
1. Introduction

Urbanization has many environmental challenges,
most stem from the increase of impervious surfaces, for
instance, overcrowding, the urban heat island effect,
low air quality, and increased runoff. The spatial

technology of remote sensing represents modern data
collection that may be harnessed to support sustainable
decision making practices that can counteract the
negative consequences of urbanization. Integrated
long-term sustainable approaches to handling urban
environmental issues, as well as social and economic
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impacts are critically dependent on measuring the
extent of urbanization by measuring the area of
impervious surfaces from remotely sensed data.

Measuring the surface imperviousness of urban areas
involves classifying remotely sensed data. This process
typically produces low accuracy levels because of the
severe spectral heterogeneity (mixed pixel problem) of
images that represent the severe spatial and
compositional heterogeneity of urban areas (Ridd,
1995; Wu, 2004; Xian and Crane, 2005; Wu and
Murray, 2003). Therefore, it stands to reason that the
spatial resolution of satellite images directly influence
the quality of the classification. Traditionally, per-
pixel classifications of images representing urban
areas produce low accuracy levels, simply because the
spatial limits of the pixel at regular intervals are larger
than the urban land cover types which are frequently
sporadic. Land cover types include concrete, asphalt,
shingle, tree, grass, bush, metal, water bodies, and
exposed rock and soil. Extensions to per-pixel are sub-
pixel and object-oriented classification. Respectively,
these allow multiple land cover types to be represented
by a single pixel, and to allow groups of pixels to be
aligned as one urban entity.

When determining sub-pixel land covers, a statistical
technique called Linear Spectral Mixture Analysis
(LSMA) calculates the gradation of urban
imperviousness using a linear regression model of high
and low albedo endmember fractions. As for object-
based approaches, they not only incorporate spatial
information but also the concept of expert knowledge
into the process, and are particularly useful for change
detection when the same land cover objects need to be
identified at multiple time periods (Zhou et al., 2008).

This paper compares these three techniques, per-
pixel, sub-pixel, and object-oriented are by demonstrating
their accuracy levels for measuring surface
imperviousness from two satellite sensor images (one
at a high spatial resolution of 2.4 m from the QuickBird
sensor, and the other from a medium spatial resolution

of 30 m from the Landsat TM sensor). - Both images
cover the city of Phoenix, Arizona where urbanization
has been rapid and flash floods common. Accuracy
levels for the three classifications are measured with
reference to 30 ground truth samples. In terms of the
statistical framework for calculating surface
imperviousness, the per-pixel image classification is
firstly unsupervised to identify prior knowledge on
possible candidate spectral classes, and then supervised
using the stochastic maximum-likelihood rule to
produce pixels representing imperviousness or non-
imperviousness. In contrast, the sub-pixel classification
is a LSMA that measures the gradation of
imperviousness while the object-oriented classification
considers scale parameters and expert decision rules as
well as a nearest neighbor classifier for measuring the
linear and angular impervious objects. Overall, the
object-oriented approach provides more accurate
results than those achieved by per-pixel. It is also clear
that the sub-pixel produces more accurate results when
measuring levels of intensive and dense impervious
areas from low spatial resolution imagery.

Accurate measurements of impervious surfaces play
a significant role in urban environment and urban land
use planning. Recent work in using remotely sensed
imagery have given rise to the belief that it may be
possible to obtain fine resolution spatial data for a range
of applications (Wu, 2007) and to develop new
approaches such as object-oriented and sub-pixel
analysis. Classification of high spatial resolution remote
sensing data is a decisive method to obtain urban land
use land cover information (Yuan and Bauer, 2006).
example images from the IKONOS sensor have been
useful for applications of resource management (Goetz
et al., 2003; Lee and Lathrop, 2005; Lee and Lathrop,
2006; Sawaya et al., 2003). Yuan and Bauer (2006)
compared two methods of object-based and per pixel
classification with the high spatial resolution of
QuickBird satellite data for mapping urban land use and
land cover, while Shackelford et al. (2003) went further
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and combined those methods to extract impervious
surfaces. The object-based approach provides a means
to incorporate spatial information and expert
knowledge into the process of change detection (Zhou
et al., 2008). Although, it is important to note that an
object-based approach is more computationally
intensive than a purely pixel based method.

In contrast to per-pixel the LSMA is a sub-pixel
analysis based on modeling image spectra as the linear
combination of endmembers. It has been used to derive
the fractional contribution of endmember materials to
image spectral (Dennison and Roberts, 2003), and as
data source for monitoring the quality of urban
environments, such as measuring water pollution
(Phinn et al., 2002). In addition, Lu et al. (2006)
explored the extraction of impervious surface
information from Landsat Enhanced Thematic Mapper
(ETM) data based on the integration fraction images
from LSMA, and Lu and Weng (2007) developed an
analytical procedure based upon a spectral unmixing
model for characterizing and quantifying urban
landscape. Phinn et al. (2002) compared traditional
image classification and aerial photographs
interpretation with a constrained LSMA, and found that

the V-I-S fraction images derived from LSMA of a
Landsat TM image and provided a better classification
result than per-pixel classification and aggregated air
photographic interpretation. Estimating the distribution
of impervious surface, a major component of the V-I-
S model, is important in monitoring urban areas and
understanding human activities (Ridd, 1995; Wu and
Murray, 2003). Wu and Murray (2003) used SMA to
analyze impervious surface distribution and found that
impervious surface can be estimated using a linear
regression model of low and high albedo endmember
fractions. Research of object-oriented analyses using
high resolution imagery is constantly expanding; most
is used to obtain urban land use land cover information
(Yuan and Bauer, 2006).

2. Study Area and Data

Our study compares three different classification
methods - per-pixel, sub-pixel and object-oriented
algorithms using satellite sensor images representing
the city of Phoenix, Arizona, US. Phoenix is one of the
fastest growing cities in the United States (Fig. 1). The
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Fig. 1.  Study area and data.



urbanization of Phoenix has had a negative impact by
reducing the area of open spaces, many of them
vegetated.. The city is situated on a plain surrounded
by deserts and mountains, which are responsible for its
topographic heterogeneity (Jenerette et al., 2001). We
selected 30 sample sites based on visual land use and
land cover characteristics through fieldwork and other
high spatial resolution imagery. When considering
residential land use types, sample sites are divided into
several of downtown; dense/medium/less residential
areas, residential areas with a high proportion of

vegetation cover, residential areas with a low
proportion of vegetation cover, and high vegetated/
undeveloped vacant areas (Table 1 and Fig. 2).

Landsat TM and QuickBird satellite images are
widely used for land use and land cover mapping.
However, the spatial resolution of remote sensing data
is a key issue that should be considered for research
topics and study areas. Thus different spatial resolutions
can influence classification methods and accuracy
assessments. In our study, Landsat TM sensor data
taken on May 19, 2009 at 30 meter spatial resolution
were used for per-pixel and object-oriented
classification, and QuickBird sensor data taken on April
23, 2009 at 2.4 meter spatial resolution were used to
measure the area of impervious surfaces using per-pixel
and object-oriented classification, and for accuracy
assessment of sub-pixel classification (Fig. 1).

3. Methods and Analysis

Urban areas are composed of diverse materials, and
spectral features, which are the number, locations, and
bandwidths of spectral bands, are key elements to
determine and extract land cover information (Weng,
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Fig. 2.  Study area: 30 sample sites.

Table 1.  Land use land cover and residential land use types of 30 sample sties
Sample Types Sample ID Characteristics

Downtown Phoenix/urban
areas

7 and 9/ 17,
20, 29, 30

Downtown Phoenix: more than 75% of impervious surfaces based on industrial
and commercial land uses
Urban areas: less than 75% of impervious surfaces based on industrial and
commercial land uses

High-density residential 4, 5, 8, 16,
23, 24

It is used for more intense land uses and it includes multi-family housing such as
apartments, townhouses, condominiums, and manufactured home parks

Medium-density residential 13, 14, 15,
21, 25

The residential density range should not exceed four dwelling units per acre such
as manufactured home parks

Low-density residential 2, 3, 12
It is mainly used for single-family residential areas and should not exceed three
dwelling units per acre. The land uses are mixed uses, such as duplexes and
townhouses

Residential area with high
vegetation 19, 22 Mixed land uses of residential areas and less than 50 % of vegetation cover

Residential area with low
vegetation

10, 20, 
27, 28 Mixed land uses of residential area and more than 50 % of vegetation cover

High vegetated / vacant 1, 6/ 11, 18 More than 50% of vegetation covers or vacant areas without considering land uses



2012). We measured information on imperviousness in
a desert city and compared the output of three different
classification methods; per-pixel, sub-pixel, and object-
oriented algorithms (Fig. 3). First method is per-pixel
classification, which can label each pixel only with one
class. When using data of medium-low spatial
resolution, per-pixel classification can cause problems
of mixed-pixel and spectral confusions. Therefore, we
conducted the per-pixel classification using high spatial
resolution data and sub-pixel and object-oriented
classification to avoid the problems. Sub-pixel
classification is a technique which estimates percent
imperviousness directly from multispectral image data
through the process of detecting whole pixels and sub-
pixel occurrences of a material of interest from image
pixels (Civco et al., 2002; Justice and Rubin, 2003;
Huguenin et al., 2004; Lee and Lathrop, 2005; Hurd et
al., 2006; Yuan and Bauer, 2006). Object-oriented
approach is based on a group of pixels, called ‘objects’.
This object is identified as one class, and one pixel can
have only one class. Then, we compared the results of
accuracy assessment for per-pixel, sub-pixel, and
object-oriented classification.

1) Per-pixel Classification
The first method is traditional per-pixel classification

with the combined methods of unsupervised and
supervised techniques. We conducted unsupervised
classification based on 100 classes and 20 iterations,
and then select signature sets for each class. Using
signature sets, we conducted supervised classification
based on maximum likelihood rules (Fig. 4). When
using maximum likelihood classification without prior
probability information, it decides unknown
measurement vector X in in class i, if (Jensen, 2005)
                                      Pi ≥ Pj                                        (1)

For all i and j out of 1, 2, ,……….m possible classes
and

     Pi = _ loge |Vi | _ [ (X _ Mi)T Vi
_1 (X _ Mi)]       (2)

Where Mi is the mean measurement vector for class
i and Vi is the covariance matrix of class i. In order to
assign the measurement vector X of an unknown pixel
to a class, the maximum likelihood rule calculates the
value Pi for each class (2). Next, it assigns the pixel to
the class that has the largest value which called the
maximum value (Jensen, 2005).

1
2

1
2
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Fig. 3.  Classification method of per-pixel, sub-pixel, and object-oriented algorithm.



The traditional classification of mixed pixels may
lead to information loss and degradation of
classification accuracy. Therefore, we conducted the
classification for both Landsat TM and QuickBird
images to compare the outputs between per-pixel
classifications using medium spatial resolution of 30
meter and high spatial resolution of 2.4 meter. Sub-
pixel analysis also provides the relative abundance of
surface materials within a pixel and might be
appropriate for when using medium or coarse spatial
resolution satellite images, such as those from the
Landsat TM sensor.

2) Sub-pixel Classification
LSMA is a type of sub-pixel classification, and it is

based on the linear mixing of “pure” spectral
endmembers (Adams et al., 1993). This technique
models the observed image spectra as linear
combinations of a set of endmember spectra, and
endmember us defined as being materials that are
spectrally unique in the wavelength bands (Adams et
al., 1993; Roberts et al., 1998). Endmember selection
is an important step in LSMA because it is directly

associated with the accuracy of impervious surface
classification. The tools of Minimum Noise Fraction
(MNF) and Pixel Purity Index (PPI) are used to select
endmembers. MNF is used to determine the inherent
dimensionality of image data, to segregate noise in the
data, and to reduce the computational requirements for
subsequent processing. Each spectrum can be denoted
as the sum of signal (Si) and noise (ei) (3) (Berman et
al., 2012):
                                  Xi = Si + ei                                    (3)

If the signal and the noise are uncorrelated (Berman
et al., 2012),
                                ΣX

T = ΣX
S + ΣX

N                                 (4)

Where cov(Xi) = ∑X
T, cov(Si) = ∑X

S, and cov(ei) = ∑X
N.

for all i. They mean the total, signal, and noise
covariance matrices, respectively (4) (Berman et al.,
2012). MNF aids to separate noise information by
determining the true or inherent dimensionality of the
data (Wu and Murray, 2003). MNF components are
obtained from the reflectance image. The first three
MNF components exhibit consistent contrasts
differentiating imperviousness, vegetation, and soil
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(Fig. 5).
PPI identifies pixels that are spectrally the most pure

in the scene, and endmembers can be identified from
the spectral of pure pixels (Adams et al., 1993; Roberts
et al., 1998) (Fig. 5). PPI is used to find the most
spectrally pure or extreme pixels in multispectral
images. It is computed by repeatedly projecting n-
dimensional scatter plots into a random unit vector, PPI
image is from the Digital Number (DN) of each pixel
correspond to the number of times that pixel was
recorded as extreme. Brighter pixels indicate more
spectrally extreme or pure (Chaudhry et al., 2006;
Wenze et al., 2006). The process is as following:
                    dp = Σn

i = 1 Pixel[i]Skewer[i]                      (5)

Where dp is the PPI score and all the data samples
are projected onto Skewer[i] to find sample vector at
its extreme positions to form an extrema set for the
Skewer[i], denoted by Pixel[i]Skewer[i] (5) (Chaudhry et
al., 2006; Wenze et al., 2006).

The endmembers are chosen from the feature spaces

and their related interpretations of the reflectance data.
These endmembers are vegetation (agriculture, golf
course, grass and other vegetation), dark impervious
(asphalt, etc.), bright impervious (concrete, etc.), and
soil (Fig. 6). The endmembers of dark impervious,
bright impervious, vegetation, and soil are selected
from spectral library. A spectral library is used for
spectrum identification and feature extraction of
impervious surfaces, vegetation, and soil. Four
endmembers, vegetation, dark and bright impervious
surface, and soil, are chosen to model heterogeneous
urban composition using a constrained SMA model.
Impervious surface shows the most significant
brightness variation, with spectra ranging from low
albedo of dark impervious (asphalt, shade, etc.) to high
albedo of bright impervious (e.g. glass, white, orange,
and brown buildings and infrastructures).

Dar impervious surface has the lowest reflectance,
while bright impervious surface has the highest
reflectance for each band (Wu, 2004). There are some
brightness variation of impervious surfaces due to the
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Fig. 5.  MNF component 1(a), MNF component 2 (b), and MNF component 3(c).
(a) (c)(b)



variability of manmade materials used for housing,
apartments, infrastructure, and road construction.
Unmixing solves a set of n linear equations for each
pixel, where n is the number of bands in the image. The
linear spectral mixture model describes the surface
composition in each pixel of an image using four
endmembers. The linear spectral mixture model
(Adams et al., 1993; Roberts et al., 1998; Wu and
Murray, 2003; Lu and Weng, 2004; Lee et al., 2005;
Lee et al., 2006; Lu et al., 2006) is:
                           Rb = Σn

i = 1 fi Rib + eb                             (6)

where Rb is spectral reflectance for each band b of
a pixel, n is the number of endmembers, fi is the

fraction of an endmember i, Rib is the spectral reflectance
of endmember i in band b, and eb is unmodeled
residual (6).

3) Object-oriented Classification
The object-based approach incorporates spatial

information and expert knowledge into the classification.
Object-oriented analysis is generally divided into three
steps. First of all, multi-resolution segmentation divides
an image into objects. The whole image is segmented
and image objects are generated based upon several
adjustable criteria of homogeneity or heterogeneity
(Baatz et al., 2000). The quality of classification is
influenced by segmentation quality. The second step is
classification using decision rules. A multi-resolution
segmentation and decision rules are based on spectral
properties and relationships between image objects at
different levels (Conchedda et al., 2008) (Table 2). The
fuzzy decision rules for classification are widely used
to classify land use and land cover. They allow the
integration of a broad spectrum of different object
features such as spectral values, shape or texture for
classification (Harayama and Jaquet, 2004) and reduce
complexity to a condensed crisp set of end-membership
functions to solve mixed pixel problem (de Kok et al.,
1999). Finally, training samples of each class are
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Table 2.  Decision rules for object-oriented classification
Class Decision Rules

Vegetation
Tree NDVI (>0.2), Brightness (<750), Scale parameter 10
Grass NDVI (>0.2), Brightness (>= 750), Scale parameter 10

Soil
Tan Soil 1190< PCA3< 1510, Ratio PCA3 >0.155, Scale parameter 25

Dark Grey Brightness> 720, Mean4 <635, Ratio Mean3 <0.12, Scale parameter 25

Building
White Brightness> 1030, NDVI <0.18, Mean1 >700, Mean3 >1000, Scale parameter 25
Grey Ratio PCA2 <0.17, NDVI <0.09, Scale parameter 25

Dark Impervious Brightness < 700, Ratio Mean4 <0.13, and MaxDiff <1.8, Scale parameter 25
Water Brightness <467, MaxDiff >1.73, Mean2 <391, Scale parameter 25

Note: Brightness (sum of the mean values of those seven bands divided by their quantity computed for an image object);
Mean1(mean value of blue layer); Mean2 (mean value of green layer); Mean3 (mean values of red layer); Mean4: (mean
value of NIR layer); PCA1 (mean value of principal component 1 layer); PCA2 (mean value of principal component 2
layer); Ratio Mean3 (ratio value of Mean3); Ratio PCA2 (ration value of PCA2); and MaxDiff (the maximum difference
of brightness index is the difference between the minimum mean value of an object and its maximum value. It is normalized
by the brightness values)

Fig. 6.  Endmember collection spectra.



selected for nearest neighborhood classification. For
nearest neighborhood classification, based map is based
on scale parameter of 25. For the best result, this study
repeats these steps, and merges the results of
classification which are based on decision rule and
nearest neighborhood (Fig. 7). The strengths of object-
based analysis are to utilize spatial relations, object
features, and expert knowledge for change detection. It
is important to note that an object-based approach is
more computationally intensive than a pixel based

method.

4. Analysis and Results

Our results compare how well impervious surfaces
are classified from satellite imagery using per-pixel,
sub-pixel, and object-oriented techniques. Medium
spatial resolution imagery data from the Landsat TM
sensor was classified as imperviousness using Per-pIxel
(LPI), and Sub-pIxel (LSI). Imperviousness from the
high spatial resolution QuickBird sensor was also
classified using Per-pIxel (QPI), and by Object-orIented
(QOI). When addressing the mixed-pixel problem as a
result of the per-pixel classification using medium or
coarse spatial resolution imagery (LPI), we conducted
sub-pixel classification using medium resolution
imagery (LSI), and classifications using high spatial
resolution imagery (QPI and QOI). When using
medium spatial resolution imagery data of Landsat TM,
imperviousness information of sub-pixel classification,
especially, is more accurate than the output of per-pixel
classification (Fig. 8). However, Landsat TM with 30
m spatial resolution still has limited use for extracting
vegetation cover over an arid city even though we used
sub-pixel analysis to alleviate the mixed pixel problem
in the Landsat TM sensor image. After conducting per-
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Fig. 7.  Object-oriented classification.

Fig. 8.  Original Landsat TM image of false color composite (a) and outputs of per-pixel (b), impervious surfaces of sub-pixel
classification (c) from Landsat TM.

(a) (c)(b)



pixel and object-oriented classification using high
resolution imagery of QuickBird, we compared the
outputs of per-pixel and object oriented classification
methods (Fig. 9). Output of object-oriented approach
has clearer boundaries and classification for features of
buildings and trees compared to the output of per-pixel
classification. More specifically, buildings and
boundaries between tree and grass of object-oriented
classification are clearer than output of per-pixel
classification. As we expected, the output of object-
oriented classification using QuickBird satellite image
of 2.4 meter high spatial resolution is the most accurate
compared to the outputs of sub-pixel classification
using Landsat TM of medium spatial resolution and
per-pixel classifications both using Landsat TM and
QuickBird sensor images.

For accuracy assessment, we selected 352 randomly
sample points from 30 sample sites based on land use
and residential landscape types in the city of Phoenix.
We collected ground-truth samples using a Trimble
GeoXT handheld GPS as well as high spatial resolution
data from Google Earth Imagery. Overall accuracy as
well as producer accuracy and user accuracy were
calculated, as well as the Kappa value, K, which is used
to measure agreement between modeled value and
reality value. It is computed as (7) (Stehman, 1996):

                   K =                      (7)

where N is the total number of sites in the matrix, r
is the number of rows in the matrix, xii is the number
in row i and column i, x+i is the total for row i, and xi+
is the total for column I (Stehman, s1996). The overall
accuracy of LPI is 67% and the Kappa values is 0.48
(Table 3). There are some mixed pixel problems
between soil and vegetation and impervious surface,
and between vegetation and impervious surface. The
overall accuracy (83%) and the Kappa value (0.74) of
QPI are higher than those of using Landsat TM image
(Table 4). Additionally, QOI is more accurately
estimated with the overall accuracy value of 91% and
kappa 0.86 although there is some confusion between
soil and other land cover types of vegetation and
impervious surface (Table 5). That is to say, as we
expected the results, the object-oriented classification
using QuickBird satellite sensor image produced the
highest overall accuracy and highest Kappa value. The
results also indicate that high spatial resolution imagery
can be helpful to obtain more accurate impervious
information and object-oriented classification is
beneficial to solve the mixed-pixel problems of per-
pixel classification.

For sub-pixel accuracy assessments, accuracy

Σr
i = 1 xii

_ Σr
i = 1 (xi+ + x+i)

N2 _ Σr
i = 1 (xi+ + x+i)
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Fig. 9.  Original QuickBird image of false color composite (a) and outputs of per-pixel (b) and object-oriented classification (c) from
QuickBird.

(a) (c)(b)



measures are based on the correlation between modeled
fractions and referenced fractions from the QuickBird
sensor image. The classification accuracy of a relatively
new generation of images such as QuickBird can be
expected to be very high (> 95%) because QuickBird
image has a high spatial resolution of 2.4 m (Xian
2008). The correlation is evaluated by the slope, the
intercept, and the R square. In an ideal case, the slope
is 1, the intercept is 0, and the R square value
approaches 1. The result is “Y (modeled: SMA) =
0.872X (referenced: QuickBird) + 0.066”, and the R
square value of 0.873 shows that this model is well
estimated. Additionally, there are two types of error
measurements to evaluate the accuracy of the fraction

estimation. Root Mean Square (RMS) is the average
absolute value of difference between modeled and
measured fraction values for considering individual
cases. Bias means the difference between the modeled
fractional value and reference fractional value of
impervious surface (Powell et al., 2007). The RMS and
bias for every image pixel are calculated to assess the
performance of this model. The RMS model is assessed
by the residual term eb or the RMS (8) (Wu and
Murray, 2003; Powell et al., 2007) over all bands (M):

                        RMS = (ΣM
b = 1 eb

2/M)                           (8)

Bias is the average of the error, and it indicates
overall trends in overestimated or underestimated

1
2
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Table 3.  Accuracy assessment of per-pixel classification using Landsat TM imagery

Landsat Per-pixel
Reference

User Accuracy
Vegetation Impervious Soil Other Sub Total

Class

Vegetation 50 5 2 0 57 87.72
Impervious 37 142 23 4 206 68.93

Soil 14 25 37 4 80 46.25
Other 1 0 0 8 9 88.89

Sub Total 102 172 62 16 352 OverallAccuracy 67%
Producer Accuracy 49.02 82.56 59.68 50.00 Kappa 0.48

Table 4.  Accuracy assessment of per-pixel classification using QuickBird imagery

QuickBird Per-pixel
Reference

User Accuracy
Vegetation Impervious Soil Other Sub Total

Class

Vegetation 99 7 6 0 112 88.39
Impervious 8 130 12 3 153 84.97

Soil 7 16 52 1 76 68.42
Other 0 0 0 11 11 100.00

Sub Total 114 153 70 15 352 Overall Accuracy 83%
Producer Accuracy 86.84 84.97 74.29 73.33 ? Kappa 0.74

Table 5.  Accuracy assessment of object-oriented classification using QuickBird imagery

QuickBird Object-oriented
Reference

User Accuracy
Vegetation Impervious Soil Other Sub Total

Class

Vegetation 106 4 4 0 114 92.98
Impervious 4 151 9 0 164 92.07

Soil 3 7 53 0 63 84.13
Other 0 1 0 10 11 90.91

Sub Total 113 163 66 10 352 Overall Accuracy 91%
Producer Accuracy 93.81 92.64 80.30 100.00 ? Kappa 0.86



estimation (Powell et al., 2007):
                       bias = Σn

i = 1 (Zfki
_ Zrki)/n                        (9)

where Zfki is the modeled fractional value of land-
cover component k measured at pixel i, Zrki is reference
fractional value, and n is the number of samples (9)
(Powell et al., 2007). Results present that the overall
estimation RMS is 9.36%, and bias is 0.0017 for all
samples. It means that this model presents
imperviousness information even if it tends to
overestimate or underestimate. The accuracy value of
imperviousness is 0.87. The results indicate that per-
pixel classification using high spatial resolution
imagery and improved classification algorithms are
useful to improve accuracy of land use and land cover
classification.

Overall, outputs for imperviousness of sub-pixel
classification using medium spatial resolution imagery
and per-pixel and object-oriented classifications using
high spatial resolution imagery indicate similar results
except for the per-pixel classification of medium spatial
resolution imagery. The selected samples are divided
into seven types of downtown Phoenix (sample ID: 7
and 9)/ urban areas (sample ID: 17, 20, 29, and 30),
high-density residential area (sample ID: 4, 5, 8, 16, 23,
and 24) , medium-density residential area (sample
ID:13, 14, 15, 21, and 25); low-density residential area
(sample ID: 2, 3, and 12); residential area with a high
proportion of vegetation (sample ID:19 and 22);
residential area with a low proportion of vegetation
(sample ID:10, 20, 27, and 28); and high vegetated areas
or undeveloped vacant area (sample ID: 1, 6, 11, and
18) based on visual land use land cover characteristics
through fieldwork and satellite sensor imagery.

The comparison of classification outputs shows that
sub-pixel approach with Landsat TM produces more
similar results for imperviousness with the outputs of
per-pixel and object-oriented classification from
QuickBird sensor image. However, there are some
differences between per-pixel classification using

Landsat TM sensor data and outputs of other
classifications. First, downtown Phoenix is prevalent
to high rise buildings (sample ID: 7 and 9) and there
are mainly commercial and industrial land use areas in
urban areas (sample ID: 17, 20, 29, and 30). Outputs of
downtown Phoenix areas are more similar results
among the outputs of LPI, LSI, QPI, and QOI. In
urban areas, LPI shows more overestimated tendency
(Table 6).

Next, residential areas are divided into three types of
high/medium/low-density residential areas without
considering land cover types of vegetation and soil.
Particularly, there is a large difference between per-
pixel output using Landsat sensor data and other
classification outputs in the case of dense residential
areas, which are sample ID numbers 4, 5, 8, 16, 20, 23,
and 24. It is a mixed pixel problem of medium spatial
resolution imagery. There are also some differences
between LPI and other classification outputs in
medium-density residential areas and output of LSI
shows little underestimated tendency. However, all
outputs of LIP, LSI, QPI, and QOI are similar
compared to other land use land cover and residential
land use types in the low-density residential areas
(Table 6).

We also selected two types of residential areas as
considering vegetation cover, with a high or a low
proportion of vegetation cover. For example, some
housing and apartment buildings are mainly located
along park and green spaces while others are located
near grounds and vacant areas covered soil. There are
some difference between LPI and other classification
outputs in the residential areas with a high vegetation
cover while there are similar outputs between LPI and
other classification methods in residential areas with a
low vegetation cover. Additionally, there are desert
areas prevalent to bared soil cover, high vegetation
cover prevalent shrub and grass, or undeveloped vacant
areas in Phoenix. Imperviousness of sub-pixel
classification in highly vegetated areas (sample 6 and
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11) tend to overestimate compared to the outputs of
other classifications (Table 6). However, per-pixel and
object-oriented classification using high spatial
resolution data and sub-pixel classification using
medium resolution imagery are helpful to solve mixed-
pixel and spectral heterogeneity of per-pixel
classification of coarse or medium spatial resolution
imagery.

5. Conclusion and Discussion

When we compared various approaches for
impervious surface mapping, per-pixel classification
using high spatial resolution data and sub-pixel and
object-oriented classifications are all useful for
alleviating the problems of mixed pixels and spectral
heterogeneity. Second, sub-pixel analysis provides the
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Table 6.  Comparison of imperviousness of per-pixel, sub-pixel, and object-oriented classification using medium and high spatial
resolution imagery

Sample ID Landsat Per-pixel(LPI) Landsat Sub-pixel(LSI) QuickBird Per-pixel(QPI) QuickBird Object-Oriented(QOI)
1 45.4% 41.3% 36.7% 33.1%
2 55.8% 50.9% 42.3% 50.0%
3 55.4% 45.9% 41.6% 40.0%
4 88.6% 54.5% 48.6% 47.8%
5 78.1% 55.1% 56.7% 58.1%
6 46.5% 52.8% 31.7% 38.7%
7 87.9% 73.8% 65.8% 82.8%
8 89.8% 55.3% 46.8% 46.5%
9 83.0% 72.0% 76.8% 79.4%
10 70.4% 54.9% 60.3% 51.1%
11 40.3% 52.3% 22.7% 24.6%
12 53.5% 47.0% 39.4% 40.8%
13 64.7% 45.6% 49.4% 49.0%
14 67.5% 45.5% 51.8% 56.5%
15 69.1% 41.7% 56.8% 53.2%
16 73.7% 42.5% 49.0% 47.2%
17 63.8% 44.9% 47.1% 56.3%
18 35.2% 20.9% 17.5% 19.4%
19 56.7% 40.7% 47.0% 42.8%
20 71.0% 42.3% 51.0% 46.3%
21 52.6% 30.8% 42.3% 38.2%
22 39.5% 41.6% 33.9% 34.6%
23 79.7% 44.1% 52.5% 53.6%
24 76.5% 43.6% 52.4% 48.0%
25 68.6% 37.3% 50.7% 47.7%
26 68.4% 43.4% 53.8% 57.0%
27 60.3% 41.1% 47.6% 42.5%
28 66.4% 42.3% 48.7% 47.2%
29 68.6% 44.9% 51.1% 47.9%
30 71.6% 57.4% 54.7% 59.8%

Note: Downtown Phoenix or urban areas (sample 7, 9, 17, 20, 29 and 30); dense residential area (4, 5, 8, 16, 23, and 24); medium
residential area (13, 14, 15, 21, and 25); less residential area (2, 3, and 12); residential area with a high proportion of
vegetation (19 and 22); residential area with a low proportion of vegetation (10, 20, 27, and 28); and high vegetated areas
or undeveloped vacant area (1, 6, 11, and 18)



relative abundance of surface materials within a pixel
and might be more accurate when using medium or
coarse spatial resolution satellite images. The
approaches have been developed for a more appropriate
representation and accurate impervious surface
estimation within a pixel. Sub-pixel classification is a
technique which estimates percent imperviousness
directly from multispectral image data through the
process of detecting whole-pixel and sub-pixel
occurrences of a material of interest from image pixels.
However, sub-pixel classification has difficulty to
assess accuracy assessment (Weng, 2010). To extract
and estimate impervious surface, spatial, spectral, and
temporal resolutions should be considered for the
selection of a proper method based on data
characteristics (Weng, 2012). Urban areas are
composed of diverse materials, and spectral features,
which are the number, locations, and bandwidths of
spectral bands, are key elements to determine and
extract land cover information (Weng, 2012). Sub-pixel
classification and alternative per-pixel classification
using high resolution imagery can be successfully
measured with similar estimation accuracy. Although
the results from pixel-based models are promising, it is
still necessary to explore whether object-based methods
can further improve the estimation accuracy. The
output of object-oriented algorithm with the QuickBird
sensor image has clearer classification for features than
that of per-pixel output from QuickBird sensor as we
expected. It is important to understand the information
of impervious surface for improving the effectiveness
for their development and management.

However, there are several limitations of our work
and suggestions for future studies. First of all, object-
oriented classification has problems of amalgamation
and shadow between land cover classes. For example,
object-oriented classification tends to amalgamate
small buildings and surrounding lawn areas together as
well as shadow problems of building and trees. For the
solution of these problems, future studies need to

perform finer-scale segmentation on shaded objects or
classify shaded objects using rule-based classification,
combining spectral information from the imagery with
class-related spatial information. Additionally, future
research needs to consider using ancillary data. For
example, LiDAR data is useful for vegetation and
urban information. It is used to distinguish between
different vegetation cover types and vertical forest
structure. It is also used to identify the location and
elevation of utility, measure accurate building
elevation, and measure the elevation characteristics of
transportation infrastructure. Therefore, combined
methods of object-oriented classification and LiDAR-
derived information are effective to measure
impervious surfaces and vegetation cover with a high
accuracy. Second, the classification needs to consider
seasonal effects between soil and vegetation cover,
especially in arid areas of Phoenix. There are some
differences of classified outputs between soil and
vegetation cover (grass) according to the seasonal
differences. Above all, future research needs to select
area-based samples, instead of point-based samples, for
more accurate accuracy assessments. Although the
object-oriented classification has several problems, it
proved to be efficient for the estimation and extraction
of urban land cover (imperviousness) information
compared to pixel-based approaches.

It is difficult to estimate and analyze urban areas,
particularly metropolitan areas, due to the highly
complex characteristics. However, object-oriented
classification techniques became efficient procedure for
the mapping and analysis of urban land use and land
cover (Kux and Araujo, 2006). Urban expansion is
needed to monitor and analyze for urban planning and
management because rapid urbanization influence on
the environment in cities. That is, it is important to
extract information of impervious surfaces for urban
environment. These remote sensing techniques for
estimation of impervious surface might be solutions to
support sustainable decision making in urban
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