that the highest percentage of change has been detected regarding
the land-cover class Agricultural Land from the per-pixel supervised classification, which has been
changed to classes’ Pastures and Orchards as high as 5% to the object-oriented classification. This
can be explained with the difficulty in separating the Agricultural class by using per-pixel type of
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classification and the mixed-pixel problem. The class Orchards has experienced 4% of change
compared to the per-pixel supervised classification and the conversions involve the Pastures and
Forest Canopy land-cover classes. The class Orchard has significant problem because it is very
difficult to digitize accurate and pure Area of Interest (AOI). Some other problems include the class
Transport and Industrial Infrastructure which is changed from the per-pixel supervised classification to
Residential Buildings and Agricultural Land classes in the object-oriented classification. As a future
work the authors foresee the utilization of satellite images with better spectral resolution with the
purpose of more accurate discrimination of land-cover classes with similar spectral properties and as a
result giving better overall classification accuracy.
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