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Spectral mixture analysis has been frequently applied in various fields to solve the
mixed pixel problem in remote sensing. So far, all the research in mixture analysis has
focused on the sub-pixel analysis, i.e., selecting endmembers and conducting mixture
analysis at the pixel level. Research efforts in mixture analysis at the object level are
very scarce, even though the object-based image analysis (OBIA) techniques have
been well developed. In this study, we examined the applicability of object-based
mixture analysis in an urban environment using a Landsat Thematic Mapper image.
Informative and accurate object-based fraction maps (vegetation, impervious surface,
and water) were produced by combining the OBIA and multiple endmember spectral
mixture analysis (MESMA) techniques. A new approach to identifying the spectral
representatives of a specific class for MESMA was developed. The accuracy of the
object-based fraction maps were assessed using manual interpretation results of a 1-m
digital aerial photograph. Object-based mixture analysis produced a higher accuracy
than traditional pixel-based mixture analysis. This work illustrates the potential of
object-based mixture analysis of moderate spatial resolution imagery in mapping
heterogeneous urban environments.

1. Introduction

The remote sensing spectral mixing problem, i.e., multiple surface materials appearing in
one pixel, has received the research interest for many decades, as evidenced by a review in
Somers et al. (2011). A number of methods have been developed to solve this problem
with linear spectral mixture analysis (SMA) being the most commonly used. SMA models
each pixel as a linear sum of spectrally ‘pure’ endmembers (Adams, Smith, and Johnson
1986). Fraction maps demonstrating the abundance of each surface material within a pixel
can be produced. The value of SMA-derived sub-pixel fraction maps has been illustrated
in various fields (Somers et al. 2011). However, SMA may fail to generate valuable results
in heterogeneous areas with diverse endmembers when moderate spatial resolution multi-
spectral images such as Landsat Thematic Mapper (TM) data are applied. SMA requires
the number of endmembers not exceeding the number of spectral channels; thus, it only
allows a small number of endmembers to be considered in the model. Large spectral
variability within a specific class may cause major errors in SMA. In addition, SMA
assumes that the set of endmembers present in a pixel is invariable, which again may
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cause considerable errors given the fact that the type and number of surface materials are
highly variable over heterogeneous landscapes such as urban areas.

To address the problems in SMA, Roberts et al. (1998) introduced the multiple
endmember spectral mixture analysis (MESMA), which allows the number and type of
endmembers to vary for each pixel within an image. MESMA searches for the best-fit
model for each input pixel based on a spectral library with many spectra to account for the
spectral variability within a specific class. MESMA has proven valuable in mapping
natural, extraterrestrial, and urban environments using multispectral, hyperspectral, and
thermal imagery (Somers et al. 2011). It can significantly reduce the fraction estimation
errors compared with the application of SMA in heterogeneous areas. Today, MESMA is
the most widely used mixture analysis technique in remote sensing (Somers et al. 2011).

Previous applications of SMA or MESMA have concentrated on sub-pixel analysis by
selecting endmembers and conducting mixture analysis at the pixel level. An object-based
mixture analysis (i.e., selecting endmembers and conducting mixture analysis at the object
level) has never been reported in the literature. The object-based image analysis (OBIA)
has been well developed and widely applied in many fields, as reviewed by Blaschke
(2010). Townshend et al. (2000) have pointed out that a significant problem usually
ignored with pixel-based analysis of land cover type is that a substantial proportion of
the signal apparently coming from the land area represented by a pixel comes from the
surrounding pixels. An alternative solution to this problem is to use contexture procedures
in which observations from surrounding pixels are used to assist the analysis (Blaschke,
Burnett, and Pekkarinen 2004). Object-based analysis that analyses or classifies objects
instead of pixels is an effective approach to reduce this effect by integrating neighbour-
hood information. It is also known that pixel-based analysis may lead to the ‘salt-and-
pepper’ effect in mapping heterogeneous landscapes. This issue can be overcome by the
OBIA technique. A combination of OBIA and MESMA techniques may have the
potential to produce more accurate and informative fraction maps. However, research
efforts in this perspective are very limited. Mapping complex urban environments using
MESMA at the object level is even scarcer. To this end, the objective of this study is to
examine the applicability of object-based mixture analysis in an urban environment using
MESMA.

The V-I-S model proposed by Ridd (1995) is commonly used to map an urban
environment from Landsat TM data when MESMA is applied (e.g., Powell et al. 2007;
Myint and Okin 2009; Weng and Pu 2013). The V-I-S model conceptualizes an urban
environment in terms of three primary physical components: vegetation (V), impervious
surfaces (I), and soil (S) (V-I-S components), in addition to water. Most studies masked
out water from further analysis. Our study site is a city located in South Florida. In most
urban areas of South Florida, bare soil is hardly seen while water is everywhere appearing
as rivers, streams, canals, pools, lakes, and ponds. Many man-made freshwater lakes and
ponds are parts of a storm water system to manage the run-off from rainfall and help
prevent flooding. Thus, a revised V-I-S model, V (vegetation) — I (impervious surface) —
W (water) (V-I-W) model was used to characterize our study area.

2. Study area and data

The city of West Palm Beach located in South Florida was selected as our study area
(Figure 1). The city is the oldest large municipality in the South Florida metropolitan area
with a size of about 140 km?. The study site includes many typical urban land cover
classes such as low-density residential areas, high-density residential areas, commercial
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Figure 1. (a) Standard false colour composite of the TM imagery (bands 4, 3, 2 as red, green, and
blue, respectively) collected on 25 January 2005 (path/row:15/41) for the study area (26°42'27.5"N,
80°10'3.9"W) and TM-derived object-based fraction maps for (b) vegetation, (c¢) impervious surface,
and (d) water, respectively. (e) and (f) are pixel-based fraction maps for impervious surface and
vegetation, respectively.
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areas, parks, cement roads, and tar roads. Several golf courses and the Palm Beach
International Airport are also within the study area. A cloud-free 30-m Landsat TM
image collected on 25 January 2005 was downloaded from US Geological Survey
(USGS) (http://earthexplorer.usgs.gov/). The original scene was subset to extract the
study area. The thermal band (band 6) was excluded from further analysis. The remaining
six bands (from blue to short-wave infrared) were used to map the study area and examine
the applicability of object-based mixture analysis. A 1-m fine spatial resolution aerial
photograph collected on 26 January 2005 by National Aerial Photography Program was
used to validate the mapping results from TM data. The aerial photograph has been
orthorectified by the USGS as Digital Orthophoto Quarter Quads (DOQQs) products.
Both the TM data and the aerial photograph have been georeferenced into Universal
Transverse Mercator projection North Zone 17 by USGS.

3. Methodology
3.1. Image segmentation to generate image objects

To conduct object-based mixture analysis, image objects should be produced first. We
used the multiresolution segmentation algorithm in eCognition Developer 8.64.1 (Trimble
2011) to generate image objects from TM data. The segmentation algorithm starts with
one-pixel image segments and merges neighbouring segments together until a heteroge-
neity threshold is reached (Benz et al. 2004). The heterogeneity threshold is determined
by a user-defined scale parameter as well as colour/shape and smoothness/compactness
weights. The scale parameter decides the size of the objects with a small value generating
more objects (small size) and a large value creating less objects (big size). Using a smaller
value of this parameter can produce more homogeneous objects than a bigger value,
which can help endmember determination in further steps. Mixture analysis can be
applied to any objects generated from different scale parameters based on what level of
detail users want the fraction maps to present. We carried out a series of segmentations
with the scale parameter ranging from 2 to 8, at an interval of 1 to determine an optimal
value that can create objects well representing patches of trees, grass, impervious surfaces,
and water. A scale parameter of 3 was found to be optimal for endmember selection
through visual examination. A bigger value of 10 was set for this parameter to create
objects for mixture analysis. All six bands of the TM data were set to equal weights.
Colour/shape weights were set to 0.9/1.0 so that spectral information would be considered
most heavily for segmentation. Smoothness/compactness weights were set to 0.5/0.5 so as
to not favour either compact or non-compact segments. Following the segmentations, the
spectral mean of each object was extracted for endmember selection and mixture analysis.

3.2.  Object-based endmember selection

The image-based endmember selection method is frequently applied in mixture analysis
because the selected endmembers have the same systematic errors and scale as the image
to be unmixed. So far, all researchers conducted the pixel-based endmember selection
with the Pixel Purity Index (PPI) method proposed by Boardman, Kruse, and Green
(1995) as the most commonly used. For this study, we conducted an object-based end-
member selection, i.e., selected endmembers at the object level using image objects
instead of pixels. Three advantages can be found for the object-based endmember selec-
tion compared with the pixel-based one. (1) A ‘pure’ object is more representative for a
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land cover type than a pixel. As mentioned in Section 1, the signal recorded at the sensor
for a single pixel is affected by the spectral properties of surrounding pixels. Using the
average of the spectra of all pixels within an object can reduce this effect. (2) Shadow/
shade within an object can be spectrally ‘filtered out’ by using the spectrum of an object,
which will reduce the complexity of endmember library construction and MESMA
models. (3) Additional object-based spatial features (e.g., texture) can be extracted for
each object, which may have the potential to improve endmember selection (Rogge et al.
2007) as well as decrease fraction estimation errors by including more endmembers in the
mixture model. We applied the PPI algorithm to identify ‘pure’ objects by calculating the
PPI score for each object first and then extracted all the potential endmember objects
using a threshold to the PPI scores. To refine the endmember objects, the vector polygons
of these objects were projected to the DOQQ imagery and wrong endmember objects
were manually removed.

3.3. Determination of representatives for each physical component

The final identified endmember objects were generalized into three physical components:
vegetation, impervious surface, and water. Shadow/shade was not considered in this study
because most Florida cities are relatively flat and the effects of shadow/shade are small. In
addition, no pure shadow/shade object/pixel was identified in the imagery. In SMA, a
simple average spectrum of all the endmembers of a component is considered as the
representative of this component. This does not account for the spectral diversity of a
component. In MESMA, the spectral diversity within a component can be considered, but
spectral representatives of each component are commonly determined first to reduce the
complexity in computation and interpretation. Several methods have been developed in
identifying those representative spectra of a specific class, such as count-based end-
member selection (Roberts et al., 2003), endmember average root mean square error
(Dennison and Roberts 2003), and the minimum average spectral angle (Dennison,
Halligan, and Roberts 2004). All these approaches require knowledge about the spectral
characteristics to assign each spectrum to a particular class.

In this study, an unsupervised neural network, i.e., Gaussian fuzzy self-organizing
map (GFSOM) (Zhang and Qiu 2012a), combined with a statistical technique, the Student
t-test, was used to identify the representative spectra of each component. The GFSOM
was originally designed as an unsupervised classifier to produce a predetermined number
of clusters (e.g., 5) for an input image. This algorithm determines the spectral representa-
tives of the input image. A predefined number of spectral clusters of endmembers of a
component (e.g., vegetation) can be created using GFSOM. Similarity may exist for the
produced clusters; thus, the two-sample Student #-test was used to assess the similarity of
the distribution of two adjacent clusters. This statistical technique can test the similarity of
two clusters by calculating a p value. If the p value is greater than 0.05, indicating the two
clusters are basically from the same distribution, then the two adjacent clusters are
merged; otherwise, they are kept separated. The merging of the clusters can be conducted
iteratively until no more merging is needed. In this way, the number of representatives as
well as their spectra for each component can be finally determined (Zhang and Qiu
2012b). For our study area, we found two representatives for vegetation, five representa-
tives for impervious surfaces, and one representative for water. These representatives were
built as a spectral library to be used in MESMA.



Downloaded by [Florida Atlantic University] at 07:00 19 June 2014

526 C. Zhang et al.

3.4. Object-based mixture analysis

MESMA was applied to unmix each input image object. Researchers commonly started
MESMA with the two-endmember model, i.e., assuming at least two endmembers present
in each pixel (e.g., Powell et al. 2007). Large errors may occur for an input pixel or object
with only one endmember presented. Thus, here, we tested one-, two-, three-, four, five-,
and six-endmember models for each input object and calculated the root mean square
error (RMSE) of each model. Note that for this study, only six spectra representing six
bands of TM data were used. The largest number of endmembers in MESMA cannot
exceed the number of spectral bands in the input. The best model was identified as the one
with the lowest RMSE. The fractions of input endmembers from the best model were
generalized into three physical components and a final object-based fraction map of each
component was produced. We developed a mixture analysis tool using Visual Basic.net in
Microsoft Visual Studio 2010 to implement MESMA.

3.5. Pixel-based mixture analysis

The pixel-based mixture analysis was also carried out for comparison purpose. We first
selected the centre pixels within the identified endmember objects as the endmember
pixels and then applied the same approach as described in Section 3.3 to determine the
representative spectra of each component based on the selected endmember pixels.
MESMA was finally applied to unmix each pixel in terms of the determined representative
spectra, resulting in the fraction estimations for each pixel.

3.6. Accuracy assessment

To assess the accuracy of the produced object-based fraction maps, a total of 150 objects
were randomly selected by following a spatially stratified data sampling strategy, in which
a fixed percentage of object samples were selected over the entire image. The pixel-
derived fractions were aggregated for the selected validation objects. This makes the
pixel-based analysis comparable with the object-based analysis results. The TM-derived
fractions of the selected samples were assessed using the manual interpretation results
from the digital aerial photograph. Statistical correlation of the TM-derived fractions and
reference fractions were calculated. The ‘goodness’ of the correlation was assessed by the
slope, intercept, and R* (coefficient of determination) of the relation. In an ideal case, the
slope of the straight line describing the relationship between two data-sets would be equal
to 1, and the value of the intercept would be equal to 0, and the R* would be equal to 1.

4. Results and discussion

The produced object-based fraction maps for vegetation, impervious surface, and water
are shown in Figure 1(b)—(d). For comparison purpose, a standard false colour composite
of the TM imagery (bands 4, 3, 2 as red, green, and blue, respectively) and the pixel-based
fraction maps for impervious surface and vegetation are also displayed in Figure 1(a), (e),
and (f), respectively. In the fraction maps, red represents the higher fraction, while blue
represents the lower fraction. In general, the fraction maps present the spatial patterns of
the distribution of three components well. Forests, parks, and golf courses have higher
vegetation fractions, while man-made roads, commercial areas, and the airport (the upper
right corner) have higher impervious fractions. High water fractions are identified in
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canals, lakes, and ponds in the residential areas. The vegetation fraction map also shows
an inverse of the impervious surface map, which is expected for most well-developed
cities. Compared with pixel-based fraction maps (Figure 1(e) and (f)) as well as the
published Landsat-derived pixel-based fraction maps in urban areas (e.g., Powell et al.
2007; Myint and Okin 2009; Weng and Pu 2013), the object-based fraction maps are more
informative by effectively removing the salt-and-pepper effect in pixel-based analysis.

The correlation between the TM-derived and reference fractions is shown in Figure 2.
For the object-based fraction estimations (Figure 2(a)—(c)), the regression of two data-sets
for all fractions gave slopes of near 1 and intercept of near 0. The R values of all fractions
exceeded 0.85, suggesting the object-based mixture analysis is an accurate procedure in
mapping urban areas. Note that the best result is achieved in mapping impervious areas
(R* = 0.95). This is encouraging given the fact that the accurate knowledge of impervious
surfaces (e.g., magnitude, location, geometry, spatial pattern, and perviousness—imper-
vious ratio) is significant to a range of issues and themes in urban environment such as
human—environment interactions. Impervious surface data are also important in urban
planning and resource management (Weng 2012). Similarly, the correlation between the
pixel-derived and reference fractions is displayed in Figure 2(d)—(f). Relatively poor
relations of two data-sets were illustrated compared with the object-based mixture analysis
in terms of all derived values for slope, intercept, and R*. This indicates that object-based
mixture analysis is more effective than the commonly used pixel-based mixture analysis
for the study area.
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Figure 2. Comparisons between TM-derived and reference fractions based on 150 randomly
selected objects. (a)—(c) are validations of the object-based mixture analysis, and (d)—(f) are
validations of pixel-based mixture analysis for vegetation, impervious surface, and water,
respectively.
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Powell et al. (2007) and Myint and Okin (2009) applied MESMA at the pixel level in
City of Manaus (Brazil) and City of Phoenix (the United States), respectively. These two
studies reported lower R? values for both estimated fractions of vegetation and impervious
surface than this study. They conclude the estimation accuracy may depend on the size of
a square window applied in the accuracy assessment procedure. Powell et al. (2007) used
a 270 x 270-m window, while Myint and Okin (2009) used a 60 x 60-m window. In the
pixel-based mixture analysis, researchers commonly define a square window that will be
utilized for the entire image to select samples for accuracy assessment. Determination of
an optimal window size is difficult and variable results can be produced using different
window sizes. In contrast, in the object-based mixture analysis, defining a subjective
window size for accuracy assessment is not necessary. The object-based mixture analysis
applies the OBIA technique that offers the capability for identifying regions of varying
shapes and sizes in an image. The randomly selected image objects for accuracy assess-
ment have different shapes and sizes; thus, the results are more robust than using an
invariant square window over the entire image in pixel-based mixture analysis.

5. Conclusions

This article is the first effort in object-based mixture analysis for mapping urban land
cover types by combining the OBIA and MESMA techniques. A new approach was
developed to identify the spectral representatives of a specific class by integrating an
unsupervised neural network with a statistical method. The present techniques produced
more accurate and informative land cover type maps than the pixel-based mixture analysis
for a city in South Florida by characterizing the diversity of this city through three
physical components (vegetation, impervious surface, and water).

Note that this work is a pilot study of the object-based mixture analysis and its
application in an urban environment. Considerable applications of the techniques devel-
oped here in other fields are necessary to test its robustness and extensibility. It is also
interesting to understand the effects of the scale parameter in image segmentation on the
analysis results. These will be the major dedications in our future work. It is anticipated
that this study can bridge the gap between OBIA and MESMA techniques and stimulate
further object-based mixture analysis in various applications.
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