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Abstract — In the current study, aerial image analysis has la@glied to map vegetation communities
in a riparian wetland ecosystem, Szigetk6z (HungdRgmote sensing offers an objective and time-
effective method for the detection of detailed waten habitats with the use of high resolutionaer
photos combined with ancillary botanical and silNigral data. Three images of the same test site,
acquired in three different years have been andlysg sample-based semi-automated image
classification technique. Due to the heterogenematsire of the target vegetation classes, besides
using spectral features (e.g. vegetation indicextutal descriptors were also involved in the
classification procedure. Theost appropriate parameters have been chosen aisitagistical feature
selection method based on the Jeffries-Matusiteamite. The accuracy assessment proved for each
scene that the combined use of spectral and téXemtures gave the best classification results in
comparison to the exclusive use of spectral outekimeasures. The here-applied feature set can be
applied for the analysis of similar riparian sites.

remote sensing / high resolution imagery / ripariarwetland / texture analysis

Kivonat — Légifelvételek osztalyozasa vizesdelyek térképezése céljaboi tanulméany célja légi-
felvételek elemzésére szolgaldé médszer kidolgozims ébhelyek vegetaciotérképezéséhez, melyet
a szigetkozi folyébmenti mintatertleten vizsgaltumk.hagyomanyos terepi felméréssel szemben a
tavérzékelés lehété teszi vizes éhelyek megkozelden objektiv és gyors térképezését nagy
felbontasu légifelvételek és kiegéézitotanikai és erdészeti adatok felhasznalasavamimdavételen
alapul6 fél-automatikus képosztalyozds eredményedpigonyult a kivalasztott harom képre
alkalmazva (adott tesztteriilet haronépdntra). A vegetacids célosztalyok heterogén tezetésbl
adddik, hogy a spektrdlis jelleikz (vegetacidés index) vizsgalata mellett texturgidlemzok
bevonasara is szikség van az osztalyozasi algaatnukialakitaisahoz. A legjeldisebb
paramétereket a Jeffries-Matusita statisztikai kA6 modszer segitségével hataroztuk meg.
Megbizhat6sagi elemzés alapjan a spektrélis ésirtédig jellemdk egyuttes alkalmazasa adta a
legjobb osztalyozasi eredményeket a kizarélag s@kiktvagy texturdlis paraméterek felhasznalasaval
szemben. Hasonl6 artéri teriiletek névényzeti téképéhez a kivalasztott jellebhzalapértelmezett
alkalmazéasa javasolt.

tavérzékelés / nagy felbontésu felvétel / folyomentizes ééhely / texturalis elemzés
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1 INTRODUCTION

Rapid and extensive change of ecosystems in th&0agears induced a significant decrease in
the variety of life forms (Millennium Ecosystem Agssment 2005). Since by the end of 2010 it
became clear that the loss of biodiversity couldl lb® stopped, a new strategy (EU 2020
biodiversity strategy) has been developed, linketi¢ European Habitats Directive and the Birds
Directive (Lang et al. 2013). Besides this poligniework, appropriate technology is needed for
observation, where satellite Earth Observation (E@grged as a powerful monitoring device.
Beyond satellite imagery, the use of archive agfatography is essential, for the historical
characterization of variability within ecosystemsdahereby for the development of strategies
related to the management of ecological integtign@ires et al. 1999). The analysis of high
resolution images with additional in-situ measunetsiecan compete with traditional field
surveying of complex vegetation communities consigecost- and time-effectiveness. The
visually-based, solely manual interpretation ofgery is inefficient due to its high subjectivity,
as well as due to the rapid development of digitelge analysis techniques and automated
information extraction methods which result in fblsinvestigation of larger areas with high
spatial resolution. Nevertheless, the image claasibn techniques of high resolution images for
vegetation habitats are not straightforward. Dutdécheterogeneous nature of these communities
at high geometric resolution, traditional pixeldsdigital image classifiers do not give
satisfactory results (Levick — Rogers 2008, Kanmagatl. 2008, Addink et al. 2007, Johansen et
al. 2010). Therefore, the application of objectdahalgorithms, after appropriate segmentation
approaches, emerged (Blaschke et al. 2011). Iti@udlh that, numerous studies have postulated
that a supplementary approach is needed to spelassification regarding vegetated areas and
forest structures from high resolution images (lsgue — King 2003, Zhang 2001), since target
features cannot be differentiated on the sole ludspectral reflectance. The characterization of
image texture became the backbone of various resmitsing related applications, e.g. the
analysis of landscape heterogeneity, biophysicahrpeters, forest structural characteristics,
prediction of species distribution and biodivergiigtterns (Morgan et al. 2010). Many texture
features can be added to a certain study, howswee classification cost increases with the
number of features, it is reasonable to reducentinisber and utilize only the necessary features
for performing a classification (Richards — Jia @00n other words, finding the best suited
characteristics is a prerequisite for an efficeassification approach, therefore, statisticaiuiesa
separability methods have been applied aiming &rging those parameters which have high
significance and could be best used in the diffexton of diverse vegetation habitats (Bindel et
al. 2011, Mahmoud et al. 2011).

The present study aims at finding an appropriatei-seitomated classification method
with the use of texture characteristics in ordemtap predefined vegetation habitats based on
high resolution aerial imagery. The analysis iseblasn a test site in a riparian wetland
ecosystem (Szigetkdz, Hungary) applied to thretemdint years. Image classifications are
carried out independently, however, their comparalde by transferring the descriptive
measures from the recent image into another istrgaged as well.

2 STUDY SITE

Wetlands in general are among the world’s most yctide ecosystems and reached a critical
vulnerable state recently, wherefore their cond@wmaand sustainable development strategy
has been formulated in the Ramsar Convention orawad (1971).

The Szigetk6z Danubian floodplain together with Slevakian Csallokdz is the most
extensive riparian wetland in the Upper-Danubeaegdisplaying a high species diversity of
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flora and fauna (lllés — Szabados 2008). The regqart of the FeftHansag National Park
(FHNP) with 37 500 ha area, of which 9157 ha bec#mescape protected in 1987 and
nowadays it is included in the list of NATURA 20@®PA (special protected area) and IBA
(important bird areas) (Szabé 2005).

Due to the diversion of the Danube into a side nbhim 1992, related to the construction
of the Gabikovo Hydroelectric Power Plant, severe changesiiwed in the discharge pattern
of the old riverbed of the Danube, with a decreafsihe average discharge approximately to
20% (ljjas et al. 2010). It has been reported m shme study of ljjas et al. (2010) that the
unique diverse pattern of habitat types have begmfisantly affected by the changed flow
and sediment regime, and an alteration has beeattddt from aquatic or aquatic-related
species to more terrestrial ones. Medium resolutiandsat satellite image analysis showed
negative changes of the normalized vegetation @wdic short-term (1992-1993) (Smith et al.
2000), caused by dropping groundwater levels, as wlecumented and modelled in the
region (Vekerdy — Meijerink 1998). Similarly to thahanges were detected in the wetness
values based on the Tasseled Cap transformatiohaanfisat, however, from 1997 a
continuous regeneration is experienced, excepilétar willow species (Kristof 2005).

Blaschke et al. (2011) listed numerous vegetatitudiss, where advanced remote
sensing techniques have been applied to the asalf/bigh resolution imagerx{0 m/pixel)
in the recent years, though, in the test site @& fpinesent research, vegetation habitat
classifications have been mainly based on traditidield survey. Available archive aerial
imagery has been often used as unprocessed baokgiaiormation for visualization
purposes as a basic layer for vector data reprsemt(Takacs — Molnar 2009). While land
use/land cover classification of such images hasnbmainly based on visual image
interpretation (Licsk6 2002), in the field of fomgslllés — Somogyi (2005) have given an
example for the application of a supervised digitadge processing algorithm for the detection
of different species and their state of healththey did not reach satisfactory results.

In our research, for detailed vegetation analysisygproximately 2.5 kfarea has been
chosen as a test site, near to the village Dundedfrigure 1)

3 DATA

Archive aerial photo series with high spatial resioh < 5 m/pixel) are available at more
Hungarian institutions about the chosen test dt@. our experiment we used the ones
summarized imable 1

As a pre-processing phase, imagery from 2008 aritb 2tas been resampled to the
coarser geometric resolution of the image 1999(in#ixel) in order to support comparable
image analysis techniques for all dates, sinceutaktparameters depend on the spatial
resolution of the imagery.

Any kinds of vegetation-related studies need thppett of in-situ measurements as
reference data. Therefore, botanical maps have pathered, where the field survey was
based on the framework of the National Biodiverditgnitoring System (Takacs — Molnar
2009) focusing on the mapping of A-NER types (A-NERhe Hungarian abbreviation of
General National Habitat Classifying SysteifigUre 1, Table 3. Besides the botanical view
of habitat complexes, it was also essential toliressilvicultural database&igure 1, Table 3,
in order to aid the selection of target vegetatitasses. Personal field inspection of a part of
the test site has been carried out in NovembelQ.2Q&vertheless, it has to be mentioned, that
the ancillary data have been acquired in diffeten¢ from the image dataset, and this brings
some additional uncertainties into the image inmtggiion procedure.
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Figure 1. Test site in the Szigetk6z Danubian fiaid

Table 1. Aerial imagery

Imagery Orthophoto 2008  Orthophoto 2005 Orthopli&@9

Institute of Geodesy, Cartography andhiversity of West Hungary,
Remote Sensing (FOMI), Budapest Phare CBC ProjedEUROSENSE*
Scale 1: 74 000** 1:30000 1:30000

Original Ground

Source

Spatial Resolution 0.5 m/pixel 0.5 m/pixel 1.25 m/pixel
Spectral Resolution NIR, G, B RGB NIR, R, G
Camera Type UltraCamX RC 20 Wild RC 20
Applied Film Type  Digital, Color IR  Color Color IR
Acquisition time 06.08.2008 29.07.2005 03.08.1999
Solar azimuth angle  125.6° 209.4° 111.6°

* CBC: Cross-Border-Cooperation; EUROSENSE: httpmweurosense.com
** However, because of the digital camera, the gigeale cannot be directly compared to the others.

Table 2. Ancillary data

Ancillary data Habitat map Silvicultural map

Thematic information A-NER habitat type First typleforest stand

Scale 1:12500 1:10 000

Acquisition year 2000, 2004 2003

Acquisition time period July-October Spring-somnagitumn

Source Directorate of FHNP Forestry Directorate,
Szombathely
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4 METHODS

4.1 Object-based image analysis

Object-based image analysis (OBIA) technique, @mtto pixel based approaches, offers an
efficient solution for high spatial resolution mapyp with a potential extension for larger

areas in a relatively rapid manner, due to thegnattgon of spatial complexity. OBIA consists

of (1) image segmentation: clustering of pixel®ihbmogeneous objects, (2) classification:
labeling of objects and (3) modeling based on tharacteristics of objects (Johansen et al.
2010b). As the first step, the segmentation appraaanainly based on the concept from
Tobler (1970), also known as the first law of gequty, saying that “everything is related to
everything else, but near things are more reldted tistant things”.

According to that, images of each year have beastlyfianalysed concentrating on the
separation of the spectrally differentiable ‘Walbedies’, like the first part of a hierarchical
classification. In that case, after quadtree andtismesolution segmentation approaches, the
classification was based on vegetation indidexble 3 and brightness values (average of the
three original bands). In addition, manual cormtdi were needed, especially concerning the
image from 2005.

Table 3. Vegetation indices applied to images witferent spectral resolutions

Orthophoto 2008 2005 1999
Spectral bands NIR, G, B R,G,B NIR, R, G
modified NDVI: (G-R)/(G+R) NDVI:

Vegetation Index  \p gy(NIR+B)  (Gitelson et al. 2002) (NIR-R)/(NIR+R)

4.2 Target vegetation classes

Further classes are related to vegetation habitdisre the selection of target classes was
based on a synoptic view of the aerial photos (2085, 1999) and additional information,
concentrating on the most occurring and charatiensegetation patterns which can be
“easily” identified by human eye in the visual inesigterpretation process. Reed (R), Hybrid
Poplar (HP), Domestic Poplar (DP), Willow (W) andlidiv & Poplar (WP) classed={gure 2
have been defined as target classes for the imagsifecation for each year, except for class
Domestic Poplar (in the Hungarian designation “hamgras”) which was only present in
2008. It has not been intended to identify eaclthefoccurring classes in the test site, but
those ones which cover an area with a significeet s

-.

Figure 2. Target vegetation classes representedi0oyn * 40 m square samples
(2008, PC1, GSR: 1.25 m/pixel)
1: Reed, 2: Hybrid Poplar, 3: Domestic Poplar, 4ilMiv, 5: Willow & Poplar
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4.3 Analysis of textures

In case of very high resolution (VHR) imagery tlpectral characteristics (radiometric values
in various bands) of a single pixel cannot descfdrest stands or even an individual tree,
therefore, information is needed on the local neaghood of each pixel, either by the
generalization for the stand (substand) or by theyais of the texture of larger spatial units,
like square-shaped windows/polygons. Local textwas be described by spatial statistical
measures, grouped into three types, (1) first-ostatistics, e. g. standard deviation, (2)
second-order statistics based on co-occurrenceg3nsemi-variances or autocorrelations
within a pixel neighborhood (Tuominen — Pekkarii2€05).

4.3.1 The grey-level co-occurrence matrix

Grey-level co-occurrence matrices (GLCM) belongéaond-order statistics and have been
successfully applied in numerous studies for laodkecd/vegetation analysis of remotely
sensed imagery (Berberoglu et al. 2007; Héjek 206/&)wing significant improvements in
the classification accuracies (Franklin et al. 20Darleer — Wolff 2006). Taking a grey-scale
image with a given brightness value range (in aset = 256 due to the8 bit data), the
GLCM is anL x L matrix, where the value for each cell is defined tbg number of
occurrences of a given grey-level-combination gpigels (a pixel pair, with a defineld
distance and direction which are given for a concrete matrig)ided by the total possible
number of grey level pairs (Richards — Jia 200@pé&nding on the variousandé chosen,
there are different GLCMs. Haralick et al. (197&fided 14 various metrics derived from
each matrix to use as texture measures.

In summary, variables which have to be definedGaCM calculations are (1) moving
window (object) size; (2) direction of the offseténtioned a® before); (3) distance of the
offset (); (4) image channel used; (5) specific metricslefined by Haralick et al. (1973).
Regarding the direction of the offset, the all direnal feature is often applied, meaning the
average of all the directions (0°, 45°, 90°, 138%pecially when the observed classes are not
directionally biased (Laliberte — Rango 2009). Tstance of pixels is normally set to 1, i.e.
for the comparison of direct neighbours (Trimblel2D We applied GLCM on the first
principal component (PC1) calculated from the thb@mds of each aerial photo to best
represent the texture of the photo (coefficientsHG1regarding 2008 0.659, 0.485, 0.575;
regarding 20050.579, 0.590, 0.563egarding 19990.685, 0.488, 0.541).

Similar to the case described above regardingntfagé analysis of VHR imagery, by the
application of object-based image analysis tectenitpe core of the analysis procedure is not
any more the pixel itself, but “an extended neighbod”, the image segments or objects,
which are typically the sets of spectrally similgixels coming from a multi-resolution
segmentation approach (Benz et al. 2004). Howedigg, to the fact that target vegetation
communities are spectrally heterogeneous, anotiper of segmentation (“chessboard”) is
privileged in our investigations, where the imagere is divided into unique-sized objects
(squares) with a predefined size. This means dgttlat the minimum mapping unit of the
classification has changed from 1.25 m/pixel ton2ixel, but with additional information
on the texture.

4.3.2 The semi-variogram

Moving window sizes or in our example, the squamage object sizes are critical for any
texture analyses. The internal spatial variabibfythe target class(es) will determine the
ground resolution element (here the grid size)pt@efunnecessary intra-parcel variability
would be detected (Curran 1988). In this regarthis@riogram analysis has been applied in
numerous studies to choose the most appropriatowirsize for GLCM computation (Carr —
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Miranda 1998; Treitz — Howarth 2000; Tsai — Chou0@&0 Szantoi et al. 2013). The
variogram (or semi-variogram) is frequently usec aseasure of spatial continuity, as well as
a multiscale directional measure of surface rougtnéTrevisani et al. 2009). The
mathematical structure model of the empirical seamiegram is defined as (Curran 1988):

m
p) =23 [206) - 206)]’ &)

2mia
where x is a geographic pointz(x) is its attribute value (in our case, the radioneetalue,
DN) and m is the number of point pairs separated by vettoFor the graphs of the semi-
variogramsy(h) is visualized for increasing). The larger(h) is, the less similar are the pixels
divided by a givenh vector (often named agg). Range is one of the most important
characteristics of the semi-variogram, which isoapon the h axis wherey(h) reaches its
maximum, or rather for sample data wheyéh) reaches approximately 95% of the sill -
which is the maximum level of(h) (Curran 1988).

In the current research, since target classes agetation habitats with repetitive
patterns, their semi-variograms are rather peradlout anisotropic. The visualization of the
semi-variogram graphs help to identify approximatahe period as the appropriate size for
further texture investigations. Semi-variograms4avindow sizesX0 x 10, 20x 20, 30x 30,
40 x 40 m) have been compared for the image 2008 calculanetthe PC1, choosing certain
samples from the predefined target vegetation etagsgure 2. Corresponding to the solar
azimuth angle of the image acquisition of 2008ectional variograms have been computed
along the direction of the supposed minimum corilyn{126°) in order to describe variability
and as well along the direction of maximum contyyperpendicular to 126°, thus 36°).
These analyse$-igure 3 proved that the use of aroug mx 20 m(16 x 16 pixels for the
1.25 m/pixel GSR) square-objects is reasonablasis lfor the texture analysis.
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Figure 3. Directional semi-variograms (regardingeteolar azimuth angle:
126° of the image acquisition 2008) for differeegetation classes
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This was supported by the findings of Tuominen «kaenen (2005) who applied
20 mx 20 m square-shaped windows, stating that thiswsadd lead to near-optimal results
regarding forest stand inventories based on thiysinaf aerial photography.

4.4 Statistical feature selection method

In a recent study (Kollar et al. 2013) related lie present research project GLCM entropy
(ENT), correlation (CORR) and standard deviatioT@&V) have been chosen from the
texture measures based on literature referencdsBelger 2007) and empirical observations
by the comparison of feature value ranges of acertdass-pairs. There, besides the all-
directional type, directional textures have beenlged as well, applied to those angles
which were the nearest to the solar azimuth anfjleaoh image acquisitionréable 1. For
2008 the use of the all-directional, for 2005 af89 the directional textures in the combined
feature set (together with vegetation index) predithe best classification accuracies (Kollar
et al. 2013).

The current attempt aimed at a statistically bdsatire selection method for the analysis
and the choice of the most appropriate texturaiufea from a larger number of measures,
which have been analysed as well in the study dibéde — Rango (2009) complemented
with two other measures. The issue of feature 8etebas been a general problem in image
analysis methods, more specifically in pattern gaton related applications in order to
minimize the classification error (Peng 2005, Rearet al. 2007, Laliberte et al. 2012, Silva et
al. 2012). Besides aiming at higher classificateecuracies, the application of feature
selection methods has been related to the redusticedundant information in order to speed
up the classification approach by an optimal desen the evaluated features (Mahmoud et
al. 2011, Bindel et al. 2011). Determination of thathematical separability of classes has
been a common procedure, where feature reductiparisrmed by checking how separable
various spectral classes remain when reduced $dtatres are applied (Richards - Jia
2006). From the group of probabilistic measuresBhattacharyya distanc8)is one of the
most popular measures (Mahmoud et al. 2011):

1o 2 1 |8P+%°
B—g(ml mp) W‘*z'”[m] 2)

which has been stated as a convenient equatiamofonal distributions, but not rejecting the
complete group of non-Gaussian cases and alsosdisddor a family of gamma distributions
(Fukunaga 1990). However, the infinite natureBofconcerning a range of a half-closed interval
[0, ) makes its interpretation difficult. Thereforesianilar measure, but with a finite dynamic
range has been introduced, called Jeffries-Matdgtance(JM) (Richards — Jia 2006).

IM =2(1-e™®) 3)

Silva et al. (2012) have summarized that generdl values above 1.8 are the indicators
for a good separability, the distance value bel®wiould mean the possibility of confusion
in the classification process between classes.

In our study 8-8 GLCM features (all-directional agidectional) and 4-4 GLDV (gray
level difference vector) statistics have been aelyfor the best separability measures, where
GLDV is a sum of the diagonals of the GLCM and aaswe of the absolute differences of
neighbors (Laliberte — Rango 2009). Target clagse® had a minimum of 20 grid samples
for each year. The basis for the texture calcutativas the first principal component layer.
As mentioned before, GLCM can be directional (edato the solar azimuth angle of each
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image) and non-directional (the average of thectiveal features) and here both have been
applied. Ford (distance),l has been chosen as default, calculated in treciebased image
analysis software eCognition Developer 8.9. Bestgatures, vegetation indice3gble 3
and two other spectral descriptors (average of &tilaverage of the Green band) have been
added as well to the separability analysis.

JM measures for image 2008 are shown in detailahle 4 for the selected textures
(each one of them is all directiondlable § next to one spectral characteristislthough,
the separability value for GLCM Mean was only biggigan 1.8 for 2 class pairs, one of
them (HP-SP) represents a unique case since thasges have not been separable by any
other texture features. Besides this considerats@can also take into account, that there
might be class pairs which are not clearly separalnld the step concerning the selection
of target classes should be revis€dble 4indicates an example where the class pairs SP-
WP and W-WP are not separable without confusionitevfields, where JM is under
1.8). From the investigations regarding 2005, 1p8Bs of HP-WP and W-WP have been
inseparable.

Table 4. JM measures for vegetation class pairsgeming the selected textural and
spectral features

HP- HP- HP- HP- SP- SP- SP- W- W- WP- Number of pairs
SP W WP R W WP R WP R R where JM> 1.8

GLCMSTDEVY 00 19 16 18 20 1.7 18 05 20 20 6
GLDV ENT 07 16 04 0919 05 18 14 20 138 4
GLCMCONT 05 16 04 10 18 07 19 13 19 18 4
GLCMMEAN 19 14 04 20 04 10 10 04 11 14 2
mNDVI 19 20 19 20 11 06 19 02 10 13 5

Table 5. GLCM measures chosen after separabiligtyesis

Texture Measure Formula
N
GLCM Contrast (CONT) > Rli-])
i,j=0
N-1
2 j=oR.]
GLCM Mean (MEAN) &0=0 )
N2
GLCM Standard Deviation (STDEV) N i -
DRl 5)
i,j=0
M -1
GLDV Entropy (ENT) > Vi (=InVk)
k=0

P; is the normalized gray-level value in the cejll of the matrix, N is the number of rows or columns
4, are the mean of row and columnj, Vi is the normalized gray-level difference vector & = Ii—j1.
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4.5 Semi-automated classification algorithm

The complete image analysis with texture calcutstiovas performed using the object-based
image analysis software eCognition Developer 8.8e Bpplied supervised classification
algorithm is based on a membership value basedyfutass evaluation, where the
membership values concerning one specific featora the selected feature set are computed
from the training grid cells. The fuzzy nature bktalgorithm means that there are three
potential classes in the evaluation for a certdijed (here: grid cell), with the label of the
best class, calculated from the membership valsedalass descriptions for the selected
feature set (Trimble 2013). Semi-automated referghe general nature of classification
approaches as part of the digital image analysisnigues where pixels or grid cells are
classified in an almost automatic manner. Althotigg part of training sample selection is
still subjective, chosen by the analyst, the laizebf objects later on is based on the derived
characteristics and chosen algorithms.

In traditional supervised classifications, firstigining samples are chosen from a concrete
image where, based on their characteristics (ystradl statistical descriptions), the whole image
can be classified into the groups of predefinedsela. In case of aerial image time series
regarding a certain test site and short time petioel following question arises: whether it is
possible to classify different-year images basethertraining samples from a given year. In the
current study, training samples have been colletted the 2008 image and the derived class
descriptions have been tested for the 1999 imabiehvwhas a different spectral, but due to the
earlier resampling (regarding the 2008 image) #imesgeometric resolution.

5 RESULTS AND DISCUSSION

Due to the fact that the acquisition times of baahand forest inventories did not overlap
with the aerial images, reference data cannot teettly taken. Thus, just like for the training
stage of the classification, samples for accurasgssment were taken from the target classes
at locations different from the training aredsble 6summarizes the overall accuracies and
Kappa coefficient measures for the 9 classificajamgarding the 3 different feature sets
applied to each year.

Table 6. Accuracy assessment of the fuzzy clasgificesults concerning different feature sets

Year 2008 (CIR) Year 2005 (RGB) Year 1999 (CIR)
Features applied Overall acc.Kappa Overall acc. Kappa Overall acc. Kappa
Mean of PC1, VI 0.78 0.72 0.50 0.35 0.60 0.47
4 textures only 0.91 0.89 0.88 0.84 0.82 0.76
4 textures, VI 0.96 0.94 0.90 0.87 0.84 0.79

Accuracy measures have shown that the use of eextarameters leads to significant
improvements in comparison to solely spectral baoased classifications, however, best
classification results were reached with the apgibm of a combined set of spectral
(vegetation index) and textural descriptors.

The following three maps iRigure 4 present the best classification results for thé tes
site (2008, 2005, 1999).

Classification results for the different images@202005, 1999) come from independent
image analyses based on sample selection in eaah Yéevertheless, after visual
interpretation target vegetation classes regardimgcies composition remained nearly the
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same between 1999 and 2008 for the most of thetBd€s why it was reasonable to analyse
the classification algorithm based on the samesaascriptions for the former year 1999.

The identification of water bodies in image 1999 keal well with the application of the
“transferred” algorithm applied originally to imag2008 (a combination of the use of
vegetation index and brightness). Contrary to thatpredefined vegetation classes could not
be detected in the 1999 image. Because of temgiffatences “stable” vegetation classes are
changing (growth) as well and any change in theéutexpatterns is critical for the given
(transferred) membership functions in the clasaifon algorithm. In addition, the here-
applied classification scheme does not cover thmepbete test site (unclassified area covers
more than 30% in case of image 2008 and more t@&nfar images 2005, 1999) which leads
to difficulties regarding class transferability fdifferent years and sites, that's why the
reconsideration of target classes is vital. Howgaarextension of the classification scheme
without primary ground reference information (fieddrvey concerning the last image, 2008)
isn’t straightforward either. Complementary classesld partly come from habitat maps (in
the concrete example, Dunaremete, 2004: vegetatioedges and dams, other hardwood,
arable land), from silvicultural inventory (domestipoplar-acacia) and from visual
interpretation (bare soil mixed with grass, roaayg stand, shadow). The application of the
same supervised classification method describedréehowever, with additional samples,
resulted in 87% overall accuracy and showed afsgnit decrease in the unclassified area. It
has to be emphasized that although we have beearemiwated on a classification scheme
mainly based on species composition, one of thétiaddl classes: domestic poplar-acacia
has been classified into the same group as a rdndirid poplar stand with the same age
(referring to the silvicultural information), whicleads to the consideration of forest stand
classification based on age structure.

2008 (CIR) 2005 (RGB)

0 250 500 1.000
B F—Meters

1999 (CIR)
Classification scheme

E Water bodies

- Reed or grass

I:l Hybrid poplar

- Domestic poplar

B wilow

- Willow and poplar

I:I Unclassified area

m Masked area (no information)

OAA: 84 %

Figure 4. Classification results based on the fmzymbership value based) classification,
for three different years (2008, 2005, 1999) with tise of the combined (textural and
spectral) feature set
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Beyond these aspects, the lack of reliable angillaformation for the former years
makes it difficult to conduct a detailed analysighwappropriate accuracy. Monitoring
approaches often apply post-classification chargjeation, which is an essential tool for the
evaluation of quantitative and qualitative changesthe observed (vegetation) classes.
Nevertheless, this type of analysis requires higissification accuracies for each analysed
year. We have seen that overall classification @@yudecreases significantly from 2008 to
1999, however, for each scene it was higher th&a. 8Donsidering the accuracy calculation
procedure it is vital, that in the earlier-mentidmaeasuresTiable § misclassification of the
background (expected as unclassified area) hadeen involved. Experimental accuracy
calculations complemented with background referesemples, only applied to the 2008
image, have resulted in 9% decline (from 96% to Brégarding the overall accuracy and
0.10 decrease (from 0.94 to 0.84) concerning thepandex. These values emphasize the
significance of more detailed accuracy assessmewt the further improvement of
classification results, before the applicationedsonable change detection methods.

6 CONCLUSIONS AND FUTURE WORK

Generally speaking, aerial imagery based semi-aatiommage analysis aids vegetation

monitoring approaches, helps to understand theogwall structures (vegetation patches) in a
faster manner and has the potential to analyseepses (temporal changes) and hereby,
supports the work of botanical and silviculturaiayors with habitat maps.

Based on the findings of the current study, thelword set of spectral (vegetation index)
and textural (derived from GLCM/GLDV) features isggested to be analysed and further
involved in image classification algorithms for thepping of riparian vegetation habitats.
Based on the accuracy assessment the combinatgpeofral and textural features provided
the best classification results in comparison togble use of spectral or textural descriptors.
During the analysis of textural and spectral dgsors (features) the utilization of a statistical
feature selection method (e.g. Jeffries-Matusitasuee) has been proved to be essential in
order to find the best fitting descriptors and taken reliable estimates of class signatures,
especially in those cases where the selectioraofitig pixels/objects is restricted due to the
small size of the test site (Richards — Jia 20B®garding the remark (made in the previous
section) concerning the similarities between déférvegetation habitats (hybrid poplar and
domestic poplar-acacia), it should be further itigesed based on other test sites whether the
age structure of forest stands significantly infloes the vegetation habitat classification
mainly based on species composition and if texhaeed image analysis could help to
investigate forest stand ages.

Uncertainty originates from various sources in gst&n mapping, already in the
training phase of the supervised classificatiog, definition of classes, subjectivity of the
field surveying based reference data and the mpvesl (in our case: mixed object) problem
(Rocchini et al. 2013). In case of differing acdios times in image and reference data, a
significant difficulty is often present, since tidentification of a certain land cover type
cannot be precise. Accuracy assessment can orgyiméd account those objects for proof
where the identification of a given class is rdiab

The current study proved that the direct transferegture measures derived from one
image transferred to a former one, and therebylétection of the same or similar vegetation
habitats in the former year cannot be worked owgedaon an incomplete classification
scheme and the applied membership function basegifitation algorithm. For this reason
and for the improvement of recent results, a coteptever of vegetation classes and the use
of advanced classification algorithms have to bayesed in the further research.
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