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A novel multilevel decision fusion approach is proposed for urban mapping using
very-high-resolution (VHR) multi/hyperspectral imagery. The proposed frame-
work consists of three levels: (1) at level I, we first propose a self-dual filter for
extracting structural features from the VHR imagery-subsequently, the spectral
and structural features are integrated based on a weighted probability fusion;
(2) level II extends level I by implementing the spectral-structural fusion in an
object-based framework; and (3) at level III, the object-based probabilistic out-
puts at level II are used to identify unreliable objects, and shape attributes of
these unreliable objects are then considered for refinement of classification. At this
level, a decision-level object merging is used to improve the initial segmentation,
since shape feature extraction is highly dependent on the quality of segmenta-
tion. Experiments were conducted on a Hyperspectral Digital Imagery Collection
Experiment (HYDICE) DC Mall image and a QuickBird Beijing data set. The
results revealed that the proposed approach provided progressively increasing accu-
racies when the multilevel features were gradually considered in the processing
chain.

1. Introduction

With the increasing availability of very high-resolution (VHR) remotely sensed images,
we can acquire a large amount of detailed ground information, for which there is
the potential for many new remote-sensing applications in urban monitoring, human
activity impact, precision agriculture and so on. Nevertheless, detailed structures are
adequately presented in VHR images, resulting in the fact that the same classes have
different spectral properties and different classes show similar spectral reflectance.
Consequently, the increase of within-class variance and decrease of interclass vari-
ance lead to the inadequacy of traditional spectral-based and pixel-based classification
approaches.

Consequently, in recent years, researchers have proposed different algorithms to
improve the conventional classification approaches, which can be summarized into
the following two categories.

1. Exploitation of textural and spatial features. The basic idea of this approach
is to extract textural, structural or contextual features from VHR images for
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complementing the spectral information and hence discriminating spectrally
similar classes. The grey level co-occurrence matrix (GLCM) is a widely used
textural measure. Puissant et al. (2005) examined the potential of GLCM tex-
tural features combined with spectral information to improve the classification
accuracy of intra-urban land cover types. Due to the fact that the analysis
window size of GLCM is difficult to determine for different image scenes,
Huang er al. (2007b) proposed an adaptive algorithm for optimal window
selection by considering the edge density within an analysis window. More
recently, Pacifici ez al. (2009) extracted the GLCM textures based on a series of
directions and displacement values with multiple window sizes. The resultant
high-dimensional features were then selected using a neural network pruning
and saliency measurements.

Another effective textural measure refers to the wavelet transform. It is able
to represent either micro-texture using wavelet decomposition of local win-
dows or macro-texture based on the stationary wavelet transform performed
on the whole image. Shah et al. (2010) presented a new feature set by combin-
ing the independent component analysis (ICA) and wavelet transformation for
image information mining in geospatial data. Ouma ez al. (2006) extracted mul-
tiscale features based on vertical, horizontal and diagonal wavelet sub-bands
of multiple decomposition levels. The resultant textures were used to delineate
urban trees of QuickBird images. Another study by Ouma et al. (2008) inte-
grated the GLCM and wavelet textures for discrimination between different
vegetation types. The wavelet textures were also utilized for classification of
VHR urban images. Myint et al. (2004) compared different spatial measures
for urban feature discrimination, and it was revealed that the wavelet textures
gave the highest accuracies in comparison with GLCM, spatial autocorrelation
and fractal features. Huang et al. (2008) proposed a wavelet-based multiscale
classification method, where the wavelet decomposition was used to extract the
multiscale spatial information in a series of concentric windows.

In comparison with the aforementioned textural measures, structural fea-
tures have been found to be more effective for VHR imagery since they are able
to describe shape and geometrical characters. Huang et al. (2007a) proposed
a structural feature set based on the spectral coherence of groups of pix-
els along selected directions. Benediktsson et al. (2003) presented differential
morphological profiles (DMPs) based on opening/closing-by-reconstruction
with increasing sizes of structural elements (SEs). Subsequently, the DMPs
were extended to the extended morphological profiles (EMPs) by construct-
ing the morphological features based on the principal components of urban
hyperspectral images (Benediktsson ez al. 2005). More recently, Fauvel et al.
(2008) improved the EMP approach by considering both spectral-structural
features and building the profiles on kernel principal components (Fauvel et
al. 2009). Other notable improvements to DMPs referred to the fuzzy model
(Chanussot et al. 2006) and partial morphological reconstruction (Bellens
et al. 2008).

Object-based analysis. The basic idea of the object-oriented classification is to
group the spatially adjacent pixels into spectrally homogeneous objects and
then conduct classification on objects as the minimum processing unit. The
advantages of object-based processing include its ability to reduce local spec-
tral variation, avoid salt—pepper effects of the pixel-based classification, mimic
human perception in identifying objects and generate geometrical attributes.
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Therefore, object-based image analysis has received much attention, especially
for VHR image processing and applications.

Most of the existing object-oriented algorithms are based on the well-known
eCognition commercial software (Trimble Company, Sunnyvale, CA, USA)
and the embedded fractal net evolution approach (FNEA) (Benz et al. 2004).
Yu et al. (2006) calculated the object-based spectral, textural and geometric fea-
tures using eCognition software for detailed vegetation mapping. The resultant
hyperdimensional features were statistically ranked according to importance
and then classified using a classification and regression tree algorithm (CART).
Chubey et al. (20006) utilized object-based segmentation to delineate homoge-
neous landscape components from IKONOS-2 data. Van Coillie et al. (2007)
combined object-based features and genetic algorithm-based feature selection
for forest mapping with IKONOS imagery. Zhou et al. (2009) evaluated the
effectiveness of the object-based approach for classification of shaded areas in
urban VHR images. In addition to the FNEA algorithm, researchers have pre-
sented other segmentation methods for object extraction from VHR images,
such as the adaptive mean shift procedure (Huang and Zhang 2008), which
is an unsupervised feature space clustering algorithm, watershed segmentation
(Li and Xiao 2007) and the J-measure-based segmentation (Wang and Boesch
2007).

In this article, a multilevel classification system is proposed by integrating the
pixel-based structural features and the object-based shape features based on a novel
decision-level probability fusion approach. The proposed system is able to yield multi-
level outputs as the processing unit is updated progressively from the pixel level to the
object level, and additional features are gradually considered in the decision process.

2. Methodology

The proposed multilevel processing chain is shown in figure 1.

L.

At level I, a structural spectrum is proposed to represent the multiscale
and multidirectional features based on the morphological transformation.
Subsequently, the multispectral and the structural features are separately fed
into two support vector machines (SVMs), respectively termed the spectral
SVM and structural SVM. The spectral-structural decision fusion is car-
ried out by taking the weighted probabilistic outputs of the two SVMs into
consideration.

At level II, a mean shift segmentation is used to extract object boundaries. The
object-based decision fusion is implemented by considering the probabilistic
outputs of level I within the boundary of each object.

Level 111 focuses on the unreliable objects that have low probabilistic outputs at
level I1. A decision-level object merging is used to refine the initial segmentation
of level I1. Subsequently, shape attributes extracted from the refined boundaries
are used to reclassify the unreliable objects. At this level, only the unreliable
objects are of interest because shape features are not necessarily effective in
interpreting all the objects.

2.1 Morphological structural spectrum

Mathematical morphology is an effective tool for extracting image components that
are useful in the representation of structural features. Morphological features are
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Figure 1. Flowchart of the multilevel decision fusion approach. VHR, very high resolution;
SVM, support vector machine.

based on some basic operators, such as opening (y) and closing (¢), used to remove
small bright (opening) or dark (closing) details while leaving the overall features rel-
atively undisturbed. The morphological reconstruction is usually jointly used with
the opening and closing, that is, opening-by-reconstruction (yr) and closing-by-
reconstruction (¢r), since this family of filters has proved to have better shape
preservation than classical morphological operators (Soille and Pesaresi 2002). These
operators are applied to an image with a set of a known shape, namely a SE. In this
study, the morphological transformation is used to construct the structural spectrum
with a series of multiscale and multidirectional SEs. The proposed structural spectrum
consists of the morphological centre transformation and the morphological profiles
(MPs) that are described in the following steps.

Step 1 A pair of opening—closing dual filters, for example, opening followed
by closing (OFC) and closing followed by opening (CFO), are used in this study
considering that they act simultaneously on the bright and dark structures:

OFCR = ¢r¥R, (1)

CFORr = yRr¢r, (2)
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where the OFC and CFO filters are implemented with the reconstruction form.

Step2 The linear SE is used in this study because it contains information about the
maximum object dimensions, and it is able to represent multidirectional characteristics
of structures in the VHR imagery. Hence, equations (1) and (2) can be extended to

OFCr(d,s) = ¢r(d,s) Yr(d,s), (3)
CFOR(ds S) = VR(ds S) ¢R(d’ S)’ (4)

where d and s indicate the direction and size of a linear SE, respectively.

Step 3 The OFC and CFO filters process bright and dark structures much more
equally; however, they are not self-dual because their results depend on the sequence
of opening and closing. Hence, we propose to construct their self-dual filter based on
the morphological centre transformation:

Jme(d, 8) = ¢ (OFCr(d, 5), CFOR(d, 5)) , )

where the function ¢ (-) stands for the morphological centre transformation. The self-
dual filters are of interest because they are able to avoid dependence with regard to the
local contrast of image structures (Soille and Pesaresi 2002) and preserve the shape of
structures while simplifying them. Readers can refer to Soille and Pesaresi (2002) for
a detailed description about the morphological centre.

Step4 MPs are defined as a series of feature images with varying parameters of
SEs (e.g. sizes and directions). DMPs are defined as vectors where the measures of the
slopes of the MPs are stored for every step of an increasing SE series (Benediktsson
et al. 2003). In this study, the DMPs are built on the morphological centre filter with
multiscale and multidirectional SEs:

DMP = {|f1,o(d.5) — fone(d. 5 — As)

,se[m,n],deD}, (6)

where D is the set of directions: D = (45°, 90°, 135°, 180°), and m, n and As represent
the minimum, maximum and interval values for the lengths of the linear SE.

The application of the DMPs to the multi/hyperspectral images is conducted on a
series of dimensionally reduced components (e.g. the principal component analysis),
namely base images. Under this circumstance, the DMPs are converted to the EMPs
(Benediktsson et al. 2005):

EMP = {dlSt (fmc(d’ S)!fmc(drs - AS)) S [Wl, I’l], d (S D}

with fmc(d’ S) = (frﬁc(d> S)) ::1 > (7)

where f,ﬁc(d, s) stands for the morphological centre filter of band b; dist(-) represents
the distance (Euclidean distance in this study) between two vectors; and B is the
number of spectral bands.

An example of the morphological centre transformation is shown in figure 2.
Figure 2(a) is the original image, and figures 2(b) and (c) are the OFC and CFO fea-
ture images, respectively. Figures 2(d) shows the morphological centre of figure 2(b)
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Figure 2. Demonstration of the morphological centre filter: («) the original sample image, (b)
OFCRr(d = 45,5 = 15), (¢) CFORr(d = 45, s = 15) and (d) f,,.(d = 45,5 = 15).

and (¢). Comparing figure 2(b) with figure 2(¢), it follows that their processing depends
on whether one starts the filter with an opening or a closing. From figure 2(d), it can
be seen that the morphological centre of the dual filters is able to effectively preserve
the shape of structures when simplifying them (as highlighted in the two rectangular
regions).

The radiance spectra and the structural spectra for some spectrally similar classes
(e.g. water—shadows, grass—trees, trails—roofs—roads) in the Hyperspectral Digital
Imagery Collection Experiment (HYDICE) data set are compared in figure 3. The
x-axes of the radiance spectra and the structural spectra represent the dimensionality
of the spectral and structural channels, respectively. Their y-axes represent the digital
number (DN) value and feature value of the spectral and structural channels, respec-
tively. From the figure, it can be found that in the VHR image, the spectral information
alone is not adequate for discriminating the objects with similar spectral reflectance
in spite of the availability of hundreds of channels. Nevertheless, it can be seen that
the structural spectra has the potential to distinguish these spectrally similar classes,
because it takes into account multiscale and multidirectional features with a series of
anisotropic SEs.
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Figure 3. Comparison of the radiance spectra and the structural spectra for spectrally simi-
lar classes in the Hyperspectral Digital Imagery Collection Experiment (HYDICE) DC Mall
data set: (a), (c¢) and (e) show the hyperspectra of water—shadow, roads—trails—roofs and grass—
trees, respectively; (), (d) and (f) show their structural spectra, respectively. DN, digital
number.

2.2 Pixel-level decision fusion (level I)

A decision fusion scheme is proposed to integrate the spectral and structural informa-
tion based on probabilistic outputs of classifiers. The spectral and structural features
are separately interpreted in two SVMs, termed the spectral SVM and structural SVM.
Afterwards, a weighted fusion algorithm is used for classification of each pixel. SVM
is of interest due to its swift learning pace and adaptability to the high-dimensional
feature space. Moreover, it is not constrained to prior assumptions on the distribu-
tion of input data and is hence well suited for interpretation of complex features, such
as spectral-spatial joint classification (Huang er al. 2007a), object-based classifica-
tion (Huang et al. 2008) and hyperdimensional stacking (Bruzzone and Carlin 2006).
Most of the existing applications for the SVM refer to a crisp output that only pre-
dicts a class label. However, in this study, the probabilistic outputs of spectral SVM
and structural SVM are exploited for integrating the spectral and structural decision
information. The algorithm consists of two steps.
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Step1 The spectral and structural features are separately fed into two SVMs. The
SVM probabilistic output is estimated by combining the pairwise class probabilities
(Wu et al. 2004). We assume Pgpe(c |x) and /ge(x) as the probabilistic output (soft)
and the classification prediction (crisp) of the spectral SVM, respectively. Similarly,
Dsur(c|x) and Iy(x) are the probability and the classification label of the structural
SVM, respectively. The relationship between the probabilistic output and the class
label for pixel x can be expressed as

lspe(x) = argmax (pspe(c |X)) s (8)
cel2,....C

Isr(x) = argmax (Ps(c[x)) , ©)
cel2,....C

where ¢ stands for an information class.

Step 2 The spectral-structural decision rule is defined as
I(x) = argmax (p(c |x)). (10)
cel,2,....C

with

Wspe(c)pspe(c |X) + Wstr(c)pstr(c |X)
Wepe(€) + Weie(€)

) (11)

plelx) =

where w(c) is the weight of the spectral (or structural) probability, and it is defined as
the F-measure of the producer’s and user’s accuracies (Shah ez al. 2010):

2 Ap(C) Au(C)

Ap(©) + Au(c)’ (12

w(c) =

where Ap(c) and A,(c) are the producer’s and user’s accuracies of class ¢, respec-
tively. In this article, the reference samples are divided into three parts: training,
validation and test samples. The training and test samples are used for training and
evaluation of classification, while the validation samples are used for calculation
of w(c).

Equation (10) is actually a pixel-level classification combining the decision informa-
tion of both spectral SVM and structural SVM. It should be noted that equation (10)
refers to a crisp classification result of the spectral-structural fusion, while the output
of equation (11) refers to a soft one. The soft output p(c|x) provides the probability
that a pixel x is assigned to a class ¢. The probabilistic output in equation (11) can be
further employed in an object-based decision fusion.

2.3 Object-based decision fusion (levels Il and I11)
The object-based decision fusion consists of two levels:

1. At level II, the pixel-level decision fusion is extended to an object-based deci-
sion fusion by considering the probabilistic outputs within the boundary of
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each object. The objects having low probabilistic outputs are considered as
unreliable and are processed in the next level.

2. At level 111, shape attributes of the unreliable objects are used for improving
the classification of level II.

The algorithm is detailed as follows.

Step1 Segmentation: an adaptive mean shift segmentation algorithm (Huang and
Zhang 2008) is used to extract boundaries of objects. The mean shift algorithm is
selected in this study since recently it has received increasing attention for segmen-
tation of remotely sensed data (Chaabouni-Chouayakh and Datcu 2010), and in our
previous work it showed better performance than the widely used FNEA segmentation
(Huang and Zhang 2008).

Step 2 Object-based decision fusion at level II is implemented by considering the
pixel-level probabilistic outputs of all the pixels within the object boundary:

[(obj) = argmax (p(c |obj)), (13)
c=1,2,...,C

,,,,,,

where /(obj) is the winning label of the object and p(c |obj) = erobj p(c|x) indicates
the sum of probabilistic outputs of all the pixels for class ¢ in the object.

Step3 Object merging: a decision-level object merging algorithm is used to merge
the spatially adjacent objects with the same class. The following processing is repeated
until no adjacent object pairs can be further merged:

IF (objl is adjacent to obj2) AND /(objl) = /(0bj2)
THEN objl and obj2 are merged as one object

Step4 Post-processing: this step only focuses on the unreliable objects that satisfy
the following condition:

p(¢obj) = max (p(c|obj)) < 4, (14)

where ¢ = Il(0bj) is the winning label of obj. The threshold ¢ € (0,1) for identification
of the unreliable objects should be chosen according to the characteristics of differ-
ent images. Shape attributes (e.g. length-width ratio) of the unreliable objects are used
for their reclassification. It should be noted that shape information is used only for
objects where it can bring improvements since a blind consideration of shape infor-
mation to all objects could decrease the overall classification results. Therefore, in this
study, the shape attributes are only considered for the unreliable objects. Specifically,
in our experiments, the length-width ratio is used for discrimination between roofs
and roads. Road objects generate large values since they are relatively elongated
and narrow, while roof objects result in small values since they are rectangular and
compact.

A graphical example of the processing chain is demonstrated in figure 4. It is clearly
shown that: (1) the segmentation after the object merging is more effective in repre-
senting the actual shape of the objects than the initial segmentation; (2) the unreliable
objects are determined according to the probabilistic outputs of all the pixels in each
object; and (3) the shape attribute of the unreliable objects is then used for refinement
of classification.
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Figure 4. A graphical example of the processing chain. In the images of the probabilistic out-
puts, a large brightness value stands for a high possibility that a pixel belongs to a class. For the
image showing the unreliable objects, the grey level represents the value of p(¢ |obj) defined in
equation (14), where a large brightness value means a high probability and a small uncertainty
for the classification. As for the feature image of length-width ratio, a large brightness stands
for a large ratio.

3. Experiments

In this section, two VHR data sets are used to validate the effectiveness and robustness
of the proposed multilevel decision fusion approach. The HY DICE DC Mall image is
a standard data set for evaluation of segmentation and classification algorithms. The
other data set includes a pan-sharpened QuickBird multispectral image in Beijing, the
capital of China.
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3.1 HYDICE DC Mall data set

The HYDICE airborne hyperspectral data flight over the Mall in Washington, DC was
used in this experiment. Two hundred and ten bands were collected in the 0.4-2.4 pm
region of the visible and infrared spectrum. The water absorption bands were then
deleted, resulting in 191 channels. This data set contains 1280 scan lines with 307
pixels in each scan line. In this experiment, the non-negative matrix factorization
(NMF) transformation (Lee and Seung 1999) was used to extract three-dimensional
base images from the hyperspectral channels and yields the morphological structural
spectra. Training, validation and test samples are shown in table 1.

Accuracies of the multilevel decision fusion are listed in table 2, where the class-
specific accuracies are the average of the producer’s accuracy (PA) and user’s accuracy
(UA). The kappa coefficient and the overall accuracy (OA) are computed based on
the confusion matrix. The average accuracy (AA) is also reported since it is relatively
independent of the number of samples for each class (Benediktsson ez al. 2003). Based
on table 2, we have the following observations.

1. At level 1. The spectral and structural features were integrated using weight
decision fusion (equation (10)). At this level, the decision fusion increased the
overall accuracies from 91.0% (spectral SVM) and 93.8% (structural SVM) to
95.2%.

Table 1. Numbers of the reference samples (HYDICE data set).

Class Number of training pixels =~ Number of validation pixels = Number of test pixels
Road 110 333 3334
Grass 111 308 3075
Water 110 288 2 882
Trail 114 103 1034
Tree 110 205 2047
Shadow 111 109 1093
Roof 111 587 5867
Total 777 1933 19 332

Note: HYDICE, Hyperspectral Digital Imagery Collection Experiment.

Table 2. Accuracies of the multilevel decision fusion (HYDICE data set).

Class Spectral SVM Structural SVM Level 1 Level 11 Level 111
Road 91.4 91.6 92.3 91.9 97.9
Grass 97.1 98.0 97.8 98.5 98.5
Water 94.8 99.8 99.2 99.9 99.9
Trail 76.1 82.4 87.7 93.4 95.4
Tree 97.2 98.0 97.8 98.9 98.9
Shadow 84.2 91.4 94.6 96.5 96.5
Roof 90.2 92.4 94.5 95.2 99.3
OA (%) 91.0 93.8 95.2 96.0 98.6
AA (%) 90.1 934 94.8 96.3 98.1

K 0.891 0.925 0.941 0.951 0.983

Note: HYDICE, Hyperspectral Digital Imagery Collection Experiment; SVM, support vector
machine; OA, overall accuracy; AA, average accuracy.
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2. Atlevel II. In comparison with the level I, OA and kappa at level II increased
by 0.8% and 1.0%, respectively. The increments were achieved by extending the
spectral-structural decision fusion from the pixel level to the object level.

3. Atlevel III. The length—width ratio was used for classification of the unreliable
objects (¢ = 0.46). The rule is defined as
FOR (¢ = roads or trails) AND (p(¢ |obj) < ©)

IF Ratio <2.5
THEN ¢ = roofs.

The objective of this shape-based rule is to avoid the misclassifications between roads,
trails and roofs. In table 2, it can be seen that the post-processing at level 111 gave very
promising results (OA = 98.6% and x = 0.983). In comparison with level 11, accuracies
of the man-made structures were improved by 6.0%, 2.0% and 4.1 % for roads, trails
and roofs, respectively.

The results of the proposed multilevel fusion and the pixel-level classification are
compared in figure 5. Their confusion matrices are provided in table 3. Subsets of the
classification maps are displayed in figure 6. Figure 6(«) shows the pixel-level spectral

[JRoads
% M Grass
4 d B water

: Trails

0 [ Trees

&, 4 M shadow

= e e te gt =¥ [l Roofs
(a) (b)

Figure 5. Classification results of the airborne hyperspectral data over the Washington DC

Mall: (a) support vector machine (SVM)-based pixel-level interpretation and (b) the multilevel
decision fusion.
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Figure 6. Subsets of classification maps of the Hyperspectral Digital Imagery Collection
Experiment (HYDICE) DC Mall image: («) pixel-level classification using the hyperspectral
bands with the support vector machine (SVM) classifier; (), (c¢) and (d) classification results of
levels I, IT and 111, respectively.

classification using the hyperspectral bands with a SVM classifier, and figure 6(b)—(d)
are the classification maps of the proposed method for levels I, II and III, respec-
tively. Some misclassifications are highlighted with several rectangular regions. The
pixelwise classification (figure 6(«a)) clearly shows the pepper—salt effect and misclas-
sifications between spectrally similar classes. The spectral-structural classification in
figure 6(b) revises some errors of water—shadow and trails—roofs. The object-based
decision fusion (figure 6(c)) is able to reduce the uncertainties and the pepper—salt
effect of pixelwise classification. The performance of the shape-based post-processing
can be observed in figure 6(d), where some misclassifications for trails—roofs and
roads-roofs in figure 6(a)—(¢) are corrected.

3.2 QuickBird Beijing data set

In this experiment, a pan-sharpened QuickBird image of Beijing with a spatial res-
olution of 0.61 m is used to validate the proposed multilevel model. The study area
is shown in figure 7(a). It is a typical urban landscape in China, including dense res-
idential and apartments with gardens. The training, validation and test samples are
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Figure 7. (a) QuickBird colour image of the study area in the northwest of Beijing, the cap-
ital city of China, (b) mean shift segmentation result and (c¢) refined segmentation map with
the decision-level object merging. (d) and (e) Classification maps for the pixel-level spectral
classification and the proposed multilevel fusion approach, respectively.

Table 4. Numbers of the reference samples (Beijing QuickBird data set).

Class Number of training Number of Number of test
pixels validation pixels pixels
Lake 60 300 6986
Grass 60 300 1 654
Bare soil 60 300 2 806
Road 60 300 6 603
Shadow 60 300 2062
Apartment 60 300 7630
Tree 60 300 4691
Dense 60 300 7414
residential
Vehicle 60 300 592
Total 540 2700 40 438

listed in table 4. The challenge for classifying this area is to discriminate between
the spectrally similar classes such as bare soil, roads, residential area, apartment and
vehicle.

Accuracies of the multilevel decision fusion are reported in table 5. From this
table, a similar conclusion is obtained as the HYDICE experiment. In the QuickBird
experiment, the accuracy increments achieved by the multilevel framework are more
significant. The results are very promising since the OA increased from 65.5% (spectral
classification) to 78.9%, 87.2% and 93.3% for decision fusion at levels I, II and
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Table 5. Accuracies of the multilevel decision fusion (Beijing QuickBird data set).

Class Spectral SVM  Structural SVM  Level I  Level I Level 111
Lake 100.0 99.1 100.0 100.0 100.0
Grass 73.1 48.0 78.6 934 93.4
Bare soil 60.9 79.4 79.6 91.0 91.0
Road 62.5 65.9 71.8 81.7 92.3
Shadow 88.7 92.2 90.8 96.2 96.2
Apartment 33.1 68.7 67.4 74.0 90.8
Tree 86.4 83.1 90.7 97.2 97.2
Dense residential 50.1 70.2 72.0 89.4 89.4
Vehicle 57.7 74.8 74.5 85.7 85.7
OA (%) 65.5 75.1 78.9 87.2 93.3
AA (%) 68.1 75.7 80.6 89.8 92.9
K 0.600 0.710 0.754 0.850 0.922

Note: SVM, support vector machine; OA, overall accuracy; AA, average accuracy.

II1, respectively. Once again, in table 5, it is seen that the accuracy of each class
increased when structural (level I), boundary (level II) and shape (level I11) features
were gradually included in the processing chain.

The segmentation and classification maps are displayed in figure 7, where figure 7(b)
is the mean shift-based initial segmentation, and figure 7(¢) is the refined segmenta-
tion after the decision-level object merging. The classification maps for the pixel-level
spectral classification and the proposed multilevel decision fusion are compared in fig-
ures 7(d) and (e). Their confusion matrices are provided in table 6. The comparison in
table 6 reveals that classification for all the information classes are improved with the
multilevel method. This observation is further supported by the visual inspection in
figure 7.

4. Conclusion

In this study, we presented a novel multilevel model for effectively integrating spectral,
structural and geometrical features for classification of the VHR multi/hyperspectral
imagery. The model is progressively enhanced from a low level (pixel) to a high (object)
level when the multilevel features are gradually considered in the processing chain.
Moreover, the model is adaptively extended by considering the probabilistic outputs
of each level. The main contributions of this study are summarized as follows.

1. At level I. A morphological centre filter was used to construct the self-dual
operators and extend the algorithm of MPs. Furthermore, a weight probability
decision fusion was proposed to integrate spectral and structural information.

2. At level II. The spectral-structural decision fusion was extended from the
pixel level to the object level by considering probabilistic outputs within the
boundary of each object. The results showed that this extension improved the
accuracies of level I by 0.8% and 8.3% for the HYDICE and QuickBird data
sets, respectively.

3. At level III. This level only focused on the unreliable objects of level II. The
shape attribute of the unreliable objects was extracted for refining the result of
level 11. The accuracy increments achieved by the shape-based post-processing
were 2.6% and 6.1% for the HYDICE and QuickBird data sets, respectively.
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Future work will be related to the use of some standard techniques in the processing
chain. Some other methods for the spatial features (e.g. textural bands), classifiers (e.g.
the maximum likelihood classification and neural networks) and segmentation (e.g. the
FNEA and J-measure-based approach) can be also used in the proposed multilevel
system. Hence, it will be interesting to evaluate and compare their performance in
future experiments.
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