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An Unsupervised, Agglomerative, Spatially Aware

Texture Segmentation Technique

V. Lakshmanan∗, V. DeBrunner, R. Rabin

Abstract

A novel method of performing multiscale, hierarchical segmentation of images using texture properties is introduced.

The images are first requantized using contiguity-enhanced K-Means clustering. Morphological operations and region

growing based on textural properties are used to arrive at the most detailed segmentation. Successively coarser seg-

mentations are achieved by the use of inter-cluster distances in a dyadic, agglomerative technique. An objective way

of quantitatively measuring the performance of texture segmentation algorithms independent of texture classification

or training is also introduced. The method described in this paper is compared with some unsupervised texture seg-

mentation algorithms reported in the literature. Our method performs better than other unsupervised and untrained

texture segmentation algorithms on certain kinds of textured images. Results are presented on natural textures and on

real-world scenes.

I. Introduction

Texture has long been an active area of research in the image processing community. In 1979, Haralick

wrote a survey of the main approaches to texture [1], in which he cited papers written as early as 1955 [2].

Although researchers [3] have often noted the lack of a common definition, the literature in the field has long

reached a consensus on what texture is, how it can be analyzed within an image and when texture analysis

is useful in image processing. By consensus, texture in the literature always refers to properties at a scale

larger than that of a pixel. Most commonly, texture analysis is employed when there is significant variation

between the intensities of adjacent pixels even in the absence of an “edge” between the pixels. It is recognized

that there is a difference in the meaning of texture depending on the nature of the images themselves. For
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example, it is recognized that natural textures tend to be random but artificial textures tend to be regular

and periodic [4].

Image texture analysis methods use different descriptors of texture. The descriptors used capture a different

part of the intuitive understanding of texture. Suggested descriptors include hidden Markov models [5],

Markov Random Fields [6], image moments [7], coöccurrence [1] and correlation matrices [8] and filtering

methods [9], [10], [11]. There exists no consensus as to which of these approaches provides the optimal texture

vector. Havlicek [12] points out that several approaches ( [13], [14], [15], for example) developed as a way

to emulate the human visual system. The statistical approach, also referred to as the stochastic approach,

assumes that texture is characterized by the gray value pattern in a neighborhood surrounding the pixel [16].

Local coherence and orientation estimates [17], Gabor filters banks [18], statistics of Gabor coefficients [19],

[20], amplitude envelopes of band-pass filters [21], [22] and multiple components’ frequency estimates [12], [23]

have been used successfully.

Texture segmentation is simply image segmentation where the labeling of pixels is based on some measure of

texture. Texture segmentation algorithms, then, differ on the actual form of texture used in the measurement.

A vector of features is computed at each pixel. The segmentation is done based on this vector.

A. Motivation

Identifying and tracking storms is very useful for meteorological algorithms [24]. Storms thus identified and

tracked may be used for visualization in a “storm-relative” sense, to study the evolution of storms, project

storm movement in a short time period [25] and as inputs to feature detection algorithms [26].

There are numerous pattern recognition algorithms that have been developed on weather images, such as

for rainfall estimates [27] and cloud classification [28]. On the other hand, segmentation of weather images is

only now being addressed. We compared the method introduced in this paper with amplitude thresholding,

a histogram-based method, a watershed approach, a Markov Random Field approach, Kolmogorov-Smirnov

tests, a density-gradient method and MPEG-4 methods [29], [30] in the longer form of our work [56]. Many

of these approaches could not deal with textured images. In this paper, we will show comparisons only with
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explicitly texture segmentation methods.

In the meteorological community, the importance of multiscale segmentation has been often noted [24], [31],

[32]. However, an electronic search of American Meteorological Society (AMS) journals from 1988 to the time

of writing identified only one paper dealing with the segmentation of weather images. In that paper [33],

the authors detail the difficulties that traditional segmentation algorithms have with satellite weather images

because of the textural nature of clouds.

The textural nature of weather imagery makes robust segmentation for storm tracking purposes very dif-

ficult. For storm tracking to be useful, the identification and tracking algorithm should be completely auto-

mated. The identification algorithm should not require training, i.e. the algorithm should not expect to see

examples of all the “objects” it must identify. The algorithm needs to be completely unsupervised because

a weather forecaster cannot provide any sort of supervision in real-time operations during a severe weather

outbreak. The data arrive once a minute in the case of composited radar data, and once every 15 minutes in

the case of satellite imagery. The remotely sensed data change too fast (and are too voluminous) for sporadic

human intervention to work. Storm “cells” (small scale features) should be capable of being identified. Be-

cause the notion of scale is natural in the storm tracking context, we would like to add the requirement that

storms at various scales be identified, with their hierarchical structure intact. A multiscale tracking algorithm

would be a significant improvement over current tracking schemes which concentrate either on small scales [24]

or on large scales [31].

In trajectory and motion estimation problems on image sequences, the lack of robustness of the results of

texture segmentation has often been noted [34]. Thus, robust segmentation of weather images is a problem

that should be addressed by the electrical and computer engineering community. An extensive electronic

search of IEEE journals and conference proceedings from 1988 to the time of writing found only two papers

dealing with the segmentation of weather images. The first of those, [35], was content to identify pixels of the

image that corresponded to precipitation, i.e. a binary segmentation. This would correspond to the coarsest

level of segmentation in our hierarchical technique – a level of segmentation that is not very useful. The

second paper [36] was a report of the performance of a Markov Random Field-based texture segmentation
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approach [37] to the problem of segmenting satellite images. The segmentation was found to be not very

robust across frames and extremely sensitive to initial conditions [36].

The standard techniques in optical flow were developed for quasi-rigid motions with salient and unchanging

features [38], [39]. In meteorological images, the displacements are large, the structures morph and thus, there

is a great deal of what the optical flow literature terms “spatial and temporal distortion”. For sequences such

as that of satellite weather images, a fluid-based approach that is compatible with larger displacements has

been recently proposed [39]. It is possible that incorporating a fluid-mechanical term of the sort used by [39]

would make the segmentation problem easier.

B. Organization of paper

The rest of this paper is organized as follows. In the remainder of this Section, existing approaches to

K-Means clustering and multiscale segmentation are described. In Section II, our algorithm for performing

unsupervised, agglomerative texture segmentation is described. In Section III, our method is contrasted

with traditional multiscale segmentation methods and with traditional K-Means segmentation methods. In

Section IV, a quantitative way of evaluating texture segmentation algorithms is introduced. Our method is

then compared to other unsupervised, training-free, texture segmentation algorithms on Brodatz textures as

well as on real-world images in Section IV and conclusions are made in Section V.

C. K-Means Clustering

K-Means clustering [40], [41], [42] is a clustering technique where the clustering proceeds by computing

the affinity of each entity with each of K clusters that already exist. The entity is assigned to the cluster to

which it is closest in the measurement space. The means are updated, either after a full pass through the

data or immediately after a change in assignment, and the process is repeated for the next entity. The entities

are cycled through until no entities are moved between clusters. K-Means clustering may be thought of as a

vector quantization technique where the vectors are chosen adaptively from the image itself.

The traditional K-means clustering method uses either the Hamming or the Euclidean distance between

the cluster mean and texture vector to determine the distance [43]. However, the traditional method does
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not take into account the spatial characteristics of the data. Pixels that are spatially contiguous are likely to

belong to the same class. K-Means clustering of images is improved if the choice of the vectors, as well as the

association of the pixels to a cluster is done after incorporating a contiguity constraint [44], so as to minimize

the global energy: E = (1 − λ)D + λV where D is the number of contiguous pixel-pairs in the entire image

that have different labels, λ is a number between (0, 1) that provides the relative weights of the two criteria

and V is the normalized cluster variance given by:

V =

∑
xy ‖ Txy − µSxy ‖2∑
xy ‖ Txy − Txy ‖2

(1)

Txy is the texture vector at pixel (x, y), Sxy the label at the pixel and µi the cluster mean of the ith label.

Thus, µSxy is the mean of all the texture vectors that belong to the same cluster as the pixel (x, y).

Instead of using global cluster compactness as a measure of distance, we used a local distance measure and

incorporated a spatial contiguity term to form the update rule (See Equation 2). When the global cluster

compactness is replaced by a local measure, it becomes possible to agglomeratively cluster within an image,

to achieve a multiscale segmentation consisting of nested partitions.

II. Method

Clustering algorithms try to find structure in data, to find a convenient and valid organization of the data.

A cluster is commonly understood to mean a set of entities that are alike, such that entities from different

clusters are not alike [45], [46].

A hierarchical clustering method is a procedure for transforming an affinity matrix into a sequence of

partitions that are nested [45]. In clustering, a set of objects is partitioned based on how similar the objects

are to one another (given by the affinity matrix). Hierarchical clustering is a multi-step process where the

set of partitions from the previous step is used to form the partitions at the current step. The end result

is a sequence of partitions such that each partition is nested into the next partition in the sequence. This

can be done in two ways: (a) agglomerative where the clustering algorithm at each stage merges two or more

trivial clusters, thus nesting the earlier partition into a smaller number of clusters and (b) divisive where the
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clustering algorithm at each stage divides up the current clusters into smaller clusters. The result of clustering

is often represented by a dendrogram where layers of nodes each represent a cluster. The method proposed

in this paper is an agglomerative hierarchical clustering algorithm.

A. Hierarchical K-Means Clustering of Texture Vectors

Images are segmented using an iterative texture segmentation method that yields a hierarchical represen-

tation of the regions at different scales. We drew on existing segmentation approaches that used K-means

clustering on texture vectors [40], [41], [44], [42] but our use of inter-cluster distances leads naturally to a hi-

erarchically arranged tree of identified regions. We follow the K-means clustering stage with a region growing

step where connected pixels belonging to the same cluster are labeled the same. This ensures that we need

not know the number of textures before hand, since K is only an intermediate step to finding the number of

regions in the image. A final step uses the Euclidean distance between the mean texture vectors of statistically

unsound regions and their statistically sound neighbors to yield a robust segmentation at the finest level of

detail.

Having obtained the most detailed segmentation, we use the available inter-cluster distance measurements

between every pair of adjoining regions in a dyadic manner to successively merge regions. Thus, the merge is

done based purely on texture characteristics.

A vector of measurements taken in the neighborhood of a pixel is associated with that pixel. There is little

consensus on which set of measurements are optimal, or what the standards for the choice of measurements

should be. Descriptors based on statistical, structural and spectral properties of images have been utilized

to form sets of discriminant features. Suggested descriptors include neighborhood statistics [47], [36], hidden

Markov models [5], Markov Random Fields [6], image moments [7], coöccurrence and correlation matrices [8]

and filtering methods [9]. Since there exists no consensus of which of these approaches provides the optimal

texture vector, iterative feature extraction algorithms [48] have been devised to choose the basis and to reduce

the dimensionality of the texture vectors. The suggested approach, then, is to include as many characteristics

as possible and to utilize a dimensionality reduction algorithm to choose the characteristics that will actually
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be used in the segmentation.

Since we are utilizing the texture vectors to separate the various clusters, we could utilize only those

components that simultaneously maximize inter-cluster distance and minimize the within-cluster distance.

Following [49], we can define the inter-cluster distance as d =
∑K

i=1
Ni
N ‖ µi − µ ‖ and the within-cluster

distance of the ith cluster as: di =
∑Ni

j=1 ‖ µi − Tj ‖ and define a positive cost function that combines d and

di, for example, J = d/(
∑K

i=1
Ni
N di) where Ni is the number of pixels in the ith cluster, and µi is the mean

texture vector of that cluster. The value Tj is the texture value at the jth pixel. The values N and µ represent

the total number of pixels and the mean texture value over the entire image. Among the choices possible for

the texture vectors, we should choose the texture vector set that has the highest J .

Texture is defined, not at the pixel level, but over the neighborhood of a pixel. The choice of the size and

shape of the neighborhood is dictated by the properties of the texture under question (isotropicity, periodicity,

variance, etc.). Within an image, there may be a variety of textures with different properties. One common

solution to this problem is to use kernels of different sizes, shapes and orientations to compute the texture

statistics in all the neighborhoods, thus encompassing a variety of textures [50]. In Section IV, results are

demonstrated with texture vectors computed within a fixed neighborhood, a 7x7 one, of the pixel.

Fisher’s multiple linear discriminant functions [51] are the optimal solution, under certain constraints, to

the problem of choosing the best set of texture vectors and the right size of neighborhood to compute the

texture vectors. However, this requires knowledge of the means of the different image regions and a pooled

covariance matrix. An iterative technique that reduces the feature set based on matrices computed at different

resolutions (neighborhood sizes) can provide a reasonable approximation to the Fisher optima [52].

Thus, the optimal choice of texture vectors and neighborhood sizes is image dependent. The right choice

should be made for the application by computing a variety of statistics at various neighborhood sizes. Then,

using either the within- and between-cluster statistics of [49] or the iterative techniques of [48], [52], a subset

of those features should be chosen.

In this work, we describe an untrained segmentation technique that can be used regardless of which texture

vector is optimal. We used a single set of texture vectors for all the results discussed in this paper. With a
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set of texture vectors that is tuned to the image being segmented (rather than the general purpose set used

here), results may be improved.

B. K-Means Clustering Step

Using the texture vectors associated with every pixel in the image, the images were requantized to a fixed

number of levels using K-Means clustering. It should be emphasized that this fixed number of levels (“K”

in the K-means clustering) is not the number of regions in the resulting segmentation. It is the number of

levels into which the image is initially requantized. The requantization is an iterative process that makes use

of K-Means clustering to partition the image values into the K bins.

The measurement space (the gray level of the images) was divided up into K equal intervals and each pixel

was initially assigned to the interval in which its gray level value lay. We used a cost function that imposes a

Markov property on the pixels – that pixels tend to belong to the same cluster as their immediate neighbors

but not on pixels further away. In each iteration, the best label for each pixel in the image was chosen based

on a cost factor that incorporated two measures. The first measure is the Euclidean distance, dm(k), between

the texture vector at that pixel and the cluster mean of the candidate k, given by: dm(k) =‖ µn
k −Txy ‖ where

µn
k is the cluster mean of the kth cluster at the nth iteration and Txy the texture vector at the pixel (x, y). The

second measure is a contiguity measure, dc(k), that measures the number of neighbors whose labels differed

from the candidate label k. We can formally express the distance dc(k) as: dc(k) =
∑

ijεNxy
(1 − δ(Sn

ij − k))

where Sn
ij is the label of the pixel (i, j) at the nth iteration and Nxy is the set of 8-neighbors of the pixel (x, y).

Then the choice of the label for the pixel (x, y) in the (n + 1)th iteration, Sn+1
xy , is given by the label kεSn

Nxy

for which the energy, E(k). given by

E(k) = λdm(k) + (1− λ)dc(k) 0 ≤ λ ≤ 1 (2)

is minimum. We used λ = 0.6 for all the images, finding that any value of λ between 0.2 and 0.8 gave similar

results. At λ less than 0.2, i.e. where contiguity was over-emphasized, the result was that several texturally

different, but contiguous, regions were nevertheless segmented as a single region. The candidates that were
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considered were the labels at the nth iteration of the pixels within the 8-neighborhood of (x, y). At the end

of each iteration, the cluster attributes (the µk’s) were updated based on all the pixels that were labeled as

belonging to the cluster at that time.

C. Hierarchical segmentation step

At this point, the image has been requantized, but the quantization has taken the spatial arrangement

of pixel values into account. A region growing algorithm is employed to build a set of connected regions,

where each region consists of 8-connected pixels that belong to the same K-Means cluster. If a connected

region is too small, then its mean texture (the mean of the texture vectors at each pixel in the region) is

compared to the means of the adjoining regions and the small region is merged with the closest mean. This

process is repeated until the regions are such that all their means have reliable statistics. In practice, we

considered a region too small if it had less than 10 contributing (and independent) textural measurements.

When segmenting a single image, the 10 contributing measurements will come from 10 pixels, but if you have

two data fields corresponding to the same domain (visible and IR channels in satellite imagery, for example),

then the 10 measurements can come from only 5 pixels). For comparison purposes, the results in this paper

were all derived using only one image.

The result of the K-Means segmentation, region growing and region merge steps is the most detailed

segmentation of the image. From this point onwards, we work exclusively in the domain of the segmented

regions. The inter-cluster distances of all adjacent clusters (or regions) in the image are computed. A threshold

is set such that half the pairs fall below this threshold. An iterative region merging is carried out whereby

if a pair of clusters differ by less than this threshold, they are merged. More or less than half the clusters

in the image may get merged because the region means are updated at the end of each merge, resulting in a

different number of pairs which are closer than the threshold. The region merges are stopped when none of

the resulting pairs of adjoining regions are closer than the threshold. The segmentation result at this point is

the next coarser segmentation.

Because the results of segmentation at the second stage are formed by region merges only, every region in
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the coarse segmentation completely contains one or more regions in the detailed segmentation. Thus, there

is a hierarchy of containment between the segmented results at these two scales. The inter-cluster distance

threshold is relaxed steadily, set at each iteration to be of a value such that half the cluster pairs are closer

to each other than the threshold. This process is repeated until the segmented results are stable. The result

of the segmentation at each stage gives one level of the hierarchical tree.

III. Comparison to Similar Work

In this paper, we advocate a novel method of performing multiscale segmentation which provides nested

partitions even on textured images. The traditional interpretation of multiscale segmentation is in terms

of multiscale image inputs. In our interpretation, the multiscale nature is in terms of the outputs (nested

partitions). This interpretation of multiscale segmentation, introduced in [53] in terms of explicit spatial

interrelationships, has found wide applicability – in image enhancement [54], for robust segmentation in

image sequences [34] and in image registration [55].

Our argument is buttressed by the needs of the techniques that often follow the segmentation stage. Since

the input to these techniques is the set of components at the various scales, the proposed approach can

provide a better quality input. For example, in the tracking problem [56], it is necessary to match segmented

components across frames. This matching is, by the nature of the problem, subject to association uncertainties.

In a multiscale tracking problem, the matching of segmented components will have to match not only across

frames but across scale as well. By ensuring that there is no leeway in the association of components across

scale, we reduce the dimensionality of the association problem in multiscale tracking.

The methodology followed by [53], however, requires a mapping of the image gray level values, in essence

specifying the “texture” vector to be used. In the method we propose, the choice of texture vector can be

made depending on the types of images being segmented.

A considerable body of work in clustering [57], [58], [59], [60] deals with partitioning clustering techniques.

Partitioning techniques are dynamic, in that they allow pixels to move from cluster to another at different

stages. While the use of partitioning techniques, especially in combination with fuzzy clustering [61], can
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improve cluster validity, partitioning clustering algorithms do not satisfy the requirement of nested partitions.

Nested partitions are essential to the formation of a hierarchical tree representation of the segmented regions.

A recent paper [62] tries to reconcile the relative advantages of hierarchical and partitioning clustering by

determining the “optimum” number of clusters via competitive agglomeration [63]. The method in this paper,

like that of [62], uses agglomerative hierarchical partitioning rather than a divisive method. In the method

proposed in this paper, global cluster information is incorporated via the K cluster means in the image, subject

to Markovian penalties. In [62], global information is incorporated via an a priori assumption of shape, for

example that all clusters are ellipsoidal. An a priori knowledge of cluster shape would be impossible in weather

images, one important application of the segmentation method proposed in this paper.

The method of segmentation – K-means clustering of textural feature vectors – is not new. We drew on

existing segmentation approaches that used K-means clustering on texture vectors. As in [40], a combination

of K-means clustering and morphological operators was used here. As in [41], we iteratively estimate the local

means of each region. As in [44], we use a contiguity-enhanced measure and as in [42], we model the cluster

regions as random fields.

IV. Segmentation accuracy

Texture classification algorithms can be evaluated and compared quantitatively. Typically [64], [65], various

texture representations – Markov Random Field, Gabor filters, fractal dimension measures, logical operators,

coöccurrence matrices or statistics – are used to compute a vector of measurements for every pixel. Using the

computed textures over a number of textured images, a model of the input classes is formed. This model is

then used in tandem with a texture classification technique such as a K-Nearest neighbor classifier or with

a Gauss-Markov classifier to classify the texture vectors found in a set of test images. By varying either

the texture representation or the texture classification method, the percentage of pixels that are correctly

classified may be compared with other known techniques.

Thus, frameworks such as [66] may be used to evaluate texture representations or texture classification

algorithms. However, they cannot be used to evaluate texture segmentation algorithms. In the literature, for
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example [65], this shortcoming is avoided by casting the segmentation problem into a classification one by

requiring that a suitably trained classifier be used for segmentation. Since we are proposing a new technique

of doing image segmentation, a metric geared toward only segmentation needs to be utilized.

The Rand [67] index may be used to compare the partitions yielded by a segmentation algorithm with a

true partioning of the image. When pairs of pixels are considered in turn, the Rand index is the fraction of

pairs correctly placed. If two pixels belong to the same cluster in the truth, then if they belong to the same

cluster in the cluster output, the clustering algorithm has succeeded. Similarly, if the pixels belong to different

clusters in the truth, a successful clustering algorithm should put them into different bins. Thus, the Rand

index computes clustering efficiency by treating the clustering problem as a binary classification problem for

every pair of pixels in the image. This pairwise comparison does not incorporate contiguity. The Rand index,

therefore, does not incorporate the notion of a “region” which is important in segmentation problems.

We propose a metric for image segmentation that is computed similar to the way metrics for texture

classification are computed. A test image, comprised of different textural swatches, is presented to the

segmentation algorithm. At the time of presentation, a labeled image is created with labels 1, 2..., K depending

on which texture was used for that point in the test image. The segmentation algorithm then performs the

segmentation and delivers its output labeled 1, 2, ..M . If the segmentation algorithm requires prior knowledge

of the number of regions, then the value of K is passed into the algorithm (in which case, the resulting M

would be equal to K). At this point, we have the correctly labeled image (the “true” segmentation) and the

segmented image. We can then measure the performance of the segmentation algorithm.

The segmentation accuracy of the ith object in the scene can be computed as: ai = (Si1∨Si2∨ . . .∨SiM )/Ni

where Sij is the number of pixels in the region of the ith object that is occupied by the jth segmented region

and ∨ is the max operator: a ∨ b = max(a, b) Therefore,
∨

j Sij gives the segmented region that covers the

largest fraction of the ith object. The fraction of the ith object occupied by this segmented region is also a

measure of the accuracy with which the segmentation method has segmented that object.

We could measure the overall segmentation accuracy as a fuzzy measure given by the minimum accuracy

with which individual objects, including the “background object”, have been identified, i.e. by: a =
∧K

i

∨
j Sij

Ni
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where ∧ is the min operator: a ∧ b = min(a, b) However, this measure has a shortcoming in that it does not

enforce the separate identification of different regions. This can be enforced by computing the accuracy as:

a =

∨
j Si1j

Ni1

∧
∨

jεE1
Si2j

Ni2

∧ . . .

∨
jεEk−1

Sikj

Nik

(3)

where the regions from the true segmentation (the i’s) are selected such that Nip > Nip+1 , i.e. in decreasing

order of size. The choice of the regions from the result of the segmentation technique (the j’s) is restricted to

the set Ep, the set of j′s that have not been selected as matching any of the previous p regions.

The minimum and maximum operators used here in tandem form a compensatory fuzzy aggregation [68].

The minimum and maximum operators provide the most conservative measures [69], [68]. Other fuzzy aggre-

gation operators, such as the arithmetic or geometric means [70] or an ordered weighted average [71] may also

be used if less extreme characterizations are desired.

A. Brodatz Textures

Following [64], [65], natural textures were chosen from the Brodatz [72] database and arranged within an

image in a known manner. Some of the images created from the Brodatz textures and the best resulting

segmentations of those images are shown in Figure 1. The hierarchical, agglomerative, K-Means technique

described in this paper was compared against two other texture segmentation algorithms reported in the liter-

ature – a contiguity-enhanced K-Means method [44] and with a Kolmogorov-Smirnov test-based method [37].

These techniques were chosen because they are completely unsupervised and because they, like the method

introduced in this paper, require no training on the textures in the image. For the hierarchical method of this

paper, the second most detailed scale of segmentation was chosen for all the measurements – this yields the

benefits of both the K-Means requantization and the inter-cluster distance merging steps.

To make meaningful comparisons possible, the same set of statistical measurements (mean, variance, ho-

mogeneity, kurtosis, and contrast) were computed in the same neighborhood (7x7) about a pixel for all of the

segmentation algorithms. Kurtosis at a pixel (x, y) is computed within the neighborhood of the pixel, Nxy,
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using:

kurtxy =

∑
iεNxy

( Ixy−Ii

sxy
)4

card(Nxy)
(4)

where Ixy is the pixel value at (x, y), sxy the standard deviation in that neighborhood and card is the

cardinality of the neighborhood. Homogeneity is computed as:

homxy =

∑
iεNxy

1

1+(
Ixy−Ii

Ixy
)2

card(Nxy)− 1
(5)

while contrast is computed as:

contrastxy =

∑
iεNxy

( Ixy−Ii

Ixy
)2

card(Nxy)
(6)

Since the traditional K-Means technique requires prior knowledge of the actual number of regions in the

test image, this was input to the algorithm. We also show the result of over-estimating the number of regions.

We demonstrate the effect of K, the number of significant quantization levels in our technique by showing

the results when K is chosen in a range from 2 to 16. The method of [37] was implemented with reasonable

defaults and the best performing initialization [36] and the same set of parameters used for the entire data-set.

The accuracy of segmentation is shown in Table I. For easy reference, the two best performances are shown

in bold.

As expected, textures that are insufficiently captured by the texture representation are segmented poorly.

When the texture is well represented, as in Figure 1c, the resulting segmentation is very good. It should be

noted that the performance of all these segmentation algorithms is without the benefit of texture training –

these are unsupervised texture segmentation algorithms that have not seen these objects before.

The result of segmenting the second test pattern using each of these techniques is shown in Figure 2. The

method introduced here is a hierarchical method, and using only one of the resulting scales actually underes-

timates the performance of the technique. The different scale segmentations that result when segmenting the

fourth test case (D112 and D19) is shown in Figure 3.



LAKSHMANAN ET AL: AN UNSUPERVISED, AGGLOMERATIVE TEXTURE SEGMENTATION TECHNIQUE 15

B. Real-world images

The aerial photograph of San Francisco [73] has been segmented and the results shown in Figure 4.

This is a particularly hard image to segment because there is very high variability within the regions of

the image – note the presence of large black strips within the land portion of the image – and because there

is very little difference between what are truly different parts of the image. For example, the glare on the

water makes that parts of the sea resemble the land surface more than the darker water areas. Thus, it is

not surprising that the results of segmentation using the Markov Random Field-based texture segmentation

approach of [37] are not very good (See Figure 4e).

Statistical texture segmentation methods fare better in the comparison. In the original study [73], seg-

mentation was performed by using statistical tests as a measure of homogeneity and formulating texture

segmentation as a data clustering problem, with inter-cluster differences defined by a multi-scale Gabor filter

image representation. Clustering was done by simulated annealing, with the number of clusters assumed to

be known a priori. Unlike the study [73] from which this image was taken, we obtained these results without

any a priori assumption of the number of regions in the image.

The edge-flow method of [74], like the original study, is Gabor-filter based. The result of segmentation using

the edge flow method is shown in Figure 4f. Except for the water areas, the segmentation performs quite well.

It is noteworthy that we obtain a segmentation of quality comparable to the Gabor-filter methods without

any a priori assumptions about the number of clusters in the image. Other images, including photographs

of buildings and ulcerated leg wounds, are segmented using the technique described here and the results

discussed in [56].

A single infrared satellite weather image was segmented using various unsupervised segmentation methods.

The results are shown in Figure 5. The results of segmentation using the other approaches are poor. This

is not surprising because the infrared satellite weather imagery has several characteristics that make it hard

to segment: very low dynamic range (from about 225K to 240K) for the regions of interest, poor resolution

as compared to the scale of the phenomena of interest, and high pixel value variance, even in the absence of
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edges.

To give an idea of the scale of features we are interested in, and why we deem the segmentation result of the

other techniques not detailed enough, we show a satellite image with more contextual information in Figure 6.

The data from a from a ground-based radar in Oklahoma City, OK, USA at approximately the same time is

shown superimposed on the infrared image. The infrared image, as can be seen from the background maps,

covers the entire central United States.

V. Conclusion

When measured over synthetic images comprised of strips of Brodatz textures, as shown in Table I, the

method of this paper yields a more accurate segmentation than the other techniques considered. Qualitatively,

the method of this paper produces segmentation results that are much better than existing techniques when

applied to real-world images, whether they are building photographs, terrain shots or medical images.

A. Contributions of paper

A novel method of performing multiscale segmentation of images using texture properties has been intro-

duced. Various methods of texture segmentation, were compared with the K-Means clustering of texture

vectors used in this paper.

An objective way to measure the accuracy of texture segmentation algorithms independent of texture

classification was developed and used to compare different texture segmentation algorithms.

Multiscale segmentation in the context of the segmented regions themselves was introduced. This new

approach to multiscale segmentation was incorporated into the K-Means clustering technique as a steady

relaxation of inter-cluster distances.

Our multiscale segmentation approach was demonstrated on several real-world images. It was shown that

quality of the segmented results at the different scales was significantly better, in terms of accuracy, than

existing approaches.
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a b c d

Fig. 1. (a) Image comprised of Brodatz [72] swathes D38 and D24. (b) The result of segmentation by the method of
this paper with K=4. Note that K is not the number of regions – there are actually 83 regions in the segmentation
result shown. Most of these regions are agglomerated in later stages of the multiscale segmentation algorithm (See, for
example, Figure 3). (c) D24, D38 and D68. (d) The result of segmentation by the method of this paper with K=8. The
texture vector captures all three of these textures well, hence the excellent performance.

Test/Technique KS Test K-Means [44] Hierarchical K-Means
(Parameter) [37], [36] K=2or3 K=4 K=2 K=4 K=8 K=16
D12 and D15 0.22 0.21 0.03 0.03 0.37 0.42 0.37
D24, D38, D68 0.05 0.18 0.08 0.06 0.02 0.84 0.57
D84, D94, D29 0.32 0.02 0.04 0.00 0.02 0.04 0.13
D112 and D19 0.05 0.03 0.33 0.02 0.58 0.72 0.53
D15, D112,D38 0.14 0.39 0.20 0.03 0.02 0.24 0.28
D38, D64 0.06 0.73 0.69 0.76 0.89 0.88 0.88
µ 0.14 0.26 0.228 0.149 0.316 0.523 0.459
σ/µ 0.722 0.938 1.013 1.822 1.051 0.599 0.519

TABLE I
Images comprised of Brodatz [72] swathes (See Figure 1) were segmented using various unsupervised,

untrained algorithms and the accuracy computed as in Equation 3. As can be seen, the method of

this paper is the best performing (maximum mean) and the most consistent (least sigma/mean).

a b c d e f

Fig. 2. (a) Image comprised of Brodatz [72] textures D24, D38 and D68. The result of segmentation by (b) the method
of [37]. (c) the method of [44] with K=3 (there are 3 clusters). (d) the method of this paper with K=2. (e) the method
of this paper with K=8 (the best performance). (f) the method of this paper with K=16. This is the second test referred
to in Table I.
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a b c d

Fig. 3. (a) Image comprised of Brodatz [72] textures D112 and D19. The result of segmentation using the method of
this paper with K=16 at various scales. (b) most detailed (accuracy=0.04) (c) second most detailed – this is what is used
in the accuracy computation in Table I. accuracy=0.53. (d) coarse – this is actually the most accurate (accuracy=0.76).
This is the fourth test referred to in Table I.

a b c d e f

Fig. 4. Left to right, top to bottom: (a) An aerial image of San Francisco. (b) The most detailed segmentation of the
image using the method of this paper. (c) Segmentation at a coarser level using the method of this paper. There is
no a priori assumption of the number of regions in the image in the method described in this paper. (d) The result
of segmentation using the method of [73] (a Gabor filtering and clustering based-method, from which this image was
taken) assuming that there are four clusters. (e) Final segmented result, using the MRF-based approach of [37]. (f)
Edges found using the Gabor filter texture segmentation method of [74]
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a b c

d e f

Fig. 5. Segmenting an infrared satellite weather image. (a) The infrared image being segmented. Notice the various
storms at the top of the image. The darker areas in the bottom correspond to ground. (b) The result of segmenting
the image using Markov Random Field (MRF) approach of [37]. There is no detail – the segmentation result has very
large segments. (c) The result of segmenting the image using the method of this paper (the most detailed scale). Notice
the fine detail within the clouds. (d) The next higher scale of segmentation using the method of this paper. The strong
storm cells being significantly colder are retained – the large cloud masses are merged. (e) Thresholding the image into
successively increasing 1Kelvin thresholds. This thresholding captures a lot of detail, but no organization. (f) Using
the watershed segmentation approach of [75]. Because of the textural nature of the data, the watershed algorithm has
very poor performance.
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a b c

d e f

Fig. 6. Segmenting an infrared satellite weather image. (a) The infrared image being segmented. To add contextual
information, a map background with the outlines of states in the Central United States has been added. The area that
will be zoomed into for a closer look is shown in a rectangular area. (b) Showing in more detail an area of the infrared
image for which there is corresponding radar data. (c) Human segmentation of the images based on using both the
radar data and the satellite data. (d) The result of segmenting the image using the method of this paper (the most
detailed scale) using only the infrared image. (e) The result of segmenting the image using Markov Random Field (MRF)
approach of [37]. The required detail is not present in the segmentation. (f) Close-in look at the result in (d). Notice
that the method has found the two significant regions, and placed the storms in the right regions. The exact location
of the boundaries is different because the human was able to use the radar data to locate the extent of the two regions
while the algorithm could use only the textural content of the infrared image.


