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ABSTRACT

We present a perceptually-tuned multiscale image segmenta-
tion algorithm that is based on spatially adaptive color and texture
features. The proposed algorithm extends a previously proposed
approach to include multiple texture scales. The determination of
the multiscale texture features is based on perceptual considera-
tions. We also examine the perceptual tuning of the algorithm and
how it is affected by the presence of different texture scales. The
multiscale extension is necessary for segmenting higher resolution
images, and is particularly effective in segmenting objects shown
in different perspectives. The performance of the proposed algo-
rithm is demonstrated in the domain of photographic images.

1. INTRODUCTION

Many Content-Based Image Retrieval (CBIR) systems rely on an
effective scene segmentation for retrieval [1,2]. The focus of this
paper is on segmentation of images of natural scenes based on
color and texture. Segmentation of natural images is particularly
difficult because, on the one hand, it is impossible to separate
the color and spatial frequency components of each texture, and
on the other, textures that appear uniform to the human eye ex-
hibit nonuniform statistical characteristics due to effects of light-
ing, perspective, etc. Thus, the problem of combining spatial tex-
ture and color to obtain segmentations that are consistent with hu-
man perception is quite challenging. The key to addressing this
problem is in combining perceptual models and principles about
the processing of texture and color information with an under-
standing of image characteristics. Although significant effort has
been devoted to understanding perceptual issues in image analy-
sis(e.g., [3-5]), relatively little work has been done in applying
perceptual principles to complex scene segmentation(e. g., [6]).

In our previous work [7, 8], an image segmentation algorithm
that is based on spatially adaptive color and spatial texture features
was presented. The perceptual aspects of this algorithm were fur-
ther developed in [9, 10], while in [10] we considered perceptual
tuning of the algorithm based on subjective tests. In this paper,
we consider multiscale feature extraction and discuss how the dif-
ferent texture scales affect the perceptual tuning of the algorithm.
Our earlier work focused on small thumbnail images. Multiple
scales become necessary when segmenting higher resolution im-
ages, and are especially useful for segmenting objects shown in
different perspectives.

The focus of this work is in the domain of photographic im-
ages. The subject matter includes nature, buildings, people, pure
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textures, objects, indoor scenes, etc. As we explained in [7, 8], the
key to the success of the proposed approach is the recognition of
the fact that it is not necessary to obtain a complete understand-
ing of a given image: In many cases, the identification of a few
key segments (such as “sky, ” “people,” efc.) may be
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mountains,
enough to classify the image in a given category.

The paper is organized as follows. In Section 2, we review
the segmentation algorithm. The multiscale feature extraction is
presented in Section 3. Section 4 discusses the perceptual tuning
of the algorithm, and Section 5 presents segmentation results.

2. SEGMENTATION ALGORITHM OVERVIEW

In this section, we review the basic elements of the adaptive color-
texture segmentation algorithm that was presented in [8,9]. The
flow chart of the algorithm is shown in Fig. 1. The algorithm is
based on two types of spatially adaptive features. One describes
the local color composition, and the other the spatial character-
istics of the grayscale component of the texture. These features
are first developed independently, and then combined to obtain the
overall segmentation.

The color composition features consist of the (spatially adap-
tive) dominant colors and associated percentages in the vicinity of
each pixel. The use of spatially adaptive dominant colors reflects,
on the one hand, the fact that the human visual system (HVS) can-
not simultaneously perceive a large number of colors, and on the
other, the fact that image colors are spatially varying. The spatially
adaptive dominant colors are obtained using the adaptive cluster-
ing algorithm (ACA) for segmentation [11]. The color feature rep-
resentation is as follows:

fc(w7y7Nﬂ%y) = {(Ci(x,y,Nz,y)7pi(x7y,Nz,y))7
Z:173Map1(x7yaNzyy)€ [071]} (1)

where each of the dominant colors, ¢;(x,y, Nz,y), is a three di-
mensional vector in Lab space and p;(z,y, Ng,y) is the corre-
sponding percentage. NN, , denotes the neighborhood around the
pixel at location (x, y) and M is the total number of dominant col-
ors in the neighborhood. A reasonable choice is M = 4. Finally, a
perceptual metric (OCCD) [12] is used to determine the similarity
of two color composition feature vectors.

The spatial texture features describe the spatial characteris-
tics of the grayscale component of the texture, and are based on a
multiscale frequency decomposition such as the steerable pyramid
[13] or the Gabor transform [14]. Such decompositions have been
widely used as descriptions of early visual processing in mammals.
We use the local median energy of the subband coefficients as a
simple but effective characterization of spatial texture. Median op-
erators tend to respond to texture within uniform regions and sup-
press responses associated with transitions between regions. In [9]
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Fig. 1. Schematic of segmentation algorithm

we used a one-level steerable filter decomposition with four orien-
tations, as shown in Fig. 2 (left). The texture features then consist
of a classification of each pixel into one of the following cate-
gories: smooth, horizontal, vertical, +45°, -45°, and complex.

The spatial texture feature extraction consists of two steps.
First we classify pixels into smooth and nonsmooth categories.
Then we further classify nonsmooth pixels into the remaining cat-
egories. Let so(z,y), s1(x,y), s2(z,y), and s3(z,y) represent
the subband coefficient at location (z,y) that corresponds to the
horizontal, +45°, vertical, and -45°slope directions, respectively, as
shown in Fig. 2 (left). We use smax(x,y) to denote the maximum
absolute value of the four coefficients, and s;(x,y) to denote the
subband index that corresponds to that maximum. A pixel (x,y)
is classified as smooth if the median of smax(z’,y’) over a neigh-
borhood of (z,y) is below a threshold To. In [8] this threshold
was determined using a two-level K-means over the image. As
we showed in [10], this threshold can be determined by subjec-
tive tests. If the pixel is nonsmooth, then it is further classified
as follows. We compute the percentage for each value (orienta-
tion) of the index s;(z’,y’) in the neighborhood of (z,y). If the
maximum of the percentages is higher than a threshold 71 (e.g.,
42%) and the difference between the first and second maxima is
greater than a threshold 75, (e.g., 12%), then there is a dominant
orientation in the window and the pixel is classified accordingly.
Otherwise, the pixel is classified as complex. The first threshold
ensures the existence of a dominant orientation and the second en-
sures its uniqueness. Again, these thresholds can be determined by
subjective tests. The use of maximum is due to the fact that neigh-
boring subband filters typically have significant overlap (e.g., in
the steerable filter decomposition) and the maximum carries sig-
nificant information about the texture orientation.

The segmentation algorithm combines the color composition
and spatial texture features to obtain segments of uniform color
texture in two steps. The first relies on a multigrid region grow-
ing algorithm to obtain a crude segmentation. The segmentation
is crude due to the fact that the estimation of the spatial and color
texture features requires a finite window. The second uses an elab-
orate border refinement procedure, which progressively relies on
the color composition features to obtain accurate and precise bor-
der localization.

3. MULTISCALE FEATURE EXTRACTION

In our previous work [7,9,10], we used a one-level decomposition.
However, humans perceive texture at different scales. In fact, the
HVS can perceive multiple scales at the same time. This is done

- -

Fig. 2. Steerable Filter Frequency Response. Left: One-level De-
composition. Right: Two-level Decomposition

through the use of multiple narrowly tuned spatial frequency chan-
nels [15]. Thus, it is important that a computer-based segmentation
algorithm be able to detect textures at different scales. While it is
difficult to capture texture at multiple scales in thumbnail images,
multiscale feature extraction becomes necessary for higher reso-
lution images. Multiple scale analysis can also help capture an
object in different perspectives as one uniform object. In this sec-
tion, we will show how to combine features from different scales
into an overall texture classification.

One of the key ideas in the proposed adaptive color-texture
segmentation approach is to keep the number of texture parameters
small, so that they can be robustly estimated from a limited number
of pixels that may be available in each region. Even if the regions
are large, the changing texture characteristics that are typical in
natural images also dictate that we be able to estimate the texture
parameters using a small window. Thus, we would like to keep the
texture categories the same as we consider multiple scales.

Our multiscale feature extraction scheme is motivated by the
following observations. A texture may be smooth at a finer scale,
horizontal at a coarser scale, and smooth again at an even coarser
scale. In such a case, the texture will be perceived as horizontal.
If on the other hand, a texture is horizontal at one scale and ver-
tical at another, then a human could detect both orientations. In
such a case, it would make more sense to classify the texture as
complex (given the above texture categories). Finally, if a texture
is complex at one scale and horizontal at another, the horizontal
orientation is more likely to dominate the human perception.

Based on the above observations, we propose the following
rules for extending the one-level texture feature extraction method
to multiple scales:

1. For each scale, use the texture extraction method described
in the previous section.

2. If downsampling is performed in the multiscale decompo-
sition, upsample the texture class images obtained at each
scale to the original image size, so that the texture class im-
ages from all scales have the same size.

3. Combine the texture classes of different scales using the
following rules:

e A pixel is classified as smooth only if it is classified as
smooth at all of the scales.

e A pixel is classified as horizontal, vertical, +45°, or -45°,
if all the scales are consistent, where classification in any
given direction at one scale is consistent with a complex
or smooth classification at another scale, but is not consis-
tent with a classification in any other direction at another
scale. Due to the crudeness of the texture classification, we
also consider neighboring directions as consistent with each
other.

922



AR AL

(®)

(©) ()

Fig. 3. Two-level texture map based on steerable filter decomposition. (a) Original grayscale image. (b) Texture classes at scale 0. (c)
Texture classes at scale 1 (upsampled to original image size). (d) Combined texture classification.
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Fig. 4. Spatial texture feature extraction. (a) Original grayscale image. (b) Texture classes from steerable decomposition. (c) Texture

classes from Gabor decomposition.

e Pixels that do not satisfy the above conditions are classified
as complex.

Thus, the complex category includes pixels that are classified as
complex at some scales and smooth at the remaining scales, or
pixels that have inconsistent classification at different scales.

As we mentioned above, the use of multiple scales is particu-
larly useful in capturing textures shown in different perspectives.
Figure 3 shows the texture classifications that are obtained in each
of two different scales, as well as the combined classification. Note
that by combining texture information from two scales, the build-
ing is consolidated into one vertical texture region. Note that the
horizontal lines are too far apart to be captured by either scale.

Finally, we should point out that the window size that is nec-
essary for detecting a texture should increase as the scale becomes
coarser, provided that no downsampling is performed. On the
other hand, if the subband decomposition is critically sampled, as
in the case of the discrete wavelet transform (DWT), the window
should be fixed at all scales. The window used for computing the
color composition features should be chosen accordingly.

4. PERCEPTUAL TUNING

We now discuss the selection of key parameters of the algorithm
based on subjective experiments. But first we discuss the selection
of the multiscale filter bank.

4.1. Filter Bank Selection

We have considered several multiscale frequency decompositions.
The simplest is the DWT, which we used to obtain four texture
classes, namely smooth, horizontal, vertical, and complex. Note
that the DWT cannot distinguish between the two diagonal direc-
tions. We then considered more elaborate decompositions such as
a steerable filter and a Gabor decomposition, which provide two
more texture classes, i.e., +45° and -45°.

We found that the proposed approach works effectively with
any complete/overcomplete directional decomposition. We found
that while the performance of the algorithm depends on the struc-
ture of the frequency decomposition (e.g., the number of levels
and orientations and their spacing), it is relatively independent of
the detailed filter characteristics. As we pointed out in Section 2,
neighboring orientation filters typically have significant overlap.
However, using sharper orientation filters does not make much
of a difference, because it is the maximum of the filter responses
that determines the texture orientation. Figure 4 shows the texture
maps obtained by a one-level steerable pyramid decomposition in
(b) and a one-level Gabor decomposition in (c), both with four ori-
entations. The same procedure was used to obtain the two texture
maps. The Gabor filters used were of size 9 x 9 pixels; the filter
design and parameters were the same as those in [16]. In Fig. 4(b)
and (c), black denotes smooth, white denotes complex, and light
gray denotes horizontal textures. As expected, there are no major
differences in the two results.

4.2. Subjective Experiments

Several key parameters of the segmentation algorithm can be de-
termined by subjective tests. These include the threshold T} for
the smooth/nonsmooth classification and the thresholds necessary
for determining if there is a dominant orientation (7% and 75 de-
fined in Section 2). Another important parameter is the threshold
for the color composition feature similarity.

The subjective experiments isolate small patches of images
corresponding to homogeneous texture and color distributions. The
texture patches are considered out of context, just as the algorithm
does not make use of any context information. The parameter se-
lections are based on a combination of texture statistics and how
humans perceive textures. For more details on the subjective ex-
periments,l we refer the reader to [10,17]. Here, we focus on how
the determination of these parameters is affected by scale.

! Available online at http://peacock.ece.utk.edu/FeatureTest/.
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Fig. 6. Image segmentation based on multiscale texture classes.

The experimental stimuli consisted of 37 uniform color texture
segments of images from a photo CD. The textures were available
at four or five scales. By using textures of different scales, there
was no need to compute texture statistics in several scales. Thus,
the thresholds obtained this way can be used across scales. We
used a fixed window size that was reasonably big (e.g., 23 x 23
pixels), so that several texture scales can be perceived.

Note that, by displaying several texture scales, we can also
find the minimum scale that can be perceived at that window size.
Conversely, since the minimum window size at which a texture
can be perceived is inversely proportional to the scale, this exper-
iment can be used to determine the minimum window size. The
determination of such a minimum window size is important for
the performance of the segmentation algorithm. This is because,
in order to obtain accurate border localization and adaptation to
local texture characteristics, it is important to keep this parameter
as small as possible. On the other hand, the window size should be
big in order to obtain accurate estimates of the texture characteris-
tics. Thus, it is necessary to select the smallest window size that
captures the texture characteristics at a given scale.

5. SEGMENTATION RESULTS

Using the multiscale texture classification we developed in this pa-
per, together with the perceptually tuned parameters [10], we can
now obtain a perceptually tuned multiscale color-texture segmen-
tation. A comparison of the segmentation results based on one-
level texture classes and multiscale texture classification is shown
in Figs. 5 and 6, respectively. In both cases, the texture window
size was 23 x 23. Note that in both cases, the multiscale approach
results in improved segmentations.
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