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Forest area and the landscape level spatial pattern of forests are two of the indicators for
sustainable forest management in Europe (MCPFE 2003). As they are important for forest poli-
cymaking (MCPFE 2007), there is a constant need of timely and accurate information about their
current status. The aim of this study was to examine the potential of Artificial Neural Networks
(ANNs) in differentiating forest from non-forested areas and to explore how the use of higher-
order features, derived from a Landsat-5 TM image, could improve the performance of the ANNs
classifier. The features were generated through the application of the Tasseled Cap transfor-
mation and Principal Component Analysis (PCA). The study area is a typical Mediterranean re-
gion located in the north-east part of Greece. The results from the classification accuracies of the
study revealed that the most accurate map (Overall Accuracy (OA) =91,76 %-Kappa Index of
Agreement (KIA) =0,787) was generated through the implementation of ANNs on the three bands
produced by the application of Tasseled Cap transformation on the Landsat TM image. The com-
parison of the produced map products with the Pan-European Forest Map 2000 of the Joint Re-
search Centre (JRC) (FMAP 2000), showed that the overall accuracy of the JRC map
(OA=78,02 %-KIA=0,446) is lower than the ones of the maps that were produced by ANNs. Final-
ly, it is concluded that, for this study area, the implemented methodology for differentiating areas
covered by forest from other classes led to the production of maps of high accuracy, which exceed

the adequate accuracy of the FMAP 2000.

Key words: forest/non-forest mapping; Artificial Neural Networks, Tasseled Cap transfor-

mation; Principal Component Analysis.

Introduction. Interest in the world’s
forests has grown to unprecedented heights,
not only due to the growing awareness of
their role in the global carbon cycle but also
due to the fact that forests represent some of
the most diverse ecosystems on Earth [1, 2].
Forests’ degradation can intensify the phe-
nomenon of climate change [3], as well as
provoke phenomena, such as desertification
[4]. As a result, national governments are
looking for ways to strengthen their forest
management policies, in order to preserve
sustainability in forest ecosystems [5].

As far as the Mediterranean basin is
concerned, forests represent a significant part
of the flora [6], while they are considered one
of the most important ecosystems of the spe-

cific geographic area. Nevertheless, nowa-
days, the Mediterranean forests are vulnera-
ble to various threats, such as forest fires,
excessive exploitation, deforestation and deg-
radation [4]. In order for these severe
challenges to be confronted, Mediterranean
forests require protection and rational
management.

The effectiveness of forest management
is highly dependent on the availability of ac-
curate and current information regarding the
status of the managed areas. Two of the most
basic information required by policy and de-
cision makers is the forest cover and how it
changes over time [5]. Therefore, there is a
constant need for the production of up-to date
forest cover maps.
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Satellite remote sensing in combination
with Geographic Information Systems consti-
tute an inexpensive and practical solution for
the production of land cover maps, as well as
for geographic information management [7—
9]. Satellite remote sensing, in particular, has
been proved as a useful tool in various envi-
ronmental applications, which, in most cases,
require constant monitoring and mapping ex-
tensive and inaccessible areas [10].

The satellite data that are frequently used
in the field of forest mapping are data from
medium (Landsat TM) and coarse resolution
sensors, such as MODIS (250 m), AVHRR
(1 km) and SPOT-VGT (1 km) [11-15].

Respectively, the classification techniques
that have been used, up until now, for for-
est/non forest mapping include Maximum Like-
lihood classifier, Artificial Neural Networks
(ANNSs) [16] and Decision Trees [17]. Exam-
ples of ANNs in forest mapping can be found in
the international literature [16, 18-23].

ANNSs are Artificial Systems that resolve
problems inspired by the function of the hu-
man brain. Over the past decades, ANNs
have been proved to be a widely acceptable
tool for environmental applications and,
more specifically, in the field of satellite re-
mote sensing [24, 25]. As Atkinson and
Tatnall [26] mention that the proven
usefulness of ANNs in remote sensing is due
to the following advantages:

e ANNSs are more accurate and more
rapid than the statistical classifiers;

o they have the ability to combine a
priori knowledge and realistic physical con-
straints into the analysis;

o they can be applied on different types
of data, facilitating synergistic studies.

In the present study, ANNs were applied
considering the advantages presented above,
as well as the fact that this artificial tech-
nique has not been fully explored for map-
ping Greek forests.

In spite of the specific classification
technique, which, according to the interna-
tional literature, can significantly increase the
mapping accuracy, the overall accuracy can

also be improved with the use of additional
useful information (e.g. altitude, slope etc.)
[27]. However, recent studies have addressed
the use of higher-order features, which derive
from a variety of spectral transformations of
satellite 1imagery. The spectral transfor-
mations analyze the reflectance values of
every pixel of the image, producing new val-
ues in a different spectral space. The most
widely applied spectral transformations in-
clude the Kauth-Thomas (Tasseled Cap)
transformation [28, 29] and Principal Com-
ponent Analysis (PCA) [30, 31].

According to the literature, the use of
additional features in a classification does not
always contribute to the improvement of the
map product accuracy. Moreover, the use of
numerous additional features may render the
classification process time-consuming or
even impossible to perform [32]. In this case,
it is recommended to decrease the number of
features, in order the classification results to
be improved [33].

In the present study, higher-order fea-
tures, which derived from the two above-
mentioned image transformations (Tasseled
Cap and PCA), were used in combination
with ANNs.

The aim of the present study was the in-
vestigation of the potential of using Landsat
data and ANNs for forest/non forest map-
ping. The specific objectives were:

e to investigate the potential of using
ANNSs in forest/non forest classification of a
Landsat-5TM image;

o to investigate the potential of apply-
ing ANNs for forest/non forest mapping us-
ing two images, each of which includes the
features derived from the Tasseled Cap and
PCA image transformation respectively;

o to investigate the potential of apply-
ing ANNs for forest/non forest mapping us-
ing an image, which includes the initial
bands of Landsat-5TM image and the fea-
tures derived from the Tasseled Cap image
transformation;

e to compare the produced forest/non
forest maps with the FMAP 2000.

23



Becmuux III'TY. 2015. Ne 1(25)

ISSN 2306-2827

Study Area and Dataset Description.
The study area is the Island of Lesvos, which
is located in the Mediterranean region and
more specifically in the north-east part of
Greece. The Island of Lesvos is characterized
by rich flora and is one of the most forested
islands of the Aegean Sea. A large percent-
age of the area of Lesvos is covered by pines,
oaks, olive plantations and chestnut trees.
Mediterranean-type climatic conditions with
hot summers and mild winters, are character-
istically prevailing.

Fig. 1. Study area located in Greece

Datasets used in the course of this study,
include:

e a Landsat-5TM image acquired over
the study area, in May 2002;

o the FMAP 2000, which was used in
both the training phase of the classification
process and the comparison of the produced
maps to this already available pan-European
product;

e two independent sets of training and
validation points, originating from photoin-
terpretation of very high resolution imagery
(Greek National Digital Orthophoto Data-
base, Google Earth);

e additional auxiliary data such as the
Land Parcel Identification System (LPIS)
data for Greece and the administrative
boundaries of Greece.

Dataset Preprocessing. The dataset
preprocessing was accomplished in two
phases. The first phase included the prepro-
cessing of the data and the transformations of
the Landsat-5TM image. The second phase
included the collection and photointerpreta-
tion of training samples, which were used for
the training of the classifier.

Dataset preprocessing and feature ex-
traction. First of all, the preprocessing of the
Landsat-5TM image was performed, accord-
ing to the steps presented in the following
flowchart (Fig. 2).

Landsat TM

Calibration &
Atmospheric Correction

Corrected Landsat TM

¥

Application of
Principal Component

Analysis (PCA)
v v
Landatm LandatmPCA
(6 bands) (3 bands)

\ 4

Application of
Tasseled Cap image
transformation

Band Connection

\ 4 \ 4
LandatmTass Landatm+tass
(3 bands) (6+3 bands)

Fig. 2. Landsat-5TM preprocessing flowchart
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The first step of the Landsat-STM pre-
processing involved the calibration proposed
by Chander and Markham [34], and the
«dark-object subtraction» atmospheric cor-
rection method [35]. This type of correction
aimed, mainly, at the quality improvement of
the satellite image.

In order to investigate the specific objec-
tives of the present study, three new images
were produced through the implementation
of the Tasseled Cap transformation and the
Principal Component Analysis (PCA).

More specifically, at first, the Tasseled
Cap transformation was applied on the
initial Landsat-5TM 1mage. According
to the literature, the values of the three
new bands derived from this transformation
correspond to the overall brightness of the
image, the presence of chlorophyll (green-
ness) and the soil moisture (wetness)
[28, 29].

The implementation of the PCA fol-
lowed. PCA transformation is a linear trans-
formation, which performs image data com-
pression, producing two or three transformed
principal components, which tend to be en-
coded more easily than the initial data [30,
36]. As a result, three new band images were
produced.

After completing the above-mentioned
tasks, the data produced are the following:

o an atmospherically corrected Landsat-
5TM image (Landatm);

e an image (LandatmPCA) which in-
cludes the three bands derived from the im-
plementation of PCA on the Landatm;

e an image (LandatmTass) which in-
cludes the three bands (brightness, greenness,
wetness) derived from the implementation of
the Tasseled Cap transformation on the
Landatm;

e an image (Landatm+tass) which in-
cludes the nine bands derived from the con-
nection of the six bands of the initial Landsat
image with the three bands (brightness,
greenness, wetness) derived from the imple-
mentation of the Tasseled Cap transformation
on the Landatm.

Finally, the Island of Lesvos was ex-
tracted from all the produced images. The
same procedure was performed to the FMAP
2000, in order to be able to compare it with
the forest/non forest maps produced in the
present study. In addition, the agricultural
areas were removed from the study area due
to their significant spectral similarity to the
forested areas and, consequently, the difficul-
ty of their differentiation [37].

Training samples generation. The gener-
ation of the training samples was based on
the stratified random sampling method ap-
plied on the FMAP 2000.

The number of points was indicated by
Fitzpatrick-Lins (1981) Eq.1.
Z*(p)(q) )

E*
for Z=2, p= 85 % and E= 5 %, where p is the
expected percent accuracy, q = 100 — p, E is
the allowable error, and Z = 2.

The number of points computed by
Equation 1, with expected percent accuracy
85 % and allowable error 5%, was 203.
However, in order to avoid spatial autocorre-
lation [38], the number of the training sam-
ples was reduced to 111.

The samples were identified as ‘Forest’
and ‘Non Forest’, using the JRC forest defini-
tion" and photointerpretation based on the
Greek National Digital Orthophoto Database
and Google Earth. Samples’ identification was
made within a radius of 75 meters since the
characterization of each point depends on the
percentage of forest cover inside this area.

Methodology. After preprocessing the
data, the application of the methodology was
performed. The steps followed in order to
accomplish the specific task is presented in
the flowchart below (Fig.3).

N =

" The areas defined as “forest’ are larger than 0,5
ha. These areas are occupied by forest and woodlands
with a vegetation pattern composed of native or exotic
coniferous and/or broadleaved trees. The forest trees
are taller than 5 m in height with more than 30 %
crown cover.
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Landatm LandatmPCA
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ANN classification
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FMAP 2000

Accuracy Assessment

Validation Samples

Map Comparison

Fig. 3. Methodology Flowchart

Classification. The ANN model used
was the multi-layer perceptron, trained by the
algorithm named ‘back-propagation’. The
basis of this algorithm is comparing the out-
put of the ANN with the actual output values
provided by the interpreter, and finding out
which set of weights provide the least errors
[25]. According to Atkinson and Tatnall [26],
the multi-layer perceptron model is the most
frequently used for image classification in
satellite remote sensing. The model is pro-
vided by the ENVI software (in the present
study 4.7 edition was used).

Although many users of ANNs accept
the default training parameters and activation
functions to work with, it is important to un-
derstand that these parameters and functions
have significant consequences for the effi-
ciency of the network training [27]. This is
the reason why, the classification of each im-
age was performed through a ‘trial and error’
procedure, aiming at the achievement of the
best possible result.

Accuracy assessment. The generation of
the validation points for the accuracy as-
sessment of the produced forest/non forest
maps was based on the methodology applied
also for the generation of the training sam-
ples. In this case, 182 points were derived
and identified as ‘Forest’ and ‘Non Forest’
by an experienced photo-interpreter.

26

Confusion matrix, a standard method for
classification validation [39] was used in this
study. This method cross-tabulates labels as-
signed to pixels by the classifier with labels
assigned to the sampling points during field
survey or other validation process, using ge-
ographic location as the key to cross-
tabulation [40]. The matrices built in this
study were analyzed with four measures of
agreement, namely the Kappa Index of
Agreement (KIA) [41], overall (OA), user’s
(UA) and producer’s (PA) accuracy [40].

As mentioned above, the agricultural ar-
eas were removed from the study area, due to
their spectral similarity to forests. Conse-
quently, in order to assess the performance of
ANNSs, the agricultural areas were not taken
mto account. Nonetheless, these areas were
eventually added to the produced forest/non
forest maps, in order to obtain complete
maps of the study area. In this case, the as-
sessment of the final maps is required as
well, in order to determine the accuracy of
the complete cartographic product achieved
by the presented methodology.

The FMAP 2000 was also assessed for
its’ accuracy, so that it can be compared with
the produced maps. Hence, the same set of
182 validation points was used.

The comparison was performed between
the FMAP2000 and the complete cartograph-
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ic products (agricultural areas included) pro-
duced by the methodology presented in this
study.

Results and Discussion

Forest/non forest maps. Fig. 4 illustrates
the map derived from the classification of the
three bands produced by the employment of

the Tasseled Cap transformation on the
Landsat-5TM image (Landatm), which was
the most accurate produced in this study
(OA=91,76 %). Fig. 5 shows the FMAP
2000, the accuracy of which was compared
to the four forest/non forest maps produced
using the ANNS.

Forest/Non Forest Map
produced by the LandatmTass image and ANNs

18
Km

Aristotle University of
Thessaloniki
Faculty of Forestry & Natural
Environment

Laboratory of Forest
Management &
Remote Sensing

Legend “'@9‘
- Forest °
Non Forest

Fig. 4. Forest/Non Forest map produced by the classification of the three bands, derived from the implementa-
tion of Tasseled Cap image transformation on the initial Landsat image. It displays with the colors mentioned
below the classes: ‘forest’ and ‘non forest’ (green= forest, beige= non forest)

@

Forest/Non Forest Map of JRC 2000

| i

Aristotle University of
Thessaloniki
Faculty of Forestry & Natural
Environment

Laboratory of Forest
Management &
Remote Sensing

Legend AN

- Forest s
:] Non Forest

Fig. 4. Forest/Non-Forest map of the year 2000 of the Joint Research Centre (FMAP2000)
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Table 1

Overall accuracy, Kappa coefficient, the producer’s and user’s accuracy for the classes ‘forest’ and ‘non
forest’ of the produced maps that do not contain the agricultural areas and the JRC Forest Map 2000.

PA (%) | UA (%) 0A (%) KIA
Landatm |G T o | s | ST | 0ess
LandatmPCA NOFH";‘;S:est ;gg: 2223 85,00 0,688
LandatmTass No?;?rtes . gg;g gggg 87,50 0,743
Landatm+tass No?;?rtes . gggg S?g? 82,50 0,628
il T Y

Accuracy of the produced maps. The re-
sults from the accuracy assessment of the
produced forest/non forest maps without the
agricultural areas, as well as of the FMAP
2000 are presented in detail in Table 1.

Discussion. A closer look at the results
of the accuracy assessment presented in
chapter 5,2, reveals that in all four cases of
classification with the use of ANNs, a pro-
duction of forest/non forest maps with high
accuracy was achieved. Moreover, it is
shown that the implementation of the Tas-
seled Cap transformation on the Landsat im-
age (Landatm) improves the accuracy of the
cartographic result by 3,33 %.

More specifically, as far as the classifi-
cation of the Landsat image (Landatm) is
concerned, the accuracies achieved reached
84,17 % OA and KIA=0,668, 72,92 % PA
and 87,50 % UA for class ‘forest’, 91,67 %
PA and 84,50 % UA for the ‘non forest’
class. The examination of the accuracies PA
and UA for each class, reveals an underesti-
mation (low PA-high UA) of the class ‘for-
est” and an overestimation (high PA-low UA)
of the ‘non forest’ class. However, the OA
(84,17 %) 1s high, while the value of KIA
(0,668) indicates that the agreement between
the map product and the reference data is ac-
tual and not random. As mentioned in a pre-
vious chapter, the agricultural areas, that
were initially removed in order to facilitate
the classification, were added to the map
product for the creation of complete maps of
the study area and their accuracy was also
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assessed. In the case of the classification of
the Landsat image, the accuracies achieved
for the class ‘forest’ are 72,92 % PA and
87,50 % UA, for the ‘non forest’ class
95,52 % PA and 90,78 % UA, while the OA
reached 89,56 % and KIA the value of 0,719.
Based on these results, the expected increase
of the OA, PA and UA for the ‘non forest’
class is observed due to the rural areas added
to the cartographic result.

In the case of the classification of the
three components (LandatmPCA), derived
from the implementation of the PCA on the
Landsat image, the estimated accuracies are
77,08 % PA and 86,05 % UA for the ‘forest’
class, 90,28 % PA and 86,67 % UA for the
‘non forest’ class, 85,00% OA and 0,688
KIA. In this case, the values of PA and UA
indicate an underestimation of the class ‘for-
est’ and an overestimation of the class ‘non
forest’, while the values of OA and KIA are
higher than the ones of the classification of
the Landsat image. Furthermore, the accura-
cies of the complete cartographic product,
which includes the agricultural areas, are for
the ‘forest’ class 77,08 % PA and 86,05 %
UA, for the ‘non forest’ class 94,78 % PA and
92,03 % UA, 90,11 % OA and 0,739 KIA.

The third map validated for its’ accuracy
is the one produced through the classification
of the three bands (brightness, greenness,
wetness) (LandatmTass), derived from the
application of Tasseled Cap transformation
on the Landsat image. In this case, it was es-
timated that for the class ‘forest’ the PA and
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UA are 83,33 % and 86,96 % respectively,
for the class ‘non forest’ the accuracies
reached 90,28 % PA and 90,28 % UA, with
87,50 % OA and 0,743 KIA. These results
reveal that the classes are neither underesti-
mated nor overestimated, while the OA and
KIA are higher than the respective accuracies
of the two above-mentioned classifications,
indicating the superiority of this map prod-
uct. Moreover, adding the agricultural areas
to the produced map, a complete map of the
study area was created, the accuracies of
which reached 83,33 % PA and 86,96 % UA
for the class ‘forest’, 94,78 % PA and
94,07 % UA for the class ‘non forest’,
91,76 % OA and 0,787 KIA.

Finally, the accuracy assessment of the
image which includes the six bands of the
Landsat image and the three bands derived
from the Tasseled Cap transformation
(Landatm+tass) revealed that the accuracies
reach 66,67 % PA and 88,89 % UA for the
class ‘forest’, 93,06 % PA and 81,71 % UA
for the class ‘non forest’, 82,50 % OA and
0,628 KIA. The significant variation of the
PA and UA indicates an underestimation of
the class ‘forest’ and an overestimation of the
‘non forest’ class. Subsequently, it can be not-
ed that the other three cartographic products
outperformed this one agreeing with the find-
ings of Kavzoglu and Mather [32] that the use
of additional features in a classification does
not always contribute to the improvement of
the map product accuracy. Adding to that, the
accuracies of the complete map product are
66,67 % PA and 88,89 % UA for the ‘forest’
class, 96,27 % PA and 88,97 % UA for the
‘non forest’ class, while the OA i1s 88,46 %
and KIA 0,680.

Based on the above, this study shows
that the higher-order features contributed to
the improvement of the map product’s accu-
racy, except from the classification of the
image, which includes the six bands of the
initial Landsat image and the three bands de-
rived from the Tasseled Cap image transfor-
mation. Although all four maps produced
were of high accuracy, the image which was
classified more accurately was the one with

the three bands derived from the implementa-
tion of the Tasseled Cap transformation on
the initial Landsat image.

The FMAP 2000 was also validated in
order to be compared with the Forest/Non-
Forest maps produced in this study. The re-
sults showed that the OA of the map is
78,02 % and the KIA 0,446, while the PA
and UA for the ‘forest’ class is 52,08 % and
80,65 % respectively. Furthermore, for the
‘non forest’ class the PA reach 87,31 % and
the UA 84,78 %. The results reveal that the
FMAP 2000 extremely underestimates the
‘forest’ class in the specific study area. In
addition, the Kappa coefficient indicates that
the agreement between the map product and
the reference data is random.

Finally, the comparison of the FMAP
2000 with the forest/non forest map produced
in this study leads to the conclusion that the
accuracy of FMAP 2000 is noticeably lower,
taking into account not only the OA, but the
PA and UA for each class and the value of
KIA, as well. The difference in detail and,
consequently, in the accuracy between the
produced maps and the FMAP 2000 is con-
sidered as a logical outcome, due to the large
difference of the product’s coverage. There-
fore, it is illustrated that the production of
new Forest/Non-Forest maps offers a better
solution than using the already available car-
tographic product of the JRC, in cases where
the study area is considerably smaller than
the one of the FMAP 2000.

Conclusions. In the present study, a se-
ries of issues concerning, mainly, the use
of ANNs in forest/non forest mapping were
examine. The results of the study lead
to the conclusion that the ANNs are suitable
for forest/non forest mapping, producing
maps of high accuracy, while the use
of the Tasseled Cap image transformation
contributes to the improvement of the carto-
graphic result. Additionally, the results
showed that the implementation of the meth-
odology proposed in the present study
area produced forest/non forest maps
with higher accuracy than the one of the
FMAP 2000.
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Summarizing the results of the study, the
following conclusions can be drawn:

o the combination of ANNs and Land-
sat images for forest/non forest mapping of
the Island of Lesvos leads to the production
of maps of high accuracy;

o the use of higher-order features (PCA
and Tasseled Cap) for forest/non forest map-
ping of the Island of Lesvos with the use of
ANNSs produces highly accurate maps;

o the combination of the features de-
rived from the Tasseled Cap transformation
with the Landsat image using ANNs for for-
est/non forest mapping of the Island of Lesvos
produces maps of satisfactory accuracy;

o the features derived from the Tasseled
Cap transformation on the Landsat image

in  combination with ANNs lead
to the forest/non forest map of the highest
accuracy, between the examined combina-
tions;

o the implementation of ANNs on the
Landsat image, irrespectively of the use of
higher-order features or not, for forest/non
forest mapping of the Island of Lesvos,
lead to the production of highly accurate
maps, which outperform the respective ac-
curacy of the FMAP 2000.

Future research could involve the eval-
uation of the potential of using different
higher-order features or satellite image of
different sensors for mapping forests and dif-
ferentiating them from non-forested areas
with the use of ANNSs.
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KAPTUPOBAHMUME JIECHBIX U HE JIECHBIX HJIOH.[A)IEIZI C UCITIOJIB30BAHUEM
LANDSAT TM U AJITOPUTMA «MCKYCCTBEHHBIE HEUPOHHBIE CETU» (ANNs)

A. Cmecpanuooy, E. /lpazozu, M. Tomnoynuooy, A. 3. l'umac
YHuBepcuTeT UMEHN APUCTOTES
54124, I'peuus, Canonuku, P.O. Box 248
E-mail: alexands@for.auth.gr

Knwuesvie cnoea: KapmupoeaHue J1eCHblX U He JTECHbIX 3€Melb, UCKYCCNBEHHblE HeMVPOHHble
cemu, mpch¢opMaz4u}z «KOJIna4okK ¢ KuCI’I’lO'-IKOIJ)),' anaau3 2iaeHblX KOMNOHEHN.

B nacmosiwyerl pabome 6w paccmompen  psio NOA0ACEHUT, KOMOPble KACAIOMCSl, 2IA6HbLIM 00-
pazom, ucnonw3zosanus ANNS npu Kapmupoeanuu J1ecHbiX U He JeCHbIX 3emens. Mnouxamopamu
VCMOUHUB020 YNpasieHus 6 JecHom xoszsicmee Eeponvl na nanowagmuom yposne (MCPFE 2003)
ABNAIOMCSL NPOCMPAHCMEEHHAS CIMPYKMYpa U obwas naowads aecos. Oba smu UHOUKamopa 6adic-
Hbl Ot npunsimust pewienull Ha yposue (MCPFE 2007), nosmomy cywecmsyem HeoOXooumocms 6
c80e6peMeHHOl U moyHou ungopmayuu 06 ux mexywem cocmoanuu. Ilenvto nacmosweil pabomul
SABUNOCH UCCEO08AHUE NOMEHYUANd Memood «UCKYCCmEeHHble Hetiponnvle cemu» (ANNs) npu
oyenke OughepenyuposanUsi 1eCHbIX U He ECHbIX 3eMeilb, d MAKdICce AHAIU3 NPUMEHUMOCHU OaH-
HbIX DOJIee 8bICOKO020 YPOSHsL, NOyYeHHbIX no chumkam Landsat-5 TM ¢ yenvio yuyuwenus npouseo-
oumenvrocmu kaaccuguxamopa (ANNs). Hcxoouvie napamempol CHUMKOG ObLIU Npeoopaso6aHvl
NpU ROMOWU UHCIMPYMEHMO8 MPAHCHopmayu uzoopasicenuil. «koanayvok ¢ kucmoukoy (Tasseled
Cap transformation) u ananusza enasnvix komnonenm (Principal Component Analysis, PCA). Hccne-
dosanusi npogoounUcs 8 munuynou 01 CpeouseMHOMOpPbs MeCmHOCIU Ha ceéepo-eocmoxe [ pe-
yuu. B pesynrvmame oyenku mounocmu Kiaccu@urkayuu Obllo 6bisigIeHo, 4mo Hauboiee MmouHdas
kapma (0bwas mounocme — 91,76 %, koapguyuenm coenacosannocmu Kanna KIA=0,787) bvira
co3z0ana ¢ ucnonv3oeanuem memooa ANNs Ha ocnoge mpéx uzobpagicenuti npeodopas306anHo2o me-
MoOOM «KOINA4oK ¢ Kucmouxkouy chumka Landsat-TM. Cpasnenue nonyuennot kapmol ¢ 00wees-
poneiickou kapmou nechoeo nokposa 2000, paspabomannoii O6beOUHEHHBIM UCCIEO08AMENbCKUM
yenmpom (JRC) 6 2000 200y (FMAP 2000), nokazano, umo 00was mo4Hocms Kiaccugpukayuu 3mou
xkapmot (OA=78,02 %, KIA=0,446) nuosice, uem mouHocms Kapmol, KOMopas Oblia cO30ana npu no-
Mowu Memooa «uckyccmeentule netipounvie yenuy (ANNs). Pezyromamul uccie0o8anus no3gosi-
1om coenams 661800 0 mMmom, ymo ANNS nooxooum Onst KapmMupoBaHUsl IECHLIX U He JIECHbIX 3eMellb,
CO30aHUsl KAPM BbICOKOU MOYHOCMU, KpOMe MO20 UCHOIb308AHUE NPe0dPa3068aHUsl «KOINAYOK C Ku-
CMOYKOU» NO3BONSIem YIYHuumy pezyiomamol kapmuposanusi. I1o umozam pabomsl OvbLiu coenambl
caedyouue 8b1800bl: Komounuposanue memooa ANNs u cnumxoe Landsat ons kapmuposanust nec-
HbIX U He JIeCHbIX 3eMellb NO38OISIen CO30a6amb Kapmbl 6bICOKOU MOYHOCU, UCHOIb306aHUe OaH-
HbIX 60Jlee 8bICOK020 YposHs (ananusa 2nasuvix komnowenm (PCA) u npeobpazosanus «koinavox ¢
KUCMOYKOUY) Ol KAPMUPOBAHUsL IECHBIX U He JIECHBIX 3eMelb ¢ UChOob308anuem ANNS nozeonuno
€030amyb Kapmy blCOKOU MOYHOCIU 2pedecko20 ocmposa Jlecboc, KombuHuposanue napamempos
uzobpadcenusi Landsat, nonyuennvix Ha ocHose mpanc@opmMuposaHHO20 Memooa «KOINAYOK ¢ Ku-
cmouxou» u memooa ANNS 0ns kapmuposanusi IeCHbIX U He eCHbIX 3eMelb ocmposa Jlecboc, nos-
B0IUNIO CO30AMb KAPMY NpuemiemMol mouHocmu. Pe3ynbmampl ucciedo8anuii noKasaiu, ymo eHeo-
penue npednodCeHHOll 8 Hacmosiuell pabome MemoOUKY CO30AHUSA KAPM JECHbIX U He JIECHbIX 3eMelb
no3eosiem noyuums Kkapmol bonee evicoxou mournocmu, yem FMAP 2000. Hdanvneiuee ucciedo-
6aHue mooicem Oblmb CES3AHO C OYEHKOU NOMEHYUANd UCNONb308AHUS MAMEPUAIA BbICOKO20 HO-
PAOKA UM CHYMHUKOBLIX CHUMKOS, NOJIYYEHHbIX OM PA3IUYHBIX OAmMYUKO8, 0TIl KApMOzpapduposanus
J1ecos u oughepeHyuposanus ux om He NOKpbIMbvIX gecom meppumoputi npu nomowju ANNS.

Cratbs noctynuia B pepakuuto 11.02.15
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