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ABSTRACT
In this work, a new feature extraction method is proposed for tex-
ture segmentation. The approach bases on incorporating the phase
information obtained from complex filter banks. The complex di-
rectional filter bank (CDFB) is used to decompose a texture image
in order to provide complex subband coefficients. The local mean
direction, extracted from the phases of the coefficients, is defined as
additional features for classification and segmentation. Simulation
results show that the CDFB phase information is complementary to
the magnitude. Lower classification error rates are achieved. Per-
formance of the proposed method is also compared with other com-
plex filter banks including the Gabor transform and the dual-tree
complex wavelet.

1. INTRODUCTION

Texture segmentation is an important application for pattern recog-
nition and image analysis. It has been studied intensively and many
different features have been proposed to be used as attributes in seg-
mentation. This paper discusses how magnitude and phase informa-
tion of the complex directional filter bank (CDFB) [1] coefficients
can be used to segment texture images.

One of the common approach in texture segmentation is to use
a filter bank to decompose a texture image into subbands [2, 3]. The
subband images, after some nonlinear processing, are then used to
form local features in segmentation. The Gabor filters are widely
used in feature extraction for texture segmentation [4, 5, 6, 7, 8].
In [5], the complex Gabor filters are used to extract features in order
to find the boundaries between textures by comparing the channel
magnitude responses and detecting discontinuities from large vari-
ations in channel phase responses. In [6] a fixed set of Gabor filters
are proposed for texture segmentation. The filter selection method
is based on reconstruction of the input image from the subband im-
ages. Texture classification performances of many different multi-
channel filtering approaches have been compared in [3], and the
conclusion is that no method performs well in all kinds of textures.
The wavelet frame [9] and quadrature mirror filter bank (QMF)
were two of the best filters. Textures are also characterized by fea-
tures extracted from images modeled in multiresolution domain as
Markov random field [10], hidden Markov tree [11] and coupled
Markov random field [12]. Some other works characterize tex-
ture by its rotation invariant roughness using fractal dimension [13],
adaptive scale fixing [14] and local spectral histogram [15] .

In most of the above segmentation methods, though the phase
holds the crucial information about image structures and fea-
tures [16], only the real part or the magnitude of the transform
coefficients is used in texture discrimination. The image features
such as edges and shadows are determined by analyzing the phase
of the harmonic components [17] or computing the phase congru-
ency [18]. Some other applications exploit the local phase informa-
tion across scales of the complex wavelet such as the description of
image texture [19], the detection of blurred images [20] and object
recognition [21]. Another investigation of local phase in the same
orientation and the same scale is based on the dual-tree complex
wavelet transform [22].

Recently, the complex directional filter bank is proposed for
texture image retrieval [23]. When both magnitude and phase infor-

mation in the complex coefficients are used, the classification sys-
tem has the best performance compared to other magnitude based
methods. The phase information is used successfully in texture im-
age retrieval. In this paper, we discuss how to develop the magni-
tude and phase based feature extraction method which is proposed
in [23] to make it suitable for texture segmentation.

2. COMPLEX DIRECTIONAL FILTER BANK AND
LOCAL MEAN DIRECTION FEATURE

2.1 Complex Directional Filter Bank

The shiftable complex directional pyramid is a new image decom-
position, which is recently introduced in [1]. The multiresolution
filter bank is shiftable which means that the energy of the outputs
are independent from the position of the input [1]. According to
Fig. 1, the very high frequency component of the input is removed
to avoid aliasing. The remaining signal is then fed into a multiscale
filter bank where the highpass subband is decomposed by two un-
decimated directional filter banks whose filters satisfy certain phase
constraints (see [1] for details). The lowpass subband is decimated
by two in both directions before being fed into the next level decom-
position, rendering a multiscale representation. At each level, the
outputs from the two sets of filters are treated as the real and imag-
inary parts of complex images. Fig. 1(b) shows the corresponding
directional frequency responses of these complex images where, in
this example, the number of directions K is set to eight and the num-
ber of iterations S is set to three. For more detail of the construction
and the properties of the CDFB, the reader is referred to [1].
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Figure 1: The dual-tree pyramidal directional filter bank for the
CDFB: (a) the first iteration (block P) of the pyramid and (b) the
corresponding subband index of each subband showing for the case
of K = 8 directional subbands in S = 3 scales.

2.2 Relationship between Local Phase and Feature Orientation

It has been stated in [19] that the local phase varies linearly with the
distance from features and in [22] [23], the authors also have ob-
served that the phase of a complex coefficient is consistently linear
with respect to the feature offset (distance to the step). However, the
proof for this relationship has not been given. Here, we will show
that the phase in the vicinity of the feature such as a step or a ramp
has a linear relationship with the distance.

Let the input x(t) = u(t) be a unit step signal, and the ideal
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complex filter h(t) has one-sided frequency support H(ω) as:

H(ω) =
{

1 0≤ ω1 ≤ ω ≤ ω2,
0 otherwise.

The output y(t) can be expressed as:

y(t) =
1

2π

∫ ∞

−∞
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Because the output y(t) is considered in the vicinity of the step, i.e.
|ωt| ¿ 1, hence y(t) can be approximated by:

y(t) ≈ 1
2π j

(
ln

∣∣∣∣
ω2

ω1

∣∣∣∣+ jt(ω2−ω1)
)

,

and the phase of y(t) can be approximated by:

6 y(t)≈ tan−1

(
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| t
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Let p = 1− ω1
ω2

. Hence p ∈ [0 1]. In addition, we have the
inequality: 1− p≤ e−p for 0≤ p≤ 1. Therefore,

ω2(1− ω1
ω2

)t

ln |( ω1
ω2

)−1| =
ω2 pt

ln |(1− p)−1| ≤
ω2 pt
ln |ep| = ω2t ¿ 1,

and the phase of y(t) can be approximated by:

6 y(t) ≈
(

ω2−ω1

ln |ω2
ω1
|

)
t− π

2
.

Similarly, let the input x(t) = tu(t) be a unit ramp signal and the
ideal complex filter H(ω) be defined as above. In this case, the
phase of y(t) can be approximated by:

6 y(t)≈ tan−1

(
ω1ω2 ln |ω2

ω1
|

ω2−ω1
t

)
≈

(
ω1ω2 ln |ω2

ω1
|

ω2−ω1

)
t.

From the above formula, we can see that the phase of y(t) in the
vicinity of the features such as the steps or ramps (at t = 0) is linear
with t (the distance to feature). In the 2-D case, the behavior of the
phase is a straight forward extension of the 1-D case.

Let us consider an edge at angle θk in the supported region of
subband k with 1≤ k≤ K

4 . In this case, the center angle of subband
γk is an acute angle. Assume that the two horizontally adjacent co-
efficients A and B are located in the neighborhood of an edge as
shown in Fig. 3. AA′ and BB′ represent the distances from A and B
to the edge in the direction normal to subband orientation, respec-
tively. The distance between A and B at scale s is Ds = 2s. The
phase at A can be estimated by: 6 ysk(A) = askAA′+bsk. The slope
ask and the intercept bsk are constants for each scale s and orienta-
tion k. Therefore the term (AA′−BB′) in (2) can be computed from
the difference of the phases at A and B:

AA′−BB′ =
6 ysk(A)− 6 ysk(B)

ask
. (1)
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Figure 3: Relationship between the angle θk of an edge and the
distances from two horizontally adjacent coefficients located at A
and B to the edge in the direction normal to the subband orientation
k (1≤ k ≤ K

4 ) at some arbitrary scale.

From Fig. 3 and (1), the feature orientation θk of the CDFB sub-
bands can be approximated by [23]

θk ≈ γk− tanγk +
6 ysk(A)− 6 ysk(B)

askDs cosγk
. (2)

Since the phase difference of two neighboring coefficients or rela-
tive phase (RP) can represent a dominant direction θk within a direc-
tional subband, it is used in the texture image retrieval application.
For more details and the cases of other values of k, the reader is
referred to [23].

Note that the RP feature proposed in [23] for image retrieval
are the circular mean of RPs which determines the global mean di-
rection of the dominant orientations θk in the whole subband k and
the circular variance determines the measure of global dispersion
for these dominant orientations. Since the feature vector [23] repre-
sents the global information, we are not able to use this RP feature
to discriminate the pixels in the segmentation problem. In the next
section, we discuss how to develop the magnitude and phase based
feature extraction method to make it suitable for texture segmenta-
tion.

2.3 Local Mean Direction for Texture Segmentation
The RP of the CDFB at the spatial location (i, j) of scale s and ori-
entation k is calculated from the corresponding subband coefficients
as

psk(i, j) =
{ 6 ysk(i, j)− 6 ysk(i, j +1) if 1≤ k ≤ K

2 ,
6 ysk(i, j)− 6 ysk(i+1, j) if K

2 < k ≤ K,
(3)

where ysk(i, j) is the subband complex coefficient at position (i, j),
s = 1,2, ...,S and k = 1,2, ...,K. Note that, among the K orien-
tations, the first half (1 ≤ k ≤ K

2 ) are more horizontal (vertical in
frequency domain) and thus the RP is calculated in the vertical di-
rection whereas the other half ( K

2 < k ≤ K) are more vertical and it
is calculated in the horizontal direction.

Consider when 1 < k ≤ K
4 . Suppose that there is an edge of

angle θk at position (i, j). This angle can be estimated from the RP
psk(i, j) by

θk ≈ γk− tanγk +
psk(i, j)

askDs cosγk
, (4)

where γk is the center angle of the subband, and ask is a constant
estimated in the neighborhood of (i, j). In our segmentation algo-
rithm, the RP p(i, j) is replaced by the local mean direction (LMD)
of the RPs of the coefficients in the local window, i.e.

θk ≈ γk− tanγk +
p̂sk(i, j)

askDs cosγk
, (5)

where p̂sk(i, j) is the LMD at (i, j) which is defined by

p̂sk(i, j) = arctan
∑i, j∈W sin p(i, j)

∑i, j∈W cos p(i, j)
. (6)
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Figure 2: D17D55 image cropped. (a) CDFB phase (s = 2,k = 2), (b) CDFB-LMD (s = 2,k = 2), (c) CDFB phase (s = 5,k = 3), and (d)
CDFB-LMD (s = 5,k = 3).

The LMD is also computed by (6) for all other values of k. We
can see that the angle of the edge can be estimated from the RP
psk(i, j) in the neighbor of an edge. Hence the RP psk(i, j) is ap-
proximately constant in the vicinity of an edge, and when evaluated
in directional subbands, the LMDs can be used to identify the edge
direction. The quality of texture segmentation depends on the win-
dow size. As the large window is used, the sufficient amount of
information is captured. However, a small window is necessary to
accurately locate the boundaries between texture regions. This sug-
gests that the selection of window size could possibly be based on
the contents of the image. The images with larger texture would
require larger window sizes whereas finer textures would require
smaller windows. In our experiments, the 5×5 window is used for
the texture images and the 3×3 window is used for the real images.

Fig. 2 illustrates the difference between the phase and the LMD.
Each image is a combination between two different types of tex-
tures (D17 and D55). In Figs. 2(a) and (c), each arrow represents
the magnitude (length) and phase (angle) of the CDFB coefficient,
while in Figs. 2(b) and (d), the angle represents the estimated angle
calculated from the LMDs above. It is clear that the distinction of
the LMDs between the two types of textures D17 and D55 can be
captured and recognized in Figs. 2(b) and (d) while no clear distinc-
tion is obtained from the phase of CDFB coefficients.

Since the LMD determines the local mean direction of the dom-
inant orientations θk in the small window, it provides local informa-
tion of the subband images and can discriminates the pixels. There-
fore, the LMD will be used as an additional feature for texture seg-
mentation in the next section.

3. PROPOSED SEGMENTATION METHOD

Image decomposition

by CDFB 

Magnitude Relative Phase

Smoothing Mean direction

Classification

Input

image

Segmentation 

results

Local

mean

direction

function

Local

energy

function

Figure 4: The block diagram for the CDFB-LMD-based segmenta-
tion of texture images.

The framework of the proposed method is shown in Fig. 4. A
texture image is first decomposed by the CDFB shown in Fig. 1.
The complex-valued subband images obtained from the CDFB are
then used to extract local magnitude and phase features. For mag-
nitude, a local smoothing window of size M×M is applied to the
magnitude of the complex coefficients. Therefore, each pixel of the
output of the window represents an average magnitude of the M×M
block. For phase, a local mean direction at a pixel is determined by
the phases of the complex coefficients in the local M×M block.

The classification is tested on two groups of synthetic texture
images from the Brodatz album [24] in our experiments. The texture
images used in the first experiment contains fifteen images, each
composing of two different types of textures. The second group of
textures consists of five images where each has five types of tex-
tures. The size of these images is 256×256. For each experiment,
each image in the database is decomposed by the following three
decomposition methods: the 2-D Gabor transform, the CWT and
the CDFB. The numbers of scales and orientations are chosen to
give the best results. The Gabor transform is applied with six scales
and eight orientations per scale while the CWT has six scales of six
orientations (Recall that the number of orientations of the CWT is
fixed to six.), and the CDFB has five or six scales of eight orienta-
tions.

The local energy is computed over a window by

ek(i, j) =
1
N ∑

(m,n)∈W
wmn|yk(i−m, j−n)|, (7)

where N is the number of elements in the window W . In our ex-
periments, the running average window is used although any other
type of windows such as the Gaussian weighted window can also
be applied [6]. In texture segmentation, neighboring pixels are very
likely to belong to the same texture category. We include the spatial
coordinates of the pixel as additional features as proposed in [6] for
the five-texture image segmentation. For the case of two-texture im-
age segmentation, the spatial coordinates are not used because the
same performance is obtained when adding these two coordinate
features. The LMD features of the subbands are estimated by (6).

When using filter banks, the most frequent segmentation
method is to search for class prototypes in the feature space by clus-
tering the feature vectors according to certain rules. Each image
pixel is classified by determining the class prototype which is clos-
est to its feature vector. In our experiments, we use the standard
K-means clustering algorithm used in [9]. Before clustering each
feature is normalized to have a zero mean and a constant variance.
Some other complex classification methods may also be applied to
further improve the segmentation results. However, this is beyond
the scope of the paper and might smear the effect of the LMD fea-
ture.

4. EXPERIMENT RESULTS

Table 1 summarizes classification error rates using different direc-
tional transforms for the fifteen two-texture images. The average
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Figure 5: Segmentation of real images. (a) pumpkinplant image, (c) island texture, (b) and (d) segmentation results using CDFB-LMD

error rates of the methods after using phase are consistently much
lower than when using magnitude alone. The combination of CDFB
and LMD (CDFB-LMD) yields the best overall segmentation per-
formance of 2.0%. This corresponds to an improvement of 35.4%
from using only magnitude. The improvements after phase incor-
poration for the cases of the Gabor transform (Gabor-LMD) and the
CWT (CWT-LMD) are 27.7% and 31.3% respectively.

In the second experiment with five five-texture images, the av-
erage classification error rates for the CDFB and CDFB-LMD are
summarized in Table 2. The average error rate for the case of
CDFB-LMD is 2.6%, much lower than that of the case of CDFB
which is 4.7%. In this case, the improvement of the CDFB-LMD af-
ter using phase information is 46%. Fig. 5 shows percentage errors
of each of the five five-texture images for CDFB and CDFB-LMD.
It is evident that the CDFB-LMD yields a nice improvement com-
pared to the CDFB which is based on magnitude information alone.
Using this classification result, the segmentation results for the five
images are shown in Fig. 6. It is clear that the phase information
can complement to magnitude information because higher classifi-
cation accuracy and better boundaries are achieved. Fig. ?? shows
the segmentation results of some real images. The color images are
converted to the gray-scale images before segmentation.

Table 1: Comparison of different feature extraction schemes in seg-
mentation of two-texture images

Gabor/+LMD CWT/+LMD CDFB / +LMD
# scales 6 /6 6 /6 5 /5
# orientations 8 /8 6 /6 8 /8
# features 48 /96 36 /72 40 /80
D21-79 3.3 /2.1 2.8 /2.4 2.7 /1.3
D68-6 2.8 /1.3 3.3 /2.2 1.6 /1.4
D101-106 1.6 /1.4 2.1 /1.6 3.0 /1.6
D12-8 2.3 /2.2 2.7 /2.1 3.5 /2.3
D105-16 1.9 /1.2 1.4 /1.1 2.8 /1.7
D21-57 2.1 /1.9 2.1 /1.7 2.2 /1.4
D103-26 2.6 /2.4 2.0 /1.3 2.7 /2.1
D17-72 2.0 /1.8 3.7 /4.0 2.8 /2.2
D54-56 12.7 /5.6 12.9 /5.4 7.5 /4.8
D21-4 2.5 /2.2 2.9 /2.3 3.2 /1.7
D17-55 1.7 /2.2 3.9 /2.1 4.2 /2.2
D21-77 1.8 /1.2 1.6 /0.7 1.2 /1.0
D73-106 1.1 /1.2 0.8 /0.9 2.2 /2.1
D21-83 3.7 /3.1 3.9 /2.9 4.2 /2.2
D85-11 1.6 /1.6 4.7 /4.2 3.4 /2.5
Ave error 2.9%/2.1% 3.4% /2.3% 3.1% /2.0%
Improvement after
using phase 27.7% 31.3% 35.4%

5. CONCLUSION

A new image feature is proposed for texture image segmentation. In
addition to magnitude information typically used in many other seg-

Table 2: Comparison of different feature extraction schemes in seg-
mentation of five-texture images

Gabor CDFB CDFB-LMD
# scales 6 6 6
# orientations 8 8 8
# features 50 50 98
Ave errors 4.4% 4.7% 2.6%
Improvement 46.0%

mentation methods, phase information is incorporated to further im-
prove the performance. The phase information is extracted from the
phase difference of neighboring subband coefficients of the com-
plex transforms including the Gabor transform, the CWT and the
CDFB. From the experiments, the segmentation results after using
phase are much better (27.7%−46% improvement) than using mag-
nitude alone in term of classification error rate with different texture
images. In this paper and the previous work [23], phase information
has been explicitely and successfully utilized for the applications of
texture image segmentation and texture image retrieval. It would
be interesting to see if phase information can be beneficial in other
image processing applications.

0%

1%

2%

3%

4%

5%

6%

Im1 Im2 Im3 Im4 Im5

CDFB CDFB-LMD

Figure 6: Percentage errors for CDFB and CDFB-LMD in segmen-
tation of five-texture images.
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