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Urban Land Cover Classification With Airborne
Hyperspectral Data: What Features to Use?

Xiaohua Tong, Huan Xie, and Qihao Weng

Abstract—This paper investigates the potential effects of spec-
tral, shape, textural, and height information and their combina-
tions on the classification of urban areas using airborne hyperspec-
tral data. Based on analysis of the spectral, shape, textural, and
height characteristics of urban land covers, the first ten spectral
principal components, eight shape components, one height compo-
nent, and seven textural components were selected to examine their
performance on the classification accuracy. Correlation analysis
was conducted to exclude correlated components. A support vector
machine (SVM) was employed to determine the significant com-
ponents affecting the urban hyperspectral classification through
comparison of the classification accuracy. Different combinations
of these components were then tested to estimate their contributes.
The classification results showed that all these components con-
tribute to the result of urban land cover classification, but dif-
ferent land cover classes benefit from the inclusion of different
components. The experiment further revealed the effect of signifi-
cant components on the classification of urban land cover in terms
of area, convexity, elongation, form factor, rectangular fit, round-
ness, textual factors, and mean relative height. It is suggested that
the inclusion of shape, texture, and height, together with the spec-
tral components, significantly improved the classification accuracy
of urban land cover.

Index Terms—Classification accuracy, hyperspectral imagery,
support vector machine (SVM), urban land cover.

I. INTRODUCTION

U RBAN land cover types and their areal distributions are
fundamental data required for a wide range of environ-

mental and socioeconomic applications [1]–[4]. With the dy-
namic development of urban areas, there is an increasing need
for automatic identification of urban land cover types. Com-
paring with traditional approaches of updating urban land cover,
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such as field measurements, remote sensing is an attractive ap-
proach for determining urban land cover since it provides a
map-like representation of the Earth’s surface that is spatially
continuous and highly consistent, and it can be carried out in a
range of spatial and temporal scales [5]. One of the frequently
employed methods for thematically mapping urban land cover
is image classification of remotely sensed data [5]. Remotely
sensed data have spectral, spatial, textural, and other character-
istics [6]. As a result, a key concern in image classification is to
investigate significant remote-sensing components describing
spectral, shape, textural, and height features of urban surface
materials and to determine how they affect the classification re-
sult [7].
For medium-resolution remote sensing data, such as Landsat

thematic mapper (TM), spectral information is the most impor-
tant information in image classification [8]–[12]. For sensors
with higher spatial resolution, such as SPOT, ETM+ and
ASTER, texture and spatial features, together with spectral
ones, have shown to be the important components in urban clas-
sification [6], [14]–[21]. Fine spatial resolution data (e.g., better
than 5-m spatial resolution), such as IKONOS and QuickBird
data, have been increasingly adopted in urban studies, pro-
viding the potential to extract much more detailed information
about urban surface materials than medium spatial resolution
data. Therefore, much attention has shifted toward developing
object-based classification algorithms using geometric features,
rather than the traditional per-pixel classification algorithms
using spectral features, in urban land cover classification
[22]–[25]. Recently, the incorporation of features from other
data sources, such as height information from digital surface
models (DSMs), in image classification, has been reported
for improving classification accuracy [11], [12], [26]–[29]. In
several previous studies, shape, texture, and height features,
obtained from either the images or other data sources, have
been shown useful for image classification [30]–[32].
As far as the detailed mapping of urban areas is concerned,

airborne hyperspectral remote sensing, as characterized by very
high spatial and spectral resolutions [33], [34], is one of the
most valuable data sources for classification [35]. In such map-
ping applications, spectral information is certainly an impor-
tant feature since urban surface materials have high dimension-
ality in the spectral space [36], [37]. However, about the sep-
aration of urban surface materials based on spectral character-
istics is often inadequate [38]. In addition to the wide diversity
of urban surface materials, better knowledge about spatial–tem-
poral changes in urban land cover is equally important in de-
termining and modeling urban environmental conditions [14],
[39], [40].
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Fig. 1. Study area one: Oberpfaffenhofen, Bayern, Germany (upper: the false
color HyMap image; lower: the normalized DSM).

As a result, much effort has been made to improve urban
classification of airborne hyperspectral images by using spec-
tral, shape, and textural information. This feature information
includes, for example, census data [41], LiDAR information on
the surface structure [42], and texture measures such as the ex-
tended morphological profiles [43]. Making full use of remote
sensing information may be the most efficient and effective way
to improve classification accuracy [44]. However, little attention
has been paid to the comprehensive determination and evalua-
tion of significant remote-sensing components, including spec-
tral, spatial, textural information, as well as height information
from additional data sources, in terms of the hyperspectral clas-
sification of urban land covers.
Therefore, the objectives of this paper are 1) to investigate

the potentials of spectral, shape, and textural information from
airborne hyperspectral data, as well as relative height informa-
tion from a DSM, in improving the classification accuracy of
urban land cover, and 2) to identify the most significant re-
mote-sensing components from a set of spectral, shape, textural,
and height features for urban land cover classification.

II. DATA AND STUDY AREAS

In our study, two comprehensive experiments were conducted
using two kinds of airborne hyperspectral images in different
study areas.
Study area one (Fig. 1) is situated in Starnberg, Oberbayern,

Bayern, Germany, with central geographical coordinates of
and . The hyperspectral data of this study

area were recorded by the airborne hyperspectral mapper
(HyMap) system on June 7, 2004. The image data are provided
in 126 spectral bands with a spatial resolution of 4 m. Detailed
information about the HyMap sensor was given by [45]. The
DSM, however, was manually created from a pair of stereo
aerial photographs. In the study, both the DSM and HyMap
image cover an area of approximately 0.64 km .
Study area two (Fig. 2) is located in Pavia, Lombardia, Italy.

The dataset was acquired from the Reflective Optics System

Fig. 2. Study area two: Pavia, Lombardy, Italy.

Imaging Spectrometer (ROSIS) sensor, with 103 spectral bands
and a spatial resolution of 1.3 m, during a flight campaign over
Pavia, northern Italy, with central geographical coordinates of

and on July 8, 2002. The image covers an
area of approximately 0.35 km . Detailed information about the
ROSIS sensor can be seen in [46].
From Figs. 1 and 2, it can be observed that the land cover

classes in these two study areas are primarily buildings, roads,
and vegetation. A thorough analysis of the land cover classes
in the two study areas is discussed in detail in the following
section.

III. METHODS

A. Framework of the Study

Fig. 3 shows the entire framework of the study. There are
three main parts to the study: 1) characteristic analysis of urban
land cover classes; 2) data preprocessing for extraction of the re-
mote-sensing components; and 3) determination and evaluation
of the significant components that affects most the classification
result. In addition, the height information is only available for
Study area one in the following analysis.
1) Characteristic Analysis of Urban Land Cover Classes: To

investigate the potential components affecting the hyperspectral
classification, characteristic analysis of urban land covers in the
study areas was carried out as follows. 1) The spectral charac-
teristics of urban surface materials in the reflective wavelength
range were first examined, and the urban land cover were there-
fore subdivided into thematically and spectrally meaningful cat-
egories. 2) Eight shape components and seven co-occurrence
textural components in the airborne hyperspectral image were
selected for urban land cover classification. 3) The height com-
ponent, derived from the DSMmodel as an additional source of
information, is combined with the other components for better
separation of certain urban land cover types, such as buildings
and open spaces.
2) Data Preprocessing: Generally, there are four steps in pre-

processing the hyperspectral imagery and DSM data used in the
experiments: 1) correcting the geometric, radiometric and atmo-
spheric errors in the hyperspectral images; 2) creating the dig-
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Fig. 3. Overall technological framework of the study.

Fig. 4. Segmentation results in study areas 1 and 2.

ital terrain model (DTM) from the DSM by filtering building
objects and producing the normalized DSM (nDSM) by differ-
encing the DSM and DTM (this data is only available for Study
area one); 3) generating the image segments [47], [48] and cal-
culating the mean spectrum of each segment representing the
region’s spectral characteristic; and 4) computing the shape, tex-
tural, and height components in each segment. Fig. 4 shows the
segmentation results in both study areas 1 and 2.
3) Evaluation of the Significant Component Set: In the study,

support vector machine (SVM) classification method is used in
the evaluation of the significant remote-sensing components,
and two cases are designed: 1) classification with the spectral
component only, and 2) classification with a combination of the
spectral component and one additional component from the set
of shape, textural, and height features. In the experiment, each

of these components is input as an individual band in the air-
borne hyperspectral data classification, and the contribution of
each component is evaluated separately in terms of accuracy im-
provement in the classification.

B. Quantitative Features of Urban Land Cover Classes

This section analyzes the characteristics of the spectral,
shape, textural, and height features of urban land cover types in
the study areas. This is the basis for the subsequent automated
classification.
1) Spectral Characteristics of the Airborne Hyperspectral

Imagery: Specifically, in study areas 1 and 2, the urban land
cover types are subdivided into thematically and spectrally
meaningful categories. In study area 1, vegetation areas consist
of tree/bushes and lawn, and built-up areas consist of roofs,
open spaces, tennis courts, and roads. Further, in study area 2,
vegetation areas consist of tree/bushes and lawn, and built-up
areas consist of roofs, open spaces, roads, and shadow.
Furthermore, the vegetated areas in Figs. 1 and 2 can be

clearly differentiated from the built-up areas owing to the strong
reflection of chlorophyll in the near-infrared. However, some
urban surface classes containing similar materials, particularly
in study area 1, such as precast concrete roofs and concrete open
spaces, are difficult to spectrally differentiate from the image
spectra. Another challenge arises from the spectral similarities
of roads and roofs, and open spaces and roads.
2) Shape Characteristics of the Urban Land Cover: Over

recent years, shape characteristics have been successfully used
in image classification [49], [50]. In our experiment, eight
candidate shape components are used: area , compactness

, solidity , rectangular fit , roundness , con-
vexity , form factor , and elongation [51].
Area (A): In non-georeferenced data, the area of a single pixel

is 1. Consequently, the area of an image object is the number
of pixels it contains. If the image data are georeferenced, then
the area of an image object is the area covered by one pixel times
the numbers of pixels forming the image object.
Compactness (C): Compactness represents how compact a

region is and is defined as outer contour length,
where is the area of the object, and out contour length is the
sum of the lengths of the outer edges of the polygon representing
the image region (the edges of holes are excluded). A circle is
the most compact shape with a compactness value of , and
the compactness value of a square is .
Solidity (S): Solidity is the ratio of the area of the polygon

to the area of a convex hull surrounding the polygon, and
is calculated by area of convex hull, where is the
area of the object, and area of convex hull is the area of the
smallest convex set containing the image region. The solidity
for a convex polygon with no holes is 1.0, and the value for a
concave polygon is less than 1.0.
Rectangular Fit (RF): Rectangular fit indicates how well

the shape is described by a rectangle, which is expressed by
, where is the area of the object, and

and are the lengths of the major and minor axes,
respectively. Both axes are derived from an oriented bounding
box containing the object. The rectangular fit for a rectangle is
1.0, and the value for a nonrectangular shape is less than 1.0.
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Roundness (R): Roundness compares the area of the polygon
with the square of . The roundness for a circle is 1, and
the value for a square is . The roundness is computed by

.
Convexity (CX): Convexity measures the convexity of the

polygon, and is represented by length of convex hull
combined length of all boundaries of the polygon, where length
of convex hull is the total length of the smallest convex set con-
taining the image region, and combined length of all bound-
aries of the polygon is the sum of the lengths of all edges of
the polygon representing the image region (edges of holes are
included). The convexity for a convex polygon with no holes is
1.0, while the value for a concave polygon is less than 1.0.
Form Factor (F): The form factor compares the area of the

polygon with the square of the total perimeter. The form factor
of a circle is 1, and the value for a square is . The form factor
is calculated by total perimeter .
Elongation (E): Elongation measures the length of the image

region, and is defined as , where and
are the lengths of the major and minor axes. The elonga-

tion for a square is 1.0, and the value for a rectangle is greater
than 1.0.
In the above-mentioned eight shape components, the param-

eters used in the latter seven ones, e.g. out contour length, area
of convex hull, , , and total perimeter, are related
to the first one Area. Therefore, the component Area ( in the
above equations) is accounted for in the calculation of the rest
seven components. As a result, the values of these seven factors
(i.e., compactness (C), solidity (S), rectangular fit (RF), round-
ness (R), convexity (CX), form factor (F) and elongation (E))
range from 0 to 1.
3) Texture Characteristics of Urban Land Cover: In our ex-

periments, the gray-level co-occurrence matrix (GLCM) was
used to describe image texture. In GLCM calculation, a window
with a size of 20 m 20 m, corresponding to 5 pixels 5 pixels
in study area 1 and 15 pixels 15 pixels in study area 2, was
used. This window size represents approximately the average
distance between urban land-cover objects, which was identi-
fied by the spatial autocorrelation analysis [36]. In the exper-
iment, seven candidate texture descriptors were examined, in-
cluding energy, entropy, contrast, correlation, variance, dissim-
ilarity, and homogeneity [52], [53].
Energy (ene): Energy measures texture uniformity, or pixel

pair repetitions. High energy occurs when the distribution of
gray level values is constant or period. Thus, energy is defined
as , where is the th

entry in GLCM and ,
is the occurrence of gray levels and , as measured at

two pixels separated by a given displacement vector, and is
the number of gray levels of the image.
Entropy (ent): Entropy measures the disorder of an image.

Entropy is high when the texture is not uniformwithin the image
and is defined as .
Contrast (con): Contrast measures the difference between

the highest and lowest values of a contiguous set of pixels. Low
contrast image features low spatial frequencies, and contrast is
defined as .

Variance (var): Variance is a measure of heterogeneity. It
increases when the gray level values differ from their mean and
is defined as , where

.
Correlation (cor): Correlation is a measure of gray

tone linear dependencies in the image. High correla-
tion values imply a linear relationship between the gray
levels of pixel pairs, and correlation is defined as

, where

.
Dissimilarity (dis): The dissimilarity is similar to contrast.

Instead of weighting the diagonal quadratically, the dissimi-
larity weights increase linearly. Thus, it is calculated by

.
Homogeneity (hom): Homogeneity measures image ho-

mogeneity, and it is sensitive to the presence of near diag-
onal elements in a GLCM. Therefore, it is calculated by

.
4) Height Characteristics of the Urban Land Cover: In study

area 1, the height information obtained from the DSM is com-
bined with other features for the classification of urban land
cover. In the experiment, the average relative height of image
objects is adopted as a component in the classification for iden-
tifying elevated objects, such as buildings, trees, bushes, and
lawn.

C. Experiment Design

The analytical procedures of the experiment to determine the
significant components that affect the hyperspectral classifica-
tion result as follows. 1) 14 scenarios for study area 1 were de-
signed with the SVM while 13 scenarios for study area 2. Sce-
nario 1 tests the classification with the spectral component only,
and additional scenarios tested the classification with the spec-
tral component and a single spatial component from the set of
shape, textural, and height features. Therefore, significant com-
ponents affecting urban land cover classification can be found.
2) Another 15 and 7 scenarios for study areas 1 and 2, respec-
tively, are designed to test the classification results using dif-
ferent combinations of the component set based on the signif-
icant components found in the former experiment. The shape
components are first represented by raster images, and the bands
transformed from the shape components are combined with the
other bands from spectral and textural components for the clas-
sification in the following experiments.

D. Correlation Analysis to Exclude Highly Correlated
Components

In this section, correlation analysis was used to exclude
highly correlated components in our study. Tables V and VI
show the results of the correlation matrix for the eight shape
components in the two study areas, and Tables VII and VIII
show the results of the correlation matrix for the seven textural
components in the two study areas. With respect to the shape
components, it is assumed that if the two components are highly
correlated, then the component with a lower average absolute
correlation will be selected for further investigation, along with
the rest shape components.
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TABLE I
CORRELATION MATRIX FOR EIGHT SHAPE COMPONENTS IN STUDY AREA 1

: area; : compactness; : convexity; : elongation; : form factor;
: rectangular fit; : roundness; and : solidity.

TABLE II
CORRELATION MATRIX FOR EIGHT SHAPE COMPONENTS IN STUDY AREA 2

: area; : compactness; : convexity; : elongation; : form factor;
: rectangular fit; : roundness; and : solidity.

Both Tables I and II show that compactness has high corre-
lation with the form factor, and the correlation coefficients are
0.942 and 0.969, respectively. At the same time, Table I shows
that the rectangular fit has high correlation with compactness
and solidity, and the correlation coefficients are 0.883 and 0.937,
respectively. In Table II, these two correlation coefficients are
also significant, which are 0.875 and 0.723, respectively. In ad-
dition, Tables I and II show that the form factor has lower av-
erage absolute correlation than compactness, and rectangular fit
has similar or lower average absolute correlation than solidity.
Therefore, six shape components (i.e., area, convexity, elonga-
tion, form factor, rectangular fit, and roundness) were chosen
for further investigation in the following experiments.
Similarly, according to the results presented in Tables III and

IV, the dissimilarity has high correlation with the contrast, and
the correlation coefficients are 0.920 and 0.931, respectively.

TABLE III
CORRELATION MATRIX FOR SEVEN TEXTURAL COMPONENTS IN

STUDY AREA 1

: contrast; : correlation; : dissimilarity; : energy;
: entropy; : homogeneity; and : variance.

TABLE IV
CORRELATION MATRIX FOR SEVEN TEXTURAL COMPONENTS IN

STUDY AREA 2

: contrast; : correlation; : dissimilarity; : energy;
: entropy; : homogeneity; and : variance.

The average absolute correlation of contrast is less than that
of the dissimilarity. As a result, six textural components (i.e.
contrast, correlation, energy, entropy, variance and homo-
geneity) were chosen for further investigation in the following
experiments.

E. Class Separability Analysis to Evaluate
Different Components

In the analysis of class separability, the mean and vari-
ance of the training samples of each shape and textural
component are calculated. Further, the Bhattacharyya distance

between a class pair of each component is computed by [54]

(1)

However, the Bhattacharyya distance cannot be directly used
for the multiclass feature selection. Therefore, for each compo-
nent, the minimum Bhattacharyya distance among all
class pairs representing the distance in the worst case is selected
as an indicator for the discriminatory power of the features in
the multiclass case [55]. The results of for both shape
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TABLE V
RESULT OF AVERAGE BHATTACHARYYA DISTANCE FOR SHAPE AND TEXTURAL

COMPONENTS IN STUDY AREAS

: area; : convexity; : elongation; : form factor; : rectangular
fit; : roundness; : contrast; : correlation; : dissimilarity;

: energy; : entropy; : homogeneity; and : variance.

and texture components in study areas 1 and 2 are shown in
Table V.
From Table V, we can see that 1) in study area 1, the sep-

arability of these components is at an average level of 0.06
[exception cases are a lower value (0.0073) for elongation and
two higher values (0.1120 and 0.1299) for energy and entropy],
and 2) in study area 2, the component separability is at an av-
erage level of 0.02. As a result, a total of six shape components
and six texture components were finally used for the following
experiments.

IV. RESULTS AND DISCUSSION

A. Result of Finding Significant Components Using SVM

In the experiment, the potential component set included the
spectral features, eight shape features, seven textural features
and one height feature. Since HyMap data covers 126 bands
and ROSIS data covers 103 bands, the training and classifica-
tion of all spectral bands take a rather long time. Therefore, the
spectral components in the experiment are replaced by the first
ten principal components of the spectral feature employing prin-
cipal component analysis [54], and the textural components are
analyzed based on the second principal component.
On the basis of the results obtained by excluding highly cor-

related components, SVMwas adopted to test the potential con-
tribution of each component in classifying urban land cover.
In the experiments of study areas 1 and 2, 14 scenarios (for
study area 1) and 13 ones (for study area 2) was tested: Sce-
nario 1 considers the spectral components only, Scenarios 2 to
7 consider the spectral components and a single-shape compo-
nent, Scenarios 8 to 13 consider the spectral components and a
single textural component, and Scenario 14 considers the spec-
tral components and the height component (only for study area
1). Tables VI and VII present the classification accuracy of these
scenarios for each land cover class, as well as the overall accu-
racy and Kappa coefficient of study areas 1 and 2.
From the results in Table VI, we can see first that in study area

1, among the six shape components, area has the greatest effect
on the classification accuracy, increasing the overall accuracy by
2.3%. The convexity, elongation, form factor, and rectangular
fit have positive effects on the classification. Roundness has no
significant effect on the overall or average accuracy, which de-
creases the average accuracy slightly while increasing the ac-
curacy for built-up areas by 1.2%. Therefore, we conclude that
area, convexity, elongation, form factor, and rectangular fit are

suitable shape components for improving the accuracy of classi-
fying urban land cover in study area 1. Second, as far as textural
components are concerned, Table VI shows that the contrast is
the best textural component in terms of the overall accuracy
achievable. Comparing with the other textural components, the
correlation, energy, and homogeneity perform relatively poorly
in the classification experiment. Third, the mean relative height
also has high potential in classifying urban areas, increasing the
average accuracy by 2.1% in study area 1.
From the results in Table VII, we can see that first in study

area 2, the shape components improve greatly the classification
accuracy. All shape components, except rectangular fit, improve
the overall classification accuracy by 5.2% to 14.3%. Round-
ness performs the best among six shape components; the overall
classification accuracy reaches 93.3%. Second, for textual com-
ponents, the overall classification accuracy is beneficial from
all textural components, the classification accuracy is increased
by 0.6% to 4.4%. At the same time, entropy performs the best
among all textual components.
Therefore, based on the above discussion on the experimental

results in the two study areas, we can conclude that although
the contributions of these components are different, the classi-
fication accuracy can be improved generally. However, several
components shows different effects on classifying similar urban
land cover classes, e.g., rectangular fit improves the classifying
accuracy in study area 1, yet decreases the accuracy in study
area 2. Homogeneity shows negative effects in study area 1 but
improves the accuracy in study area 2. The reason for this trend
is the different characteristics of the ground land cover classes
and the spatial resolution of the imagery. For example, in study
area 1, the buildings are more regular than that of in study area 2.
Therefore, rectangular fit works well in study area 1. To inves-
tigate how these components affect the classification accuracy,
detailed analysis of the impacts of different components on clas-
sifying urban land cover classes is discussed in the following
section.

B. Effects of Different Components on Classifying Urban
Land Cover Classes

1) Classification Tests Using Different Component Sets: Fif-
teen scenarios for study area 1 and seven scenarios for study
area 2 were designed to evaluate the different combinations
of the component set for urban land cover classification (see
Tables VIII and IX). In the tables, solid circles indicate the com-
ponent(s) used in the scenarios, while open circles indicate the
component(s) not used in the scenario. For instance, ten prin-
cipal spectral components were used in Scenario 1, and ten prin-
cipal spectral components and six shape components were used
in Scenario 5.
With respect to study area 1, Table VIII shows the following.

1) In Scenarios 1–4, in which a single type of component
is used, the spectral components are critical for classifying
urban land cover classes. The overall classification accuracy
using only spectral components reaches 81.4%, while accura-
cies using only shape components, only texture components
and only height components are 44.5%, 41.4%, and 59.9%
respectively. 2) Scenarios 4–10 test different component sets
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TABLE VI
CLASSIFICATION ACCURACIES WHEN USING THE SPECTRAL COMPONENTS AND ONE OTHER COMPONENT IN STUDY AREA 1

: area; : convexity; : elongation; : form factor; : rectangular fit; : roundness; : contrast; : correlation; : dissimilarity; : energy;
: entropy; : homogeneity; : variance; : height mean.

Class accuracy: indicates the probability that a sample from land cover map actually matches the reference data and measures the error of commission.
Average accuracy: the average value for all class accuracies.
Accuracy in build-up areas: refers to the classification accuracy except vegetation.

by combining two types of components. Scenario 6 considers
textual components and spectral components, and Scenario 7
considers the height component and spectral components, and
the overall classification accuracy increased in both cases. 3)
Scenarios 11–14 test different component sets by combining
three types of components. Scenario 13, which considers
spectral, textual, and height components, achieved high classi-
fication accuracy (i.e. 84.2%) among all scenarios. 4) Scenario
15 tests the component set using all types of components.
With respect to study area 2, Table IX shows the following.

1) In Scenarios 1–3, in which a single type of component is used,
the spectral components are critical for classifying urban land
cover classes. The overall classification accuracies using only
spectral components, only shape components and only texture
components are 79.0%, 83.1%, and 54.7% respectively. 2) Sce-
narios 4–6 test different component sets by combining two types
of components. Scenario 4 considers both shape and spectral
components, and Scenario 5 considers both textural and spec-
tral components. Scenario 4 achieves the highest classification
accuracy (i.e. 97.8%) when the shape components are accounted
for. 3) Scenario 7 tests the component set using all types of com-
ponents, and it reaches a classification accuracy of 91.7%.
In Table VIII, Scenario 5, which considers all six shape com-

ponents and the spectra components, decreases the overall ac-
curacy; i.e., the overall classification accuracy in Scenario 5
is lower than that in Scenario 1. Scenario 11, which combines
spectral, shape and textural components, also has poor overall
classification accuracy. These results are not in accordance with
our observation in Section IV-A. The shape components are
beneficial for urban land cover classification. The decrease in
accuracy might be due to the fact that not all urban land cover
classes benefit from inclusion of these shape components (e.g.

vegetation areas never have regular size), and using the shape
components introduced “noise” into classification, and thus, the
overall classification accuracy might decrease when using the
shape components. Therefore, the effects of different compo-
nents on classifying each urban land cover class are further an-
alyzed in the following section.
2) Analysis of the Effects of Different Components on Classi-

fying Urban Land Cover Classes: In the above section, the ef-
fect of different components on the classification of urban land
cover classes was discussed in terms of the overall accuracy and
Kappa coefficient. In this section, the effect of each component
on the classification of different urban land cover classes is fur-
ther analyzed.
From the results of accuracies for each land cover class in

study area 1 presented in Tables VI and X, as well as those in
study area 2 presented in Tables VII and XI, it can be observed
that the effects of the components on the classification of dif-
ferent land cover classes are varied.
For study area 1, we can see the following. 1) Area is the only

shape component that improves the accuracy of the vegetation
class. The reason is that regions of vegetation have no regular
shape and tend to be large. 2) The height component improves
the classification accuracy of roofs, achieving an overall accu-
racy of 99.7%. Moreover, when including the height compo-
nent, the accuracy for open spaces significantly improves. The
accuracy achieved using the height mean is 82.2%, while the
classification accuracy without it is 68.8%. 3) Owing to the spe-
cial spectral characteristic of tennis courts, all scenarios achieve
100% classification accuracy for tennis courts. 4) The inclusion
of textual components improves the accuracy of classifying veg-
etation areas, and the homogeneity is themost significant textual
components among the six textual components.
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TABLE VII
CLASSIFICATION ACCURACIES WHEN USING THE SPECTRAL COMPONENTS AND ONE OTHER COMPONENT IN STUDY AREA 2

: area; : convexity; : elongation; : form factor; : rectangular fit; : roundness; : contrast; : correlation; : dissimilarity; : energy;
: entropy; : homogeneity; : variance; and : height mean.

Class accuracy: indicates the probability that a sample from land cover map actually matches the reference data and measures the error of commission.
Average accuracy: the average value for all class accuracies.
Accuracy in build-up areas: refers to the classification accuracy except vegetation.

For study area 2, we can see the following. 1) Area is the
second significant component, which improves the classifica-
tion accuracy of vegetation. This is consistent with the observa-
tions of study area 1. All textual components improve the clas-
sification accuracy of vegetation. 2) All shape components, ex-
cept convexity, improve the classification accuracy of roofs. En-
ergy, entropy, and homogeneity are the most important factors
to classify roofs. 3) For the classification of open spaces, shape
components (except rectangular fit) are proved to be helpful,
while textual components are not. 5) Four shape components,
i.e., area, form factor, rectangular fit, and roundness improve
the classification of road. 6) Shadow achieves 100% classifi-
cation accuracy for almost scenarios owing to the low spectral
reflectance on all spectral bands.
Fig. 5(a) and (b) shows the variations in accuracies achieved

using different components in the classification of four land
cover classes (vegetation, roofs, open space, and roads) of study
areas 1 and 2. In the figure, the -axis indicates the components
used in the test, and the -axis shows the corresponding varia-
tion in the classification accuracy for each class.
Fig. 5(a) shows that in study area 1, consideration of area,

contrast, energy, entropy, homogeneity, and variance is benefi-
cial in classifying regions of vegetation. The classification accu-
racy for both roofs and open space is improved using the height
component, while the accuracy for roads benefits from inclu-
sion of all the shapes components. Fig. 5(b) shows that in study
area 2, the classification accuracies of vegetation and roof are
improved by shape and textural components, the classification
accuracy of vegetation is improved by area, convexity, elonga-
tion, the form factor, roundness, contrast, energy, entropy, ho-
mogeneity, and variance, and the classification accuracy of roof
is improved by area, elongation, the form factor, roundness, en-
ergy, entropy, and homogeneity. Open space is beneficial greatly

from area, convexity, the form factor, and roundness, these com-
ponents improved the classification accuracies by 20% to 26%.
Table X shows that for study area 1, textual components

are helpful in classifying vegetation, and the classification
accuracies reach 97.6% respectively in Scenario 6 when using
both spectral and textural components. The height component
is critical to classifying roofs. The classification accuracy for
roofs reaches 97.6% when using only the height component in
Scenario 4. However, some combinations of different types of
components (e.g. Scenarios 5 and 11) achieve lower accuracy
than Scenario 1. A possible reason for this is that not all urban
land cover classes benefit from consideration of each type of
component.

C. Discussions

Based on the analysis of the results obtained from the experi-
ments in the two study areas, several issues are further discussed
in this section.
1) Are these multiple features useful for urban land cover
classification with airborne hyperspectral data? From the
results presented in the above experiments, the answer is
yes, that is, multiple features can improve the overall accu-
racy of classification of land covers. This conclusion can be
seen from the experiment results (in Tables VII and VIII)
in both study areas. In study area 1, by using the spectral
components and one other component, 11 of 13 compo-
nents improve the overall classification accuracy, and 11
of 12 components improve the overall classification accu-
racy in study area 2.

2) How should we choose the significant features while they
are highly correlated? It is true that from the definitions
of the shape and texture features, we can see that some
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TABLE VIII
FIFTEEN SCENARIOS TO TEST DIFFERENT COMPONENT SETS IN STUDY AREA 1

: Component(s) is (are) used in the scenario;
: Component(s) is (are) not used in the scenario.

TABLE IX
SEVEN SCENARIOS TO TEST DIFFERENT COMPONENT SETS IN STUDY AREA 2

: Component(s) is (are) used in the scenario;
: Component(s) is (are) not used in the scenario.

of them are correlated. Therefore, in order to find the sig-
nificant components, correlation analysis needs to be first

conducted for these features before the subsequent classi-
fication experiment. In our study, for the shape and tex-
tual components, it is assumed that if the two components
are highly correlated, then the one having a lower average
absolute correlation with the other seven ones should be
chosen as a significant component. In addition, these fea-
tures should be further analyzed based on the users’ knowl-
edge and experiences.

3) How have these features affected the classification result?
From the results in the above experiments, we can see that
some features have different impacts on the classification
result in the two study areas. For example, in study area 1,
roundness has no significant effect on the overall or av-
erage accuracy, while in study area 2 roundness performs
the best among all the six shape components. The reason
responsible for this trend lies in the landscape of the classes
of interest. In study area 1, the landscape of the study area is
a traditional town, and buildings and roads aremore regular
than those of in study area 2, which is a university (where
buildings are not as regular as those in a traditional city).
Therefore, the selection of the significant features should
be analyzed based on the understanding of the character-
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TABLE X
CLASSIFICATION ACCURACIES OF DIFFERENT COMPONENT SETS FOR DIFFERENT LAND COVER CLASSES IN STUDY AREA 1

Scenario: the number of the scenarios in Table IX.
Class accuracy: the probability that a sample from land cover map actually matches the reference data and measures the error of commission.

TABLE XI
CLASSIFICATION ACCURACIES OF DIFFERENT COMPONENT SETS FOR

DIFFERENT LAND COVER CLASSES IN STUDY AREA 2

Scenario: the number of the scenarios in Table X.
Class accuracy: the probability that a sample from land cover map actually
matches the reference data and measures the error of commission.

Fig. 5. Accuracy variation due to inclusion of shape and textual components
in the two study areas: (a) study area 1 and (b) study area 2.

istics of the classes of interest, such as height information.
At the same time, the shape information should be used
based on a fine segmentation, in which the shape features
of ground objects are correctly presented.

4) The impact of segmentation on the classification result.
Segmentation is an important procedure for object-ori-
ented image classification, and fine segmentation result
greatly improves the classification accuracy. In particular,
the quality of shape features is related to the result of
segmentation. As a result, high-quality segmentation is
an essential prerequisite for the subsequent classification
when using additional shape features.

V. CONCLUSION

This paper investigated the potential effects of spectral,
shape, textural, and height components on the classification
of urban land cover using remotely sensed hyperspectral data
with high spatial and spectral resolutions and determined the
combination of components that achieves the highest accuracy
in urban classification. Based on the analysis of the spectral,
shape, textural, and height characteristics of urban land cover,
the spectral component, eight shape components, one height
component, and seven textural components were investigated
for the potential effects on the classification. A correlation test
was first conducted to exclude highly correlated components.
Through various experiment scenarios with SVM method, the
most significant components affecting the classification were
found. The experimental result showed that not all urban land
cover classes benefited from inclusion of the shape, textural, or
height components in the classification.
The following results were obtained in the experiment.
1) The classification accuracy was higher when significant
components from multisource information were utilized.

2) Not all urban land cover classes benefited from the inclu-
sion of all spatial components during classification. The
characteristics of each urban land cover type must be con-
sidered.

3) Six significant shape components—area, convexity,
elongation, the form factor, rectangular fit, and round-
ness—were found as the most significant components
affecting the classification accuracy. Relative height was
effective in classifying roofs and open spaces. The texture
features were beneficial in classifying certain classes of
ground objects such as vegetated areas.

4) Overemphasis of the shape component decreased the
overall classification accuracy.
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