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Abstract texture motifs. Both golf courses and parks have grass and
) ) ) ) ~ trees but it is the arrangement of these features that dif-
A canonical model is proposed for object classes in aerial forentiates one from the other. Since analyzing the spatial
images. This model is motivated by the observation that 5 rangement of the entire object region is computationally
geographic regions of interest are characterized by collec-chajienging, analysis is often restricted to context or adja-
tions of texture motifs corresponding to geographic pro- cency such as Markov frameworks for statistical methods.
cesses. Furthermore, the spatial arrangement of the motifsis 1o major contribution of this work is a model that uti-
an important discriminating characteristic. In our approach, jj;es multiple textures to characterize image regions. In par-
the states of a Hidden Markov Model (HMM) correspond to- icjar. texture motifs and their spatial arrangement are used
the texture motifs and the state transitions correspond to th&, giscover and characterize the set of geographic processes
spatial arrangement of the motifs. A one-dimensional ap- it create the objects of interest. Experimental results show

proach reduces the computational complexity. The modely, o the technique characterizes many obijects of interest in
is shown to be effective in characterizing objects of interest spatial datasets, such as airports, harbors, etc.

in spatial datasets in terms of their underlying texture mo-
tifs. The potential of the model for identifying the classes
of unlabeled objects is demonstrated.

Statistical methods have been used in the past to repre-
sent the spatial arrangement of image features. In [5], 2-D
HMMs are used to perform binary classification of image
blocks. The block feature vectors and spatial context are
1. INTRODUCTION used to estimate the parameters of a 2-D HMM. The model
is then used to classify unlabeled blocks. Results are pre-

Researchers have shown significant interest in using tex-S€nted for classifying aerial images into man-made and nat-

ture descriptors for the automated analysis of aerial imagesu@! regions and for classifying document images into text

[1, 2, 3]. Homogeneous texture descriptors [4] have been@nd graphic regions. In [6], 2-D HMMs are used to learn
shown to be effective in characterizing a variety of basic the statistical models of individual images. A statistical dis-

land-cover types, such as water, agricultural fields, etc. Thel@NC€ measure between images, based on the similarity of

work presented in this paper is progress toward using teX_thelr mode_ls, is used for_classn‘lcatlon ar_1d retrieval tasks_.
ture descriptors for image analysis at the object level. In Section 2, we motivate the analysis of texture motifs

Textures have the capacity to describe distinct spatial't:1 obéectb_modellrég.l Ir: Sectlp;n 3, we desl_cnb_e an HMM-
signatures resulting from many natural and man-made geo-Pas€d object model, along with some applications. We pre-

graphic processes that create objects of interest. For examS€Nt some experimental results in Section 4 and the conclud-

ple, a distinct texture results from grassy areas which con-/Ng arguments in Section 5.

stitute golf courses and parks. A major challenge in using

homogeneous texture features is that the objects in spatial 2, TEXTURE MOTIF ANALYSIS OF OBJECTS

datasets usually consist of multiple textures. Grass and trees

each result in distinct textures but neither feature by itself We start with the basic assumption that geographic regions

characterizes a golf course. Hence, objects must be characef interest are characterized by collections of texture mo-

terized by sets of texture themes,rootifs tifs corresponding to geographic processes. Users of geo-
Importantly, the geographic processes that generate ob-graphic image collections often need to retrieve information

jects have a structured spatial arrangement. Therefore, oben semantically relevant classes of regions, which we term

ject models should consider the spatial arrangement of theobjects e.g. airports, mobile home parks, etc.



There exist several systems that perform region-level [7] P[qi‘fj = S,‘flq}fj,l = ¥7qxj,2 =5V, ..]
and crude object-level [8, 9, 10] image content retrieval us- — PlgV. =814V, . =8V
) . . - = [qi,j = Pn |qi,j—1 = Snl
ing properties of homogeneous region segmentations. How- v
ever, the problem of modeling a general set of semantic = Ompopo 2)
classes is still unsolved.

whereg/”; andg,’; are the horizontal and vertical states, re-

3. MODELING OBJECT CLASSES spectively, of the the block at the intersection of tHerow
andjt" column; {SH:m = 1,2,... My} and{SY n =

A good model for an object class should (1) capture the tex- 1, 2, ..., My }, are the possible states for the horizontal chains
ture motifs that characterize it, and (2) identify objects that (rows) and vertical chains (columns), respectively; aﬁql
belong to that class. We model an object class as a combinaanda, ,, are the horizontal and vertical transition probabil-
tion of horizontal and vertical 1-D HMMs, where a many- fities, réspectively.
to-one mapping may exist between the states and the texture  The second assumption is that for every statdne ob-
motifs that characterize the class. We call our model, the servationg; follow a Gaussian distribution,

canonical class mod€CCM) for object classes. 1
by(y) = ——————e 2 1) "B W) (3)
(2m)¢ ||
3.1. Previous Work
whered is the dimensionality of the dat&;, is the covari-

In previous work [11], we only consider the statistical char- ance matrix, ang, is the mean vector.

acteristics of the texture motifs and not the spatial arrange-
ment. Gaussian Mixture Models (GMMs) are used to char- .
acterize the object classes. Homogeneous texture featuré'z'l' Training the Model

vectors are extracted from object instances. The model paGiven a training set of object instances from a class, the
rameters, namely the distribution means and CovarianceSStep-by-Step process of Constructing the canonical class
are estimated using the Expectation-Maximization algori- model is as follows:

thm. The models are then used to characterize novel object 1. Divide each object in the training set into-d4 pixel

instances. blocks and obtain the averaged feature vector for each
block.

3.2. The Canonical Class Model Using HMMs 2. Estimate the model parameteru)! . S, fim;
vSH SH1 of the HHMM using the horizontal ob-

Homogeneous texture feature vectors [4] are extracted by
applying a set of Gabor-wavelet filters (at 5 scales and 6

orientations) to the object images. To reduce computational
complexity, we divide the images into 4 4 pixel blocks

and observe only the averaged feature vectors from these
blocks. The details pertaining to how we obtain and repre-

sent objects are provided in Section 4.

The canonical model consists of a horizontal HMM
(HHMM) and a vertical HMM (VHMM), separately trained
using the observations from the rows and columns, respec-3-2.2. Texture Motif Identification
tively, of the objects. To construct the HHMM and VHMM, After training the canonical model for a class, we use the

we make the following assumptions. model to identify the texture motifs that characterize this
The first assumption is that each row and column of 0b- (555 Given a test object from a class, and the model for

gervanons (feature vectors) are first order Markov chains, ihis class, the following novel method is used to identify the

€., texture motifs:

1. Divide the test object into 4 4 pixel blocks and ob-
tain the averaged feature vector for each block.

servation chains from the rows of all objects. The
number of states for the mod&ly is manually cho-
sen depending on the visual complexity of the object
class. Initialization is random.

3. ChooseMy, . Estimate the model parameters of the
VHMM using the vertical observation chains from
the columns of all objects.

Plgf = SH|g, . =SH ¢, =5SH ]
b T L m i 2. For each horizontal observation chain, determine the

_ H _ gH| H _ QH
= Plgi; = 541421, = Sl state path with maximum a posteriori probability, us-
= af,fb’n, Q) ing the Viterbi algorithm. This step gives us the hor-

izontal state assignmerm% for each block 4,j) in
the test object.



Fig. 1. Instance of (a) the harbor class, and (b) the golf course class, both showing texture motif assignments; and (c) the
co-occurrence histogram of the state assignments for the harbor instance. The two tallest spikes correspond to the water and

moored boats motifs.

3. Repeat Step 2 for the vertical observation chains, to
get the vertical state assignmeqlig‘.

4. The state assignment of each block is then given by

an ordered pair,
@ ={a’ a;}- @)

. For the given object, construct the co-occurrence his-
togram of theM i horizontal states andi/y- vertical
states,

- gH

= Plgf; = it al; = Sy - )

The p,,,, corresponding to spikes in the histogram
values (greater than a fixed threshold) identify the tex-
ture motifs that occur frequently in that class, and

therefore characterize it.

Pm,n

The spikes in the co-occurrence histogram are due to

the multiplicative nature of the classifications from the hor-
izontal and vertical HMMs. Note that this procedure also
empirically determines the number of texture motifs that are
predominant in a class.

3.2.3. Object Classification

Given atest object, the models fovrclasses, and the know-

ledge that the test object belongs to one of these classes, th¥

following method is used to classify the test object:

1. Divide the test object into 4 4 pixel blocks and ob-
tain the averaged feature vector for each block.

2. For eachi*" horizontal observation chain, and using
the HHMM for then!" class ¢ = 1, ..., N), deter-
mine the log-likelihood.)’;, that the observation be-
longs to the model.

Histogram

(©

3. Repeat Step 2 for the vertical observation chains, us-
ing the VHMMs, to getL.,, ;.

Calculate the classwise average of the log-likelihoods
L}, andL) ; over the whole object,

l _ 1 RLH 1 CLV
H_EE n,z+6; n,j

whereR is the number of horizontal chains antlis
the number of vertical chains.

The class of the object is that with the minimum ab-
solute valueof,;;n =1,..., N.

4.

(6)

4. EXPERIMENTAL RESULTS

We present here the preliminary results of our work. The
dataset contains five classes of objects from the Digital Or-
thophoto Quarter-Quadrangle (DOQQ) coverage of Califor-
nia: airports, golf courses, harbors, mobile home parks, and
vineyards. For each object instance, we extract a rectangu-
lar bounding region and manually create a binary mask to
define the object boundary.

We train the HHMM and VHMM for each class using 6
object instances from that class. We chodgg = My =
4 for simplicity. The test set for each class has 4 objects
hich are not present in the training set. Figure 1(a) shows
a test harbor object in which the identified texture motifs are
shaded with different colors. The model captures the signif-
icant motifs, in this case the moored boats and the water.
Figure 1(b) shows a test golf course object. The significant
motifs are now the grassy fairways, trees, and sand-traps
and paths. Figure 1(c) shows the co-occurrence histogram
of the state assignments for the object in Figure 1(a). We
observed that the two tallest spikes correspond to the water



and moored boats motifs, which are the characteristic tex-References
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