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Absiract

Land cover classification of very high resolution (VHR) imagery in urban areas is an extremely challenging
fatk, becaure of the low Intra-clacs fwithin-class) and hgh inter-class (hetweerrclasses) specival stnilorifies
of impervicus iand cover Hper (such ar buildings and fraffic areas). Over the past decade, a Fignificant
amount of research hav been conducted on the incorporation of spatlal information along with spectral
information of VHR imagery inio wrban iand cover classification. The spatial information inchudes tectiral,
morphological and conmfextual meavures exiracied jrom VHR imagery, as well ar LiDAR- and
phorogrammetricaily-derived DSM and existing GIS deta layers. I this paper. a comprehensive review of
recent literature was conducted to evaluaie the effectiveness of such measures in lond cover classification of
urban arecs using VHR imagery. For each mecrure, a comprehensive fist of papers for both pivel-based und
olject-based classification is provided. In addition, the classification results of represemiative publications
are reporied and Hy advantages and limitations in both pixel-based and object-based approaches are
discrissed. It has been foumd that, In gemeral, object-based classification performs better than pixel-based
approaches, since it facilitater the uye of spatial measures by segmenting the image. Moreover, wiilizing
spatiol meacures significantly improves the classification performance for impervious lond cover types, wille
may have no effect or even lower the classification accuracy for classes of vegetation and waier surfaces.
Textural measures are more commonly utifized in pivel-basced approaches, while morphologleal measures
have betrer performance in obfect-bared classification. The effect of contextual measures on classification: s
enhanced when these measures are used ir conjunction with two other measures, parficularly in object-bazed
approaches. Although meillary data shows a very high potential to address the problem of spectral-based
ciassifiers in separating spectrally similar impervious land cover bypes, incorpondiing such daa, particudarly
photogrammetricaily-derfved DSM, in closslficesion s stilf In o very early stage and reguires significens
agploration and developmer.

1. Introduction

Lemd cover clagsification is one of the most collect in a short perind of time. With the advent of

importamt topics in remote sensing both for
rescarchers and practitioners, becanse of il broad
applications in almost all geo-relasted domains.
Remotely semsed images sre the mejor, and
gometimes the only, input in land cover
classification. The spatial resolution of the image is
one of the most importent facters that affect land
cover claszification performance (Chen ot al., 2004).
Previous research hes explored the impact of spatial
resolution on classification of remotely sensed data
(c.5. Price, 1997 snod Quatirochi and Goodehild,
1997). Becemse of the sub-meter ground resolution,
VHR images unveil 8 very high potential for more
detailed end scouratz mapping of the wrban
environment (Pacifici et al, 2009). New VHR
digitel scrial cmoerss provide mn excellent duin
source for the mapping and classification of wrban
arcas, but their imapes arc expensive and not casy to
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very high spatisl resolution (<1m) satellite sensors
ginee 1999, such aa IRKONOS, QuickBird, OrbVicw,
WorldView-1, GeoEye-1 and WorldView-2, urban
lmmd cover classification has rapidly pained interest
within the remote sensing commmnity. However, the
incressed spatial resolution of VHR imagery docs
ot aobomatically yield improved acouracy of wban
land cover classification, if classifiers just smploy
the speciral information of the image (spectral-based
claszifiers). This iz mainty due to the high spectral
vorintion within the seme land cover (iotra-clase
spectral wariation; e.g. buildinga with different roof
types) and the spectral confusion between different
land covers (inter-class spectral confusion) (La et
al, 2010, Xu and Li, 2010 and Huang et al, 2011).
To compensate for the limitations of apecital-bused
clasgifiers, many researchers have attempted to
develop techmiques to  incorporate spatial
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information extracted from VHR imagery amd/or
from ancillary data into classification. For the sake
of convenience, we calegorize the spatial
information imto four types: textural, contextual and
morphologics]l measures (extracted from the VHR
image), and ancillary data sach as digital
elevation/surface model (DEM/DSM) derived from
LiDAR or stereo photographs and existing GIS data
layers (e.z. road network and buildings® footprint),
Thia paper aima to review the moat recent research
on urbam land cover claszification using VIIR
amtellite Imagery. Specificelly, the objective ia o
evaluate the effectiveness of incorporating the four
aforementioned types of spatial messurcs in both
pixel-based and  object-besed  classificatinn

Comprehensive lists of major
publicgtions  (including peerreviewed  journal
papers) in which these four types of spatial
measurcs have been ntilized in both pixel-based and
object-based classification approaches are reported.
Iunddanm,ﬁseﬂ’enofmhtypeofmmaumun

achieved it aoine recent litergture, To date, we have
not found a comprehensive review of different
speciral and spatial meastres used in classificetion
of VHR imagery, particularly over urban areas. Lu
and Weng (2007) conductsd s smuovey of image
claggificgtion methods and technigues fr imprrorving
classification performance. Their survey includes a
brief description of general process of imege
classifications, with the citation of a large amount of
mreviously published literature, However, it did oot
focua on the classification of YHR imagery in urhan
environment. Liu et al, (2006) briefly roviewed
clasification paticrng of remotely sensed imagery
based on ohjact-unmted approaches. Their study,
however, i3 limited to deacribing basic steps of
object-oriented image analysis along with reviewing
a few selected publications. Gamba st al., (2005)
presented a hibliographic review of the state-of-the-
art of urban remote sensing using multiple data sets,
They briefly reviewed the data fusion iseues in
urhan areas withont taking into consideration the

capabilitics of VHR imapery in urban snalywis.

1. Bputial Information used in Classification

The aforementioned gpatinl measures are utilized in
either pixel-bassd or cbject-based classification in
otder o help the clawificer distingroish differetd land
caver classes. Since the nature of such measres and
their cffects on classification are different in pixcl-
based and object-based image analysis, it is nsefinl
to give a brief revisw of thess two genoric types of
claggification befor: proceeding to the review of the

2.1 Plvei-Based ve. Obfect-Based Classification

In genernl, image claseification approaches can be
grouped inte different categories such as superviged
of unsupervised, parametric or non-parametric, hard
of soft (fuzzy) (Lu =d Weng, 2007). In each
category the bagic processing onit could be pixel or
object; accordingly spproaches are described Bs
pixel-based (or per-pimel) amd object-based
Although pixsl-based approaches are still widely
wied fior mapping perticuler urban impervious land
cover types such as largs commercial parcels, the
distribution end shape of such cover typea in
heterogeneons arsas may be more accurately
mapped by object-based classificalion spproaches
(Hester et al, 2008). A serious problem associated
with pixel-bassd classifiers is the so—callsd “salt and
pepper” effect or “structoral clutter” (Ven de
Voorde et al, 2007), which producez a noixy
classification result due to the spectral hetzropeneity
of classea in an whan environment and the lack of
topological information used to classify pixcls (8ims
and Mesew, 2007), This effect is more significant in
the VHE image classification especially ower
carnplex whem environments, because of the high
intra-class spectral heterogensity of some smrface
types. To reduce this negative effeet of pixel-based
classification approaches, some studies heve
proposad post-clazsification techniques {s.g. Van de
Vorde et al, 2007, Hester of ol, 2008),These
techmiques, howsver, may remove small land cover
types such as smple-family houses and single trees,
The object-based classification approach, on the
cover type by averaging the pixels within the obyject,
which prevents the “zalt and pepper”™ effect of pixel-
based classification approaches (Chen et al., 2009a).
Starting from around the year 2000, studies of
olnect-beacd images snalywie have sharply ncreased
(Blaschke, 2010). A comprehensive list of recent
clasgification of VHR imagery is provided in tables
1, 4, &, and 8, Other sources of object-based image
atnydin research ipclude fhoee online smchives of
conference proceedings (Object-based Image
Analywis (OBIA, 2006), GEoprephic Object-bascd
Image Analysis (GEOBIA, 2008 and GEOBIA,
2010%), a book published on object-besed image
mﬂyﬁabthschkeetaL.(QﬂOB}mdaﬁmm
review paper by Blazchke, {2010}. It is noteworthy
that rmach of the work referring object-bascd image
analyrie originated around the “eCognition™
softwere (Benz ot al, 2004), The next scction
reviews the i measnres  utilized in
classification of land covers in & typical urban
eftvitonment,
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The measures incorporated imto both pixel-based
and object-based classification are discussed and the
advantages and limitations of each type of measure
arc evaluated.

2.2 Spectral-Based Classifiers

Speciral-bused  cleggifiers  have  promiging
performance when applied to the medium and high
spatial resolution images with several apectral bands
for mapping relatively large homogeneous areas
such as vegetation, forest, water and soil (Lo and
Weng, 2007, McMeahon, 2007 and Xu and Li,
2010). However, becauss of similarities im the
spectral reaponse of land cover types in sn wban
gcene, along with the low spectral resolmtion of
VHE. imagery (the limited mrmber of spectral bands
amdd the wide wavelength range covered by them),
the classification of such imagery is 8 challenging
task (Zhemg and Conloigher, 2006), Deapite the fine
spatial reaghition of VHER imagery, its spectral
resolution i limited tov four muoliispectral bands
{ecept the newly launched WorldView-2, which
has cight multispectral bands) and & panchromatic
band Moareover, moat of the banda that are soitable
for separating urban land cover types lie outside or
near the bounderies of the wavelength range of the
muitispectral bands of VHR imagery {Herold et al.,
2003b) (e.g. st wavelength sroumd 530 nm which
liee in the boundaries of the Greenh band or at
wavelengthe around 740mmn which lics outside of
Red and NIR bands of VHR images), Ben-Dor
(2001), Herold et al,, (2004) and Wamer and Nerry
(2009) concluded thet the shortwave and thermal
infrared spectral regions are important for urhan
applicaticns. These bands, however, ere not present
in the VHR i . Thomas et al., (2003) stated
that the lack of mid-infrarsd bands in VHR. images
hinders the ahility of traditional spectral-based
clagsifiors to accurately distinguish detailed land
cover types. Herold et al., (2003b) also concloded
that some land cover classes soch as asphalt road,
tar roof and parking lot have 8 very similar snd
constant low reflectance over the whole spectral
rangs such thet even AVIRIS hyperspectral sensor
haa limitetion in mapping these classes,

2.3 Spatial Measives Extracted From the Image

Spectral-based classificrs detect land cover clasacsy
exclusively according to spectral information while
the larpe amoumt of wvelugble image spatial
infumntionisneglwted. Moreower, in an mrban
landscape, impervious classes ams zpectrally too
gimilar tv be distinguished uzing only spectral
information of the image. Hencs, for the mapping of
such classes, it i necessary to incorporate spatial
information together with spectral information in the
clagsification process. Two distinct types of method
which utilize apatial information from an image are
region-bazed and window-bassd methods {(Gong et
al., 1992), The region-based method is vsually used
in object-tased, whereas the window-bazed method
is used in pixel-based approsches. In the following
sob-sections, the performance of each type of apatial
textural, contextual and
morphological measures of the image and spatinl
measures of ancillary dats in both pixel-basad and
object-based approaches is reviewed. According 1o
the results achisved in individual publications, the
sirengths snd limitetions of cach proup arc
discussed The increase of classification acenracy
spatial
informetion into classification over comventional
i= rmeported The
classification accuracics mporied through this
review paper are all based on Epvor or Conflesion
mairix (Congalion, 1991 and Richarde and Jia,
2006) unless otherwise specified. For most
literature, mentioned in tables, the Overall Accuracy
(OA) and/or Kappa coefficient (KA} sre used. In
where available, the Producers’
Accuracy (PA) of the classification of land covers

measures,  Le.

regulting from the incorporation of

spectral-basad  clasxifiers

SOmE cases,
snch as buildings and roads iz reported as well

2.3 ITextural measures

Many researchers have attempted to employ texture
measures as additional spatis]l mformation in the
urhan land cover classification of VHR. images to
overcome the lack of spectrsl information (Carlecr
and Wolff, 2006 and Myint, 2007) in both pixel-

classification spproaches

based and object-based
(Table 1).

Thble 1: List of papers which have utilized texhosl messures in pixel-bezaed or object-based
urban land cover clasgification of VHR imagery

Pizel-hased classification

Obleci-based elmsificaiion

{20038); Shackelford end Davis {2003b); Chen et &l

Myint (2007); Aghera et al, (2008); Almoy ot al, 2009);

al. {2010}

Zheng (1999); Pesarcai (2000); Maillerd (2003); Shackelford and Davis

{2004); Walter (2004); Mena and Malpica (2005); Myirt end Lam (2005);
Puissant et al. (2005); Zheng and Couloipner (2006); Alonso of al (2007);

Luo and Mountrakia {2010); Lu ct el (2010); Ouma «t al. (2010); Tassetti et

(2004), Myint et al.

Pacifici ot al, (2000);

(2011); Salehi et al. {20118).

Hexold et sl. (20038); Thomss et &l
(2003); Walter (2004); Song et &l
(2005); Carleer and Wolf (2005); Su
et al. (2008); Chan et al, (2009)
Hermosilla et al (2011); Pu et al
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The result of cur literatnre review imdicates that
texture feattres extracted from pray level statistica,
especially those of co-occurrence gray level madrix
{GLCM), ars the most useful texturs measures used
in the clagsification of VHR images over urban
areas, particularly when pixel-baged approaches are
utilized. Seversl ecent publications have benefited
from the GL.CM for the purpose of mapping urban
arsas wsing VHR. imagery. For instance, Mailland
(2003} conchnded that GLCM gives superior resnlts
over the semivariogram and the Fourier-based
texture extraction for the scenss where objects are
distingmishable visually by their textures’
characieristics. Buildings snd traffic arcas are well-
textured clagses in VHR imapes amd they can be
Comsequently, the GLCM works better then the two
others in this case. Among the 14 GLCM texture
mensures, otiginally proposed by Haralick {1979),
some of them are strongly correlated with each other
(Coasu, 1988). Thus, the choice of optimal texture
measure s an important issme in GLCM texture
extraction (Jensen, 2005}, Maillard {2003) reported
that the most commonly used GLCM  texture
featores in Iitaratore are, in decreazing order of
populmtjr, the sngulsr eccomd moment (ASM),

(ENT), the inertia (initially comirasi
(OON]),ﬂnmclahm(COR}mdﬂ:emm
difference moment (IDM), Pacifici ot al, (2009}
bﬂhmthntmugy(ENR){whmhmﬁwsquﬂemnt
of ASM), CON, verigmee (VAR), COR, ENT and
IDM are the most relevant measures used in
litcrature, Buesed om the profotype performeamce
approach and its application in urban arean (Prait,
2007}, Puissant <t al., (2005) and Su ot al, (2008}
coneluded that four GLCM texture featyres wsed in
mapping urban aress are homogeneity (HOM),
ENT, diggimilgrity (DIS) and fhe ASM. We
conduncted a broad search on the major publications
(mostly peer revicwed journals) in the arca of 1mban
land cover classification naing VHR imagery to find
which GLCM measures have mostly besn utilized.

The resolts are summarized in Table 2. Based on the
mmnber of pepers lsted in Table 2 for each measure,
a graph was plotted and is shown in Figure 1. ENT
and ASM (or ENG) are the most frequently used
meagures, Nineteen and sixtesn paprers have utilized
ENT and ASM respectively. HOM and CON ranked
third (fipuee 1). These two messurces have been
utilized in thirteen papers. Having determined the
sppropriate GLCM messure(p), four imporiant
of spatia]l relefionghip, must be defined for each
meagure (Su et al,, 2008), since they influence the
cifectivencas of extrected memsures in  the
classification process. The snccess of classification
using texture features depends largely om the
selected window size (Su et al, 2008). The window
size and shape are sutomatically identified in object-
bawed texiore extracton insstmuch aa the measore ia
calcalated for each individnal object resulting from
the scpmentation siage. In pixel-based approaches,
however, the optimum of window size and three
other factors must be determined. Window zize is
related o image resoludicn e content, Puisgent ot
al., (2005) believe that it would be interesting to
choose different window sizes accordimg 1o the size
of festures to be extracted For the choice of
directiom, the lilersture proposcs calculstion of
exture measgres in four directions (0, 45, 90 aml
135 degrees) and then taking the averags of them
(Haralick, 1979 and Anys et al, 1994). Several
researchers zuggest that it is a good idea to reduce
the quantizetion level (s.g. from & bite to 5 bits) of
the input data so that the GLCM to be computed for
cach pixcl doce not booome too larpe (Jemsen,
20035), Table 3 shows different textyre meamres
with their comesponding texture factors used in
aome recent paperd, Because of space limitafiong,
we listed the resnlts four journal papers in which
different VHE. imagery, different toban land cover
types, and different classification methods are
utifized.
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Figure 1: The mnst uged GLOCM texinre measures for urban land cover classification of VHR imagery
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Table 2: List of papers which have utilized different (3LCM textural measures in
wrban land cover claagification of VHR imagery

GLLCM Paper

HOM Zhang (1999 Hergld et al, (20032); Pyirsant et al, (2003); Carleer and Welf (2008); Agllem o al.
(2008); Su et ol (2008); Pacifici et al. (2009); Lu et al. (2010); Luo and Momtrakis (20107; Ouma et al.
(2010% Taasett et al (2010); Pu et al. {2011); Salchi et al. {201 11).

ASM Zhang (1999); Pesaresi (2000); Herold et al. (2003a); Maillard (2003); Myint et al. (2004); Puissant et

(ENG) nl, (2005); Carleer and Wolf (2006); Myint (2007); Aghera ot al, (20DR); Su et al. (2008); Pacifici ot al.
(2009); Luo and Mountralkis (2010); Lu et al. (2010); Ouma et al. (2010); Po et al. (2011); Salchi ct sl
[2011m).

ENT Zhang (1999); Pesaresi (20000, Herold ot al. {2003a); Maillard (2003); Shackelfird and Davis {2003a);
Shackelford and Davis (2003b); Myint et al. (2004); Puissant et al. (2003); Catleer and Wolf (2006);
Alomao et al. (2007); Myint (2007); Aglem et gl {2008); Su et al. (2008); Chan et al. (2009); Pacifici et
al {2009); Oums et al. (2010); Taseetii ct al. {2010); Pu ct al. {2011); Salchi f gl. {20 18).

CON Zhang (1999); Pesaresi (2000); Herold et al, (20033); Maillaed (2003); Carleer and Wolf (2004); Myint

{Imertiny | (2007) Apgtlera et al. (2008); Su ef al. (2008);Pacifici et al. (2009); Lo and Mountrakis (2010); Onma
et al, (2010); Py et sl {2011} Salchi ot al, {201 1x),

COR Maillerd (2003Y; Alorso et al. {2007); Myint (2007); Agiiers et al. {2008); Pacifici et al. {2009); Omma et
sl (2010% Puetal (2011)% Salohi etal. (2011a).

DM Pesaresi (2000); Maillard {2003); Myim (2007,

VAR Herold et al. (20038); Sheckeliord and Davis (20036); Agliern et al. (2008); Chen et al. {2009); Ouma et

(STD") sl {2010 Tassetd ef al. (2010): Pu et sl (2011 Salehi et al. (20118).

DIS Harpld et nl, {20038); Puiesant et al, (2005); Carleer and Wiolf (2006); Aghera et al. (2008); Pacifici ot al,
(2009); Luctal {2010)%; Coums et 6l. (20107; Po <t al. (2011).

MEN! Do Martine et al. (2003); Agtiers ot al. (2008); Chen et sl (200%); ; Lu ot al. {2010); Ouma et al. (2010);
Tageett et al. 2010},

"STD: Standard Devistion ; 7 MEN:Mean

Table 3: Expmples of naing textural meagures (with their corresponding optimal factors) for imgroving the
urban land cover classification of VHR imagery. The textural measores are incorporated as additional band
into the classification. Accuracy improvement (Ting) is over the case where only specttal band{p) of the imeagpe
is utilized in the classification process.

Inprpt duin Lan] cover Textmre Qptimal Texipre | Clumificatice | Acsnraey Paper
iypes MESFUIES factary appraach
VHR - Eimnlated Water shadow, HOM WS TxT Pixel-bascd 0402 294 Prisesnt
imags (1 pan and 3 tree, grags, road, | of pan band Dir.: sverage THacriminant Tmp:d.4% &f et
MBS Duokda ot T baik-np of (0,45.30, 135) Anatysls {200%)
Spatial res.) _ LF:1;:0L: NM
VHR-QB Shrok, ASM over Dir.- 4% Object based 0A-33. 74 Snaa
{Qubckiird) grossland, water, | objects from QLM LNM | Maximum Imp:2.1% { 2008)
(Punalry handa) road, bnilding, segmented Likelibood
wacant land, | image
ahadow CON ower WA TxT DASTIN
image’ QLNM, LPNM Tmp:5. 7%
VHR-IK (Tkonon) Eoad, tuilding, 1% onder WSz 20m20 Pixel-bascd Eoad- Shackel
(Panskarp bamda) troe, waier, minfistic (ENT) | Dir,, LP, Q.L: Not | Hiemrchical Buil -73% ord end
graes, shadow, of Pan band Applicable Forzzy Imp :1.5% Davis
bare soil Orass-Tree: {2003k)
¥13%
Inp :11%
VHRIK Vegetation, soil, | ENT and COR. | W.ANM Pixel-based DA 12.% Alovao
(Pan & ME) asphalt, meullic | of Pan band Dir. PCl of B Maximm Imp: 3.4% ol
roof, shadowr BCt for Likelihood {2007
{0, 45, 90,135
QLNM, LP:NM

First, the texture meagore was calculated For four ME bands resulting four textoral bands, ther Principal Component Amlysls {BCA) was
egrplind to foar tembural bunds and the 1% PC was chogen as the fnal textore resumre.
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Table 4: List of papers which have utilized contextnal measures in pixel-based
or object-based urban land cover classification of VHR Imagery

Plxel-hnsed clupsificution

COhjeci-bnped clapsificntion

Miller &f af. {25}

Guwney and Towmahed {1983); Binaghi of of. (2003); Melgand and Sebastiano
(1003}, Shakelford and Devis (2003s); Bhakelfoed and Davig (2003h);
Khedim and Balhad] (2004); T and Davis {2005; ; Bellais of of. {2008a);

Herold o af (20038) Shakelford and Davis
{20033); Thomas of ol (2003% Nghi and Mai
{2008) ; Chan st al (2009); Hertnowllla et al
{20113 ;

From Table 1, it cam be seen that the {exture
meagures and their optimal factors differ from each
cover types. Furthermore, the improvement in OA,
88 the rosult of incorporsting texture imibo
claggification, ranges from 2% to 11% for papers
listed in this table.

2.3.2 Contextual measres
Whereas texture is the spatial varistion within &
small gronp of pixels, the context of a pixel (or a
group of pixels) refers to ita spatial relationship with
the local and global configuration of neighbouring
pixels (Gumey and Townshedn, 1983 and Binaghi
st al,, 2003). In VHR. imagery, adjecent pixels s
related or comelated (Khedama and Belhadj-Aissaa,
2004). The spatial correlation or dependency sriscs
due to the fact that spatial resolution of the sensor is
finer than the size of objects being classified
(Shekhwr et o, 2002), Information fipm
neighbouring pixels (contextual information) plays
&n important role in the identification snd cxtraction
of nrhan featmres from remote gsenging imagery (Jin
and Davis, 2005) by incressing the discrimimation
capabilitica of speciral pixel-based meamured data,
Morsover, in object-based approaches, when multi-
acele pogmentation is utilized, over-sepmentstion
occurs in the lower levels of ssgmentation, resulting
in too many boundarics such that resl objects such
as buildings and rads are split into two or more
smaller chjscts. Hence, the apeciral information of
the object of interest is corrclated with thet of
adjacemt objects in the same lewvel or with the
apectral mformation of the auper objects fvan the
upper level. This comextnal infommation can be
incorporated into classification compenssting for the
confusion ‘between y similar
cbjects. To dats, little research has been conducted
oh  incorporeting  cohtextyal | informgtion i
classification and object extraction of VHR imagery
(commpered to0  temtmal = morpholopical
information). Table 4 lists the papers which have
utitized contextual measures in the pixel-based or
object-based clasggification of VHR imagery of
urban arsas. Shadows of high-rize features such as
contextual measures. Several shudies have utilized it
in the pixel-based (c.g. Jm snd Davis, 2005 mmd
Bellens ot al., 2008b) or in the pbjeci-based (e.g.

Shackelford sd Deavis, 2003a and Nghi and Mai,
2008) classification proceszes in order to separate
buildings from roads mnd sireets in urbsn aress.
Structoral measmres such as the length amd widih of

image analysis methods, while they are categorized
as morphological measures in ohject-based methods,
In the former case, these measures are calculated
bascd on the epetial rclatiomship ‘between
neighbouring pixels whereas in the lester case they
are directly related to shape and size of each
individual chject. For example, Shackelford and
Davis (2003b) uszed the length and width of a
comnected proup of pixels, calculated beased on
spatial relationships within that group of pixels as
two additional contexiual bands in the classification.
The length and width bands have high value for
road and building classes, respectively. Nghi and
Mai (2008) utilized contexiyal relation in object-
based classification. The contextual relation of an
object i the mumber of objects that are adjacent
with the ohject of interest. For instance, road objects
have saronger relation than building objects. Thus,
the relation can be vaed as additional information in
the object-bassd classification to separats rToads
from buildings or shadows from large waicr bodies,
In object-based approaches, the difference between
the mean briphtness value of the object of interest to
its neighbour objects and to super objects for
different bands are other iypss of contexiual
meagured {Thomas et al,, 2003). Table 3 pregents
the results of zome literature that have wuxed
coniextual information es additiomsl bends in the
urban land cover classification process of VIIR
imapery.

2.1.3 Morphological mearures

The effectivencas of the aforemendiened apadial
measures, particularly texture measures, is highly
dependent on the choice of optimal window size in
pixel-based approsches and the level of
sepmentstion in object-bascd omes. The optimal
witdow size differs for different classes in an yrban
scome, but defining an optimal window size or
scpmentghion lewel fir extracting toxural mnd
contextual measaores is not an easy tagk. Moreowver,
members of same clags can have diffexent speciral
reflectance vahies, such az black and gray building
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roofs (Miller et al.,, 2009). Consequently, they may
have different textural and conlexiual meagures, On
a2 shape (smoothness and compacimess) amd size
(length, width, perimeter, arsa, stc), egpecially in
VIR images, A list of morphological measures can
be found in the literature (eo.z. Pratt, 2007 and
Definiens Develeper, 2007). Incorporation of these
morphological  featores  into  classification
compenastes for the Iack of spectral information of
VHR images amd facilitates the discrimination
process of specirally eimilar classes. Subsequently,
the claggification aceutacy of such clagses increases.
Incorporating morphological measures in the pixel-
based classification is usually done by applying &
morphological filber to the image Having applied
the filter o the imapge, the spetial form or struchoe
of objects within the image is modified. This
modifisd image, then, ia used az an additional band
to the origingl banda of the image in classification,

fundamental morphological cperations (Prait, 2007).
However, opening end closing, which are composed
by combination of erogion and dilation operations,
are the most coommon morphological operaiors need
in literature in order to modify the form and
struchure of the objects within the image
{Shackelford and Davis, 2003h). Morphological
measures ars more mesningfil and applicsbls in
object-based clapsification approaches (Bellens et
al., 2008b) and many reseanchers have benefited
from their use. Table 6 lists the papers in which
morphological measares have been wtilized in pixel-
based or object-based classification of VHR
imagery of utban areas, Tn object-based approaches
thu:hapeandmze,a:mphologmxlmmnf
pegmented regioms, sre  directly ulilized in
clasgification. Table 7 az well as Table 5 report
som¢ ¢xamples of the use of morpholopical
measures along with the ¢lasgification approach and
their comesponding accuracies in the urban land
cover claggification of VHR imagery,

Dilation, erosion and skeletonization are three

Table 5: Examples of using spatial measures {mainly contextual measures) for improving the urban land cover
claggification of VHR imapery. The spatial measurss are incorporated as additional band into the classification.
Accuracy improvement (Tonp) i8 owver the case where only spectral band(s) of the image i8 ulilized in the
classification process.

Tuput duain Lamd ecrrer types Sputis] messmres Clamifieating | Acemrucy Paper
»o nppreech
VHR-IE Trnd, brilding, toc, wober, | Textore: 19 order ENT B rame- | Piacl-baaed ChA; 92 T3 ipil 1% Hanccior]
(Fanaherp bamde) | gram, shedow, bare woil tres Iecarchical Road: PASS Fop:1 7% |and Davis
Coubext- idth of a foewy Ballding: {20031
conmerisd group of pixeln for ol Pl PARAY, Tovge] 1%
_ ol Pt il weikdaer dhaldrewr _
VYHR-IK Rond, bnilding, trec, woler, Comtrxt; Thaduw of fac objects Fixcd (Roect- Buoilding: HapcleHiord
(Panshexp bamde) | gram, ahedow, bere mil, Morphelogy: Siclaton of tha ‘based Poexy PATEW, Imp: 3%, Rost |and Davie
imporvicoos surf. abjsct clman) Acation PASIMp IR {2003a)
VHE-CB Waler, gradd, troe, oo iack, | Contet Pzl based DAz T25% Belless ot .
red, whitn} rond, ofer man Shadcrr Wiaximom Igrd™ In the cuse (00%a)
made, shadoor Shadery Distenes Fatora{STF) Likelthonod 'wham only e aonbext,
pither EPF or EDF & naad
VHEIK Agricaitnra lad, road Tzt Pixel based Crrrelatinn Rinagh of .
(Pan band} nwetwodke, indestrial plants, A Miuti-window st Mot Layer conficient’ .77 (2003)
qurriss, whan conTponETty (Gxs 20x20, 5656 pixelr) of Parceptron e 028
(large bafldings , small Imaige dte Wit Teee] Hracily aa (DLFy Noural Staralard a5
bosew) the mput of eoalexdoel Netwok I 234
informetion fwr MLF olmcifiar

"Fratyre Analyst softwam was reloased by Vispal Leaming Systern (VL) in 24 and luter on way developod 23 an extension for

BSRTy Arc (IS and ERDAS hreging (Miller et al, 2009),
tAcoumaay sascsmmenty s based on regreasion anslywis used for soft elessification. Improvement is over the case when only » single window
of 333, a8 oppoas to multi-window sot, was nend with the same clsificetion stmtegy.

Table &: List of papers which have utilized morphological measures in pixel-based
or object-bascd urban land cover classification of VHR imapery

Phai-ta st Gt iwtisn Obott-based casiification

Benlicuen of o, (2007 Cablk g Minoe Tin win] Dervis (2005); | Bwoer mnd Sicianocher (2001GHemId of o, (ANGR); Shcelioed wod Twis
Mos and Maphice (2005): Brozrooe and Cacdin (2006) hghda (007); | (A00N): Thomas o ol (2003 Carox and Wolf (2006% Nphi and B
Bolloa o of. (20084); Faavel of al {2008); Tuls of af. (2009) {han of af | [Z00E); Walker and Blashke (2008); van der Werff and van der Moer (2008}

(2002); Lhrerne et ol (2009). Chan et al. Thon of of. (2009}, X and L (2010% Hermoallls of of

[2011); Po of . (3011} Selelsi of af. (20116): Saleis of & (2011c).
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Table 7: Bxamples of using morphological measures (with their comesponding optimal factors) for improving

wrben land cover classification of VHRE imapery. The morphological messuwes are |

83 additionsal

band into the clagsification. Accuracy improvement {Imp) is over the case where only spectral band(g} of the
image is utilized in the classification proceas.

Input dets | Land cover types Murphalogical mcasmres Chusifiratirn | Acesraey Paper
BppIreth
(Full band} | Transpertstion arca area excinding inner regions, Mearcst Urban area:0.51 nd Wollt
areq incloding inner reglons, MNeighbour Snbanban arca:(.71 {2008)
perimeter, compaciies
VHR- (B Building, spartmecist Morphological operators: Pixel-based OACBS 5% Tmp: 52 7% Tuxin ef cf.
(Pan banad) | blocks, road, milway, | Opening, closing neconpmcted | VM Batild ;9956 Imp:62%% (2009
Teg. ireed, bare soil, opening, recosstrioted closing, Road 80% Tmp:35%
sall, towrer with BE of the sizs of 9-25
pixels
VHER-OB Oy mof, Red roof. From the 6° lovel of scgmented | Fixel based QA2 584 Bruzzote:
(Pan aind Road, Shadow, Roral | image: Widihflength ato, VM Imp:4% and Carlin
Pansharp) area , Gmaz, Tree Shape Index, Rectangntar fit classification {2006)
of segmentad
image
VHR-IE Water gram tnee, Geometric Activing(GA) Pixel-based OATIVWImp 5.4% Chan &
(Pull band) | bufldings {dack, red foatures Minld Layer Average PA of Man- ol (2009)
ol white roof), road, | fhoer baged on facet muoidel Favception oade objecte’72.2%,
chadow, other man- atd Mosphologleal Nenatal Tonp“:5.3%
mmade ohjeci= Feminres{closing) MNetwork
VHER-OB Bare soll grass, tree, | Morphologleal aparators: Pixel lmsed OA:89%, Tmp 9% Bellens of
(Pull band) | toof, road Bight disk shaped BEa and sight | Multkoyer Road:729%, Foxr:19.4% al
Iins dhnged SBs tootphological | Patceptons | Roaf$3%, Ingyl7.6% (2008L)
preflleu(ME) with paitisl Noatal
recametruction Network
VHR-OB Bullding, read, tres, 7 Hu'"e, hnvariant moments Object-based | D 80.5%, Imp™:6.8%, Xoand Li
prass, eodl, shadow, VM Bl d:74, 4% | o
tands) other impervions 14 Zomike invariant murmeantx OA: 79.5%, Inm:5.8%
mrfsce Build:70. 2%, Imp-2%
17 Wavelet imvarisnt moments Oh: 80.2%, Jomp: 6.5%
Buarild: 70,244, Imp:23%

"Fnpravemant is over pixel-based MLP neumnl netwrk when anty spectra] information (L. 4 M5 bands + Pan end ND'VT bande} is need

Thopmvement in prer the acme pixel-based negrsl netwrrk when gnly 1* sompment of 40 principal

cmmponeniy of the origmal dsta ia need

Mmprovement iy over the same shijeet-based SYM when mnly spectral information (firr Pen-gharp bemnds) is uyed.,

2.4 Spatiol Measures Extracted from
Arncillary Data

Spatial information can be derived from the image
itself (e.g. texture, context and morpholopy), which
was broadly discussed in previous sections and/or
from other data sources, the so-called ancillary data.
Anmﬂnrydnmhymmkcyowpmmofmm
image classification (Thomas ot al, 2003)
Particulerdy, mthﬁcmdespruduvaﬂabﬂtyufﬂ-m
imagery, digitel elevation/sorface model (DEM/DEW)
extracted from LiDAR defs or slereo imapes snd
existing GIS data layers, the importance of infegrating
these data for detailsd mapping of wurban
environments becomes highly aignificant, Hednd of al,
(2009 showed that the use of ancillary data improves
the clapsification accurscy independent of
clasgification method When ancillary data are
process, usually the migregistration between the
ancillary data and the image iz 2 problematic issue.

42

Precize geometric registration of comesponding data
layers ia often very difficult to achicve, particularly
for VHR imagery. Sinneﬂmhasicmnppingtmitin
object-bassd spproaches i a group of comected
pu:lu(le.objmmsmﬂofpuxel],ﬂaemmemmuon
between multisource data (ie. VIIR image, LIDAR
aw] GIS dain layers) is nod as scxicus 88 for pixel-
based approaches {Fustice et al., 1989 and Zhom et al.,
2008). In fact, object-based approaches bacilitste the
wse of ancillary data (Kim et al,, 2010} and gince they
Toquire less precizse registration of the images, they ars
highly desirable fior tultisource image stalysis (Kim

al, 2010) Several methods may be used to
incorporate  mocillary dats into the classification
process. The most common used is the stacked vector
or the logical channel method (Jemsem, 2005,
Watanachetureporn, et al, 2008 el Hhamg ef al,
2011), which conxiders the ancillary data as an extra
charmel (beand) to the criginal chanels of the imape
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in pixel-bassd or object-based classification. In
object-besed approaches, in addition fo the atucked
layer method, ancillary data are also used in a rule-
based mamer during scpmentation (¢.g. Bouzian of
al., 2010} end classification. Two groups of ancillary
data are frequenily ussd: DSM produced from LiDAR
(LJDAR-dmvedDSM)datnorﬂmnaenﬂmmel]ﬂe
stereo images (photogrammetrically-derived DSM])
deISdmhymmhasﬂlemapofpuwh the
road centreline network, ete. Table 8 lists the papers
in which ancillary dats have been incorporated into
classification (both pixel-based and object-based) of
VHR imagery of wrban areas. As seen in this table,
object-based approaches have yiilized ancillary date
significantly more than have pixel-based approaches.

2.4.1 DSM Derlved from LiDAR and
sterec photograpis

DSM generated by LiDAR data or by stereo
aorial/satellite images (photogrammetrically-derived
DSM) gives informution about the height of objects
{e.z. buildings and trees): thus it is wery helpful in
scpamating spectrally similar objects with different
heights (&g buildings from streets and tree from
shadows). LIDAR- and photogrammetrically-derived
DSM represent the height of each pixel with reapect
1o the reference datum. Consequently, when they ane
intent 1o be incorporatd in the classification process,
the first stape involves removal of the underlying
terrain, 8o called digital elevation model {(DEM), from
the DSM to produce the heights of objects sbove the
local grovmd {e.g. building"s height) Ma, 2005).The
resultant height is referred to a3 normalized DISM
(nDSM) (Chen et al., 2009b). The nDSM could then
be miegrated slong with the spectrul bends of the
image as an additional channe] in hoth ssgmentation
and cleasificalion procesecs or a8 additional
information in mile-based ich  and
classification. The influsnce of DEM on classification
mhemn&uﬂadbyudiusﬁngnhamnlu'weigbﬁin
the former method (Hofmann, 2001). Thers iz a
mdmablemmtnfrmumhmwmphshudmﬂm
integration of LIDAR DSM with the i during
claasification, particularly in object-based analyeis of
VHR imsges over urban areas (Table 8). Regardless
of the classification approach, results show a
gignificart dmprovement of clasgification aocuracy
{e.g., Sohn and Dowman, 2007, Watanachatirapomn ot
gl., 2008 and Huang et al, 2011).Very few sindies,
however, have benefited from the incorporation of the
photoprammetrically-derived DSM and VHR imagery
for classification owver urban areas, This iy mednty due
to unavailability of preciss DSM of urhan areas and
mikrepistration between the DSM and VHR imagery.
Howewer, recent development of sterec satellite and

sorial VHR imagery in conjunction with
adwancementy in  object-based imege analysis
methods has facilitated the integration of the
photoprammetticelly-derived DM and VHR data.
Huszain and Shan (201 integrated
photogrammeirically-derived nDSM snd VHR
imagery in a mile-based object-based classification
method in order to sepamte bmildings from
trensportafion ercas mod the result wae  very
saticfactory (Husszain and Shan, 2010). They further
employed the nDSM to separate different tuildngs
according to their heights (i.e single and double story
houses and apartments). Table ¥ presents a summary
of some recent papery in which ancillary data (ninly
LiDAR nDSM) have been utilized together with
spectmal bends of the VHR. imagery for objecl-hased
and pixel-bazed claggification.

2.4.2 IS data layers

Despite the growing attention toward use of LiDAR
daia for clagaification, few stodies have taken the
advantagez of axisting GIS data layers for improving
whan land cover classification (Table 8). Thomaa ot
al., (2003} developed strategies including spatial
mnde]]mgtuchmquesmdealwﬂ:thumblem of
coifusion between specirally gimilar classes in VHR
data, Their spatial modelling was bassd on the
intepration of GIS mwilley datn layery with the
image kands. They nsed the distance from road
centrelines to differentiate rildinga and parking lots
from romds Zhon and Troy {2008) employed building
footprint data in 2 rule-bassd hiexarchical object-
orictted clagsification to geparate trildings from non-
building objects. They showed that the classification
scoutucy  increased when building foolpeint dasta
togefher with LiDAR DSM are incorporated imto the
claasification process.

3. Discnssion

3.1 Spectral Measures

The result of thizs review shows that spectral
information of VHE imsgery plays 8 major role in
classifying vegetation (inchuding grass and trees),
waler smxfaces and cven shadow areas. In particular,

corvet types in a typical urbem envirgmment, However,
impervious land cover types (e.g. buildings, roads and
paking arcas) are ppectrully too similar 1o be
separated only according to their spectral information
mVI-[R.mgerjr Between pixel-based and objsct-
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Table 9: Examples of nsing ancillary data (mainly LiDAR nDEM) in addition to VIR imagery for improving
urban land cover classification. The ancillary mesmmes are incorporated a8 additional bend mto the classification
andfor segmentation. Accuracy improvement {(Imp) is over the case where cnly spectral band(s) of the image is

ulilized in the classification process.
Tupot dats Aucllavy data wsed | Land pever types Casdifleaton | Acsuracy Paper
VHR-)B LiDAR aDEM: Water, thadow, grass, Hicrarchical | OA:BY.4% Imp:20% Chen eral
Pansharp bands | HA'-30cm, VAl=15¢m | shrub, bullding, rosd, objectbesed | BuildingPA:52.5%, (2009b)
BE=1m TacAnt ATGAL Impr %
RoadPA:86%,
Imp 47.5%
YHR-Acqial imnage LIDAR nDHEM: First and | Building, pewement, Hicrarchical | ., g5 2o Zhew and Trol
(0.6mER in O.R, lustpules date, ER=1m, | coarse texmre Tule-based Broilding PAD4.4% (2008)
NIR bends) | (IS date: Parcel vegetation, fine extore | object-orented B tPA: 383%
benndary, Bullding vepstation, bare soll Tmp: NM
footprints
LiDAR intersfity | LIDAR Water, low veg., noad Hierarchical DA 93.1%, Breanan and
1DEM, DSM, Echo code | struchre, decidnons, tulstrasad Etractmre PA-G4 2% Wabater
(Miultigle tetarn) comifierond, itartidal objectatiented | Road PA:94.5% (2008)
Ings: NM
VHE-Aetlal | LIDAR DSM Ground, grass, thadow, DA BT,
ovthophoto (04 m HA:05m, VA 0.15m | bullding, tres Imgd: 12.2% Huang o af.
in B,G,B bande} | A Max-Mbin heand Pizel-brased Build: 96.4% [2011)
raznlted from meving a VM Lirg: 29.6%
witbirer oof 13x13 sl
over LIDAR DEM

*HA: Hocizonial Acoumsay; TVA: Vertical

# I'mpriyverment i3 over pizel-based SVM when only spectrel information (3 muligpectral tumds) is used.,
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Figmre 2: The number of papers which have utilized spatial meamres (TXT: texture, CXT: context, MRF:
morphology, DEM, height data, and GIS: GIS data) in pixel-bazed and object-basad classification of VHR

Imepgery over urban areas.

3.2 Spatial Mearures

3.2.1 Pixel-based vs. object-based

Fipure 2 presents the aumber of papers in which
spatial measures have been ulilized in pixel-based or
object-based classification approaches. This fignre is
s summary of Tables 1, 4, 6, and 3. Texhme featores
have been utilized in pixel-baged approaches
gignificantly mors than in object-based approaches,
On the other hand, ancillery dats, especially LiDAR
DEM, hawe been used in object-based classification
meore often than in pixel-based clasgification,

The mmber of papers that have used morphological
meggures is plmost equal in both pixel-based and
object-based classification (with two papers more in
objeci-based).Ten papers have wueed  comiexiual
meagnre in pixel-based classification and seven
papers wsed them in object-based approaches.
Compared to the other measures, GIS data have besn
employed in 2 very few papers (five objsct-based and
one pixel-based) indicating the very cmly atupe of
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combining (S data and VHR imapgsry for
claagification parposes,

3.2.2 Textural measures

From the accuracies reported in the literature, texiore
has a rignificant effect on improving the classification
accuracy of urban areas maing VHR imagery, The
improvement ranges from 2% toll% in terms of
ovezell acouracy, Some of the major findings on the
performance of texthire measmres are ag follows:

s Texture measure, in penersl, has better
performance in pixel-based tham ohject-
bassad epproaches.

* Texture does not necessarily incrcase the
claszification accurscy for all claszes. It is
desirable to imcorporsie textme measures in
clagification weing a  fuzmy-based
classification with different membership for
different sets of classes.

« For urban impervious surfaces, integrating
texture increascs the classification accuracy,
whereas for vegetation and water, textyre
does not have significant effect or ewen
lowera the classification accuracy.

« In peneral larger window gizes of texture
work better in classifying heteropeneous
land cover types for VHR imagery, whereas
smaller window size is preferred for lower
resolution imagery.

« In object-based image analysis, when
multilevel scpmentation i3 used, textume
measures of objects at higher levels of
segmentaticn would he mors appropriate for
clusgification of beteropencous lmd cover
types such as impervious surfaces, while for
homopeneous classes, texture messurcs of
phjects at lower levels of segmentation are

prefermed.

3.2.3Contextual measures

The wmooumt of litreture in which cottextual
information is utilized in the classification process is
relatively small coanpared to thet using texiure and
morphology {(figure 2}. Shadow is the most nsed
contextual measurs in classification, especially in
pixel-besed methods, The spectral and spatial relation
betweon objects in the same or different levels of
sepmentation i3 the major svmmee of contextual
measores in object-based methods. Furthermore,
contcxiual measures arc rarcly need as the only apatial
meagyre in clasgification, In other words, contextyal
measures are often used in conjunction with textural
and/or mwephologica] meagures during classification,
Neventheless, in all cases where contextual measures
been increased

3.2 4 Marphological measures

The role of morphological information in object-
basad classification is more significant than in pixel-
based. Indeed, a key adventage of objeci-based over
pixel-bazed mnge analyzis iz that the results of
segmentaticn in object-based approaches are ssts of
meaningful regions for which a number of
moaphological fisatures can be dirsctly measured and
used during the classification process. Moreover,
gome segmentation algorithms are able to create
objects in diffexrcnt scales with different sizes and
ghapes. Thir omlti scale or molti level image
segmeniation allows the classifier to  wtilize
merphological properties of objecta in various scales,
resulting in higher classification accuracy for claszses
such 85 romds @=nd buildings, which present in
different sizes and shapes. The quantitative resnlts of
some studics showed an aversge sccuracy of aroumd
9% in terms of producer’s accuracy (PA) for
buildings and roeds in a typical urban savironmert,
when both spectral and morphological messures of
VHR imagery are ufilized in object-baged

3.2.5 DSM derived from LiDAR and
stereo photographs

Recent devslopments in object-based imags analysis
snd imcrespingdy wvuileble LIDAR date end VHR
imapgery have directed ressarchers’ attention toward
their  imtegmation for classification purposes.
Nevertheleas, we learned that the nse of LIDAR data
clasgification is gtill at an early stage of develogmoent,
although they have exhibited potential in urban land
cover mapping. Many of the published papers in
rocent years are conference papers and the resulis
shwwthatthemcorpomnmofLJDARdahmtoﬂm
classification of VHR imagery can si ¥ splve
the problem of differentiating high-riss and low-rise
objects with similar speciral reflectance, For the cese
of integration of VHR  imagery and
photoprammetrically-derived DSM, very few papers
hawve been foond. With the availability of stereo VIR
imapery from saicllites such a3 QuickBird, GeoEye-1
and WorddView-2, the advences in ohject-based
image analyxis and precize DSM goneration methods,
the imtegration of VHR imegery ond s
photoprammetrically-derived DSM for mapping of
complex urban landscapes is more fessible than
before. It is worth mentioning thet it is important to
avoid misregistration problems between DSME and
VHR itmages, Almost all papers avoided the use of
off-nadic VIIR images in the classification. In the real
world, however, more than 90% of VHE. images are
collected off nadir.
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3.2.6 GIS dota layers

Traditionally, existing GIS map layes soch as
mad/street networks and building footprints have
been used as referonce data to evaluats the
pe:rfmmeeofclamﬁumkmhrthepomml
of wutilizing thix vector data for improving
classification accuracy hag drawn incressed stiention
from many researchers. Becense GIS dats layers are
somewhat consistent with object-based classification
inpmt, ie. object resylting from segmentation mey
shars the zame boundaries with GIS data, theae data
have been increasingly uaed to improve object-based
classification. Nonetheless, the use of GIS data in
clagsification, in the literaturs, is far less than that of
ofher spatinl messnres (figure 2). Misregisiration
between GIS vectors and imapges xtill poses a prsat
challenge for imtegration. Most papers used either low
resolution images or madir VHR images in the
classification to avoid the emom introdoced by
misregistration.

4, Conclusion

Orrer the past decads, thers have been ever-growing
tmmbers of tesearchers studying on detwiled land
cover classification of urban areas. This is partly due
to the fiact that the differentiation amongst three major
impervious classes in an urban scene (roads, buildings
and parking lots) becomes more feasible with the
svallability of VHR imagery. Due to the complex
nature of urban landscapes as well as the spatial and
specirel chamacteristics of VHR  imagery, the
classification of sach landecapes requires mot only
gpeciral but also spatial information of the image, For
this reason, the amount of literatyre uaing spatial
information includes texturs, comtext, morphology
gnd] information extracted from encillary dete such a8
DSM and archived GIS layers has grown since the
lameh of first VHR saiellite in 1999, Althongh spatial
measures have been used in both pivel-based and
object-bassd  classification  approaches, the
employment of them in the latter case is more
sffective mainly due the following reasons: 1)
Determining the oplimal window size of spatisl
measures, which is a critical izsue in pixel-bazed
clasmﬁuhnnmcﬂmda,hnahcmwhadmubjmt-
based epproaches by segmenting the image io
individual objects with meaningful bomdaries. 2)
Ccmta:malandespamnymrphnlugmlm
are more meaningfil in the object-bazed image
mwhyain. 3) Object-based approaches require less
precise geometric registration between different data
layers when ancillary data me employed im the
clasaification.
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However, the major drawback of object-based image
clagsification is the lack of a high degres of
mntomation, Tn fact, different mle sets st he
Amongthethreupaﬂalmmmmtmted&umthe
images, texturs has most often employed in

classﬁwhon, egpecinlly i pixel-based appmal:hes.

capability of morphological measures to improve the
clasaification of land covers such as buildings and
traific arcas. The classification aceoracies reporied in
literature indicate that mosphological measores have
sipnificantly higher cffect on differentiating classcs
sach as buildings and romds than texmral and
contextual measures. The uss of contextnal measures
in elagsification of VHE imagery iy less then the use
of textural and merphological measures. In addition,
contexiual mesaimes heve mrely heen need as the only
source of spatial measire in claggification. Indeed, the
cifectivencss of such measres is cohanced when they
are used in conjunction with other spatial measures
(textural andfor morphological measures). The
employment of LiDAR-  and  especinlly
photogrammetrically-derived DSM in urbam land
covexr claspification of VHR imagery iz in the very
early siages perhaps because of non availability of
LiDAR data and the muther low precision of
photogrammetrically-derived DSM, Nonetheless, the
mogults of our litershure review reveal the very high
pntmhalofﬂmtypeofdnhmmq]mtmnmﬂlﬂﬂ
imagery for land cover mapping of wurban
enviromments, With the widespread aveilability of
VHR steree  acrial/satellite imnger_v,r and the
duvolnpmmn in object-bassd image analysiz and
precisge DSM generstion methods, the use of
photogrammetricalty-derived DSM in classification
of VHE. imagery over urban sress is more feasible
than before and has a very high potential for future
regsarch. Also despits the availshility of archived GIS
data layers, this type of amcillary data has not been
woll utilized for classification purposes. The
development of spatial medelling of avedlable GIS
data layers for incorporation into the classification
process, particularly  object-besed  classification
gpproaches, would be another interesting topic for
future research.
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