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Wavelet packet transform known as a substantial extension of wavelet transform has drawn a lot of attention to visual applications.
In this paper, we advocate using adaptive wavelet packet transform for texture synthesis.The adaptive wavelet packet coefficients of
an image are organized into hierarchical trees called adaptive wavelet packet trees, based on which an efficient algorithm has been
proposed to speed up the synthesis process, from the low-frequency tree nodes representing the global characteristics of textures
to the high-frequency tree nodes representing the local details. Experimental results show that the texture synthesis in the adaptive
wavelet packet trees (TSIAWPT) algorithm is suitable for a variety of textures and is preferable in terms of computation time.

1. Introduction

The goal of texture synthesis is to generate an arbitrarily large
image that resembles a given sample texture in appearance.
With the emerging market in various applications ranging
from computer graphics, machine vision to advanced imag-
ing products [1–4], texture synthesis has been one of the
increasingly active areas of research in recent years [5–7].
Though it is difficult to precisely define textures, two main
categories have been commonly used to describe textures as
either stochastic or structural patterns. For more complete
surveys of texture analysis and synthesis, the reader is referred
to [1, 8, 9].

One of the straightforward ways to synthesize a large
textured image is to duplicate a given sample texture and
stitch them together. In order to ameliorate the blocking
seams [10], Cheng proposed a seamlessmontagemethodwith
suitable tiles designed by using the quilting algorithm [11]
and Wang Tiles [12] in [13]. With the assumption of Markov
random field (MRF) [14, 15], Efros and Leung estimated
the conditional distributions of output pixels from the input
pixels that are similar to the neighbors for nonparametric

texture synthesis [16]. Wei and Levoy proposed a search-
based order-independent algorithm to synthesize textures
in an arbitrary order [17]. As MRF modeling is local and
stationary, textures can be efficiently synthesized patch by
patch, instead of pixel by pixel [18]. To speed up the process
of synthesizing textures, many multiresolution based-texture
synthesis algorithmswere proposed [19–26]. In [19], anMRF-
based similarity metric was used to minimize the difference
between the synthesis image and the sample texture from
lower to higher resolutions. The algorithm presented in [20]
is a discrete version of [19] with an improvement in speed. In
[21], the lowest-resolution texture was first synthesized, based
on which a set of four candidate pixels were examined to find
the best synthesis pixel at the next higher-resolution level; this
process repeatedly proceeded until the highest-resolution
texture was obtained. Fang presented a fast multiresolution
image completion algorithm with improved convergence of
the synthesis process [22]. De Bonet used the Laplacian
pyramid [23] together with a filter bank to capture the
characteristics of the input texture atmultiple resolutions and
then synthesized the output imagewith an efficient resolution
recursive sampling procedure [24].Wei proposed a scheme to
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synthesize textures in the Gaussian pyramid [25] through the
use of tree-structured vector quantization [26].

Wavelet transform provides an efficient multiresolution
analysis [27–30]. It decomposes an image into subbands
with orientation selectivity, in which the higher-frequency
components are represented by shorter basis functions with
higher spatial resolutions, and the lower frequency compo-
nents are represented by larger basis functions with higher
spectral resolutions; this property matches the human visual
system [31]. Yu et al. proposed a simple scheme to synthesize
wavelet coefficients by sampling from the wavelet coefficients
of the input texture [32]. Cui proposed texture synthesis
based on the lowest-frequency scaling coefficients only; the
corresponding higher-frequency wavelet coefficients were
obtained accordingly [33]. For images with textures, there
are significant coefficients throughout wavelet subbands [34];
this needs to be taken into account for a more compact
representation. Wavelet packet transform extends wavelet
transform by including more basis functions [27]. In [35],
we adopted an efficient scheme to organize wavelet packet
coefficients into hierarchical trees, based onwhich an efficient
algorithm had been proposed for texture synthesis. Though
wavelet packet transform is preferable to wavelet transform
in terms of the representational diversity, the dominant
components of an image may only be distributed in parts of
thewavelet subbands.Hence, it is not necessary to decompose
all of the wavelet subbands of an image into wavelet packets
[36–38]. In this paper, an adaptive wavelet packet transform
has been proposed to represent textures in the adaptive
wavelet packet trees, based on which a fast texture synthesis
algorithm has also been proposed.

The remainder of this paper proceeds as follows. In
Section 2, the construction of hierarchical wavelet packet
trees is briefly reviewed. Section 3 presents the proposed
adaptive-wavelet-packet-tree-based texture synthesis algo-
rithm. Experimental results are given in Section 4. A conclu-
sion can be found in Section 5.

2. Hierarchical Wavelet Packet Trees

One of the advantages of using wavelet transform is to
represent signals at multiple resolutions. For various decom-
positions with more basis functions, the high-frequency
wavelet subbands of a signal can be further decomposed
using wavelet packet transform.More specifically, a sequence
of wavelet coefficients (WC) 𝐷

ℓ
(𝑘) at resolution ℓ can be

decomposed by
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where ℎ(𝑛) and 𝑔(𝑛) are the low-pass and high-pass wavelet
filters, respectively, and �̃�

ℓ,1
(𝑛) and �̃�

ℓ,2
(𝑛) arewavelet packet
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Figure 1: Example of an adaptive wavelet packet tree consisting
of two wavelet subtrees in the horizontal and vertical directions
(solid lines) and onewavelet packet subtree in the diagonal direction
(dashed lines).

a single sequence [35]:
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The combination of the above is based on the spatial relation-
ships.

For image applications, 2D wavelet transform/wavelet
packet transform can be obtained by using the tensor prod-
uct of tow 1D wavelet transform/wavelet packet transform.
Figure 1 shows a 2-level 2D wavelet transform, in which 𝐿𝐿

2

is the lowest frequency subband representing the approx-
imation of an image at the coarsest resolution 2; 𝐻𝐿

ℓ
,

𝐿𝐻
ℓ
, and 𝐻𝐻

ℓ
are the high frequency wavelet subbands

representing the detail information in the horizontal, vertical,
and diagonal directions, respectively, at resolution ℓ = 1, 2;
the wavelet subbands are delimited by solid lines, and two
wavelet subtrees delineated by solid lines are also given to
show the spatial relationships between subbands 𝐻𝐿

1
and

𝐻𝐿
2
(𝐿𝐻
1
and 𝐿𝐻

2
) at two successive resolution levels in

the horizontal (vertical) direction. In addition, the wavelet
subband 𝐻𝐻

1
has been decomposed into 4 wavelet packet

subbands (delimited by dashed lines), together with the
subband 𝐻𝐻

2
; a 2D wavelet packet subtree delineated by

dashed lines has been constructed by combining 2D WPC
horizontally followed by vertically, or vice versa.

3. Adaptive Wavelet Packet Trees and Thier
Application to Texture Synthesis

Wavelet packet transform has the advantage of representing
images with more choices of basis functions. This section
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Table 1: Numbers of significant wavelet coefficients (WC), wavelet packet coefficients (WPC), and adaptive wavelet packet coefficients
(AWPC) from themost significant bit-plane 1 to the least significant bit-plane 8 and the reduced numbers of significant coefficients comparing
WC to WPC and WPC to AWPC for the test image shown in Figure 2(a).

Bit plane WC WPC AWPC WC-WPC WPC-AWPC
1 213 222 222 −9 0
2 1026 1084 1087 −58 −3

3 2558 2211 2250 347 −39

4 4647 3996 3880 651 116
5 6954 6271 5990 683 281
6 9663 9239 8858 424 381
7 12870 12616 12299 254 317
8 16683 16489 16264 194 225

presents an efficient algorithm to synthesize textures in the
adaptive wavelet packet domain and a simple scheme to
accelerate the synthesis process.

3.1. Adaptive Wavelet Packet Trees. For images with textures,
it is likely that lots of wavelet coefficients are significant
throughout the wavelet subbands, depending on the charac-
teristics of the constituent textures. Though all of the wavelet
subbands can be fully decomposed intowavelet packets, there
may still be textures that are dominated by some of the
wavelet subbands. Hence, we advocate the use of adaptive
wavelet packet transform for texture synthesis. For the sake of
simplicity, the following criterion has been used to determine
the significance of a coefficient:

Sig (𝑃
𝑖
(𝑥, 𝑦)) =

{{

{{

{

1,

𝑃𝑖 (𝑥, 𝑦)


max 𝑃𝑖 (𝑥, 𝑦)


> 𝑇
𝑟
,

0, otherwise,
(3)

where the magnitude of a coefficient 𝑃
𝑖
(𝑥, 𝑦) at position

(𝑥, 𝑦) in subband 𝐵
𝑖
is first normalized and then compared

to a threshold 𝑇
𝑟
. For each non-𝐿𝐿 subband, it is further

decomposed until the number of significant coefficients has
no longer decreased; this leads to the desired adaptive wavelet
packet transform.

Take the image shown in Figure 2(a) as an example,
Table 1 shows the numbers of significant wavelet coefficients
(WC), wavelet packet coefficients (WPC), and adaptive
wavelet packet coefficients (AWPC) with respect to threshold
2
−𝑗 at bit-plane 𝑗, 𝑗 = 1, . . . , 8, together with the reduced
numbers of significant coefficients comparing WC to WPC
and WPC to AWPC. As noted, the numbers of significant
coefficients have been reduced starting form bit-plane 3 by
using wavelet packet transform and reduced more starting
from bit-plane 4 by using the proposed adaptive wavelet
packet transform. It implies that the dominant components
of high-detailed textures are likely to be more concentrated
in the adaptive wavelet packet domain.

As only the significant wavelet subbands of an image
are decomposed into wavelet packet subbands, the resulting
adaptivewavelet packet treesmay consist of bothwavelet sub-
trees and wavelet packet subtrees. Figure 1 shows an adaptive

(a) (b)

(c)

Figure 2: (a) Test image; (b) and (c) synthesis results using TSIWPT
[35] and TSIAWPT.

wavelet packet tree consisting of two wavelet subtrees in the
horizontal and vertical directions, and one wavelet packet
subtree in the diagonal direction. It still retains the same
hierarchical structure as the conventional wavelet trees.

3.2. Acceleration. In [35]we proposed theTSIWPTalgorithm
to synthesize a large textured image inwavelet packet trees. To
reduce the computation time, TSIWPTminimizes the differ-
ence between the output wavelet packet trees and the input
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wavelet packet trees based on their respective luminance
components only. However, it may cause color distortions,
especially for quasi-regular textures with different colors. For
example; Figure 2(a) shows a regular texture consisting of
blue, green, and red circular objects. The synthesis result
using TSIWPT has some colormixes as shown in Figure 2(b).
Though one can easily solve such color distortion problem
by taking the color components into account directly while
searching for the best output wavelet packet trees, it often
leads to a great increase in computation time.

In this paper, we adopt the clustering approach to address
the above speed and quality issue. The idea is to group the
input adaptive wavelet packet trees into similarity sets, from
which the best output adaptive wavelet packet trees are to be
constructed. The running time can be reduced as the search
of the best output adaptive wavelet packet trees is restricted to
the similarity sets. In addition, the similarity sets of adaptive
wavelet packet trees are constructed from the input adaptive
wavelet packet trees; thus, a look-up table (LUT) can be used
to store their locations in the input adaptive wavelet packet
domain, which is independent of the size of the output image.
As a result, the larger the synthesis image is, the greater the
reduced computation time will be.

3.3. Proposed Algorithm. Figure 3 depicts a flowchart of the
texture synthesis in adaptive wavelet packet trees (TSIAWPT)
algorithm. We summarize TSIAWPT as follows.

Step 1. Construct the input the adaptive wavelet packet trees
(AWPT) via adaptive wavelet packet transform.

Step 2. Cluster the input AWPT into similarity sets and build
an LUT to store their locations.

Step 3. Take a patch of input AWPT as the initial patch of
output AWPT. For the next patch of output AWPT to be
synthesized, take the union of the neighboring similarity sets
as the candidate set; evaluate the low-frequency tree nodes to
refine the candidate set. Empirically, the tree nodes at the top
two AWPT levels are suitable for the refinement of candidate
sets.

Step 4. Search the refined candidate set for the best patch of
output AWPT based on the high-frequency tree nodes.

Step 5. Repeat Step 3 followed by Step 4 until all the patches
of output AWPT are synthesized.

Step 6. Take the inverse of the output AWPT to produce the
synthesis image.

For a raster scan with rectangular patches, two types of
neighboring patches, that is, the upper and left neighboring
patches, are involved in clustering the input AWPT into
similarity sets. The synthesized patches of output AWPT are
thus obtained from the union of their respective upper and
left neighboring similarity sets.

To determine a suitable patch size for textures with quasi-
periodic structures, we adopt the use of autocorrelation

Reduce the candidate set of adaptive 

wavelet packet trees based on the low-

frequency tree nodes

Cluster the adaptive wavelet packet trees

Input texture

Find the best output adaptive wavelet 

packet trees from the reduced

candidate set based on the high- 

frequency tree nodes

Adaptive wavelet packet transform

Inverse adaptive wavelet packet transform

Synthesis image

Figure 3: Flowchart of the TSIAWPT algorithm.

function (ACF) given by

𝑅 (𝑚, 𝑛) =
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where 𝑃
0
(𝑥, 𝑦) is an adaptive wavelet packet coefficient at

position (𝑥, 𝑦) in the lowest-frequency subband 0 and 𝑚
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where𝑀
0
×𝑁
0
is the size of the lowest-frequency subband of

the input texture and ⌊𝑧⌋ denotes the largest integer less than
𝑧.
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Figure 4: More synthesis results using TSIAWPT: architectures (1st row), regular structures (2nd row), leaves (3rd row), raw materials (4th
row), and man-made materials (5th row).
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Figure 5: Synthesis results of the input images (1st column) using Efros’s algorithm [11] (2nd column), Cui’s algorithm [33] (3rd column),
and the TSIAWPT algorithm (4th column).
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Figure 6: Computation times of Efros’s algorithm [11] (solid line),
Cui’s algorithm [33] (dashed line), TSIWPT [35] (dashdot line), and
TSIAWPT (dotted line).

4. Experimental Results

In our experiments, the commonly used 9/7-wavelet filters
adopted in the JPEG2000 standard are used to decompose
the input image into adaptive wavelet packets; the size of the
lowest-frequency subband is 32 × 32; in other words, the
number of decomposition levels is 3 for 256 × 256 images;
rectangular patches with the ACF-based patch sizes are used;
the width of overlapping borders is set to one-sixth of the
patch size; the 𝑘-means algorithm is used to cluster the input
AWPT into similarity sets.

In the first experiment, we demonstrate that the color
distortion caused by using TSIWPT can be avoided by using
TSIAWPT, as shown in Figures 2(b) and 2(c), respectively.
More synthesis results using TSIAWPT for various types of
textures, namely architectures, regular structures, leaves, raw
materials, and man-made materials, are given in Figure 4.

The second experiment is to compare the TSIAWPT
algorithm with two other well-known algorithms, Efros’s
algorithm [11] and Cui’s algorithm [33]. The size of synthesis
images is twice the size of the input images. Figure 5 shows
the synthesis results. It is noted that TSIAWPT outperforms
Efros’s algorithm and is marginally preferable to the Cui’s
algorithm. Moreover, there are some blocking defects in the
fourth and fifth synthesis images using Efros’s algorithm. As
the last step of TSIAWPT is inverse adaptive wavelet packet
transform, which essentially involves low pass filtering, there
is almost no blocking defect using TSIAWPT.

The last experiment is to evaluate the running speed.
Figure 6 shows the computation times required to synthesize
images with different sizes using Efros’s algorithm, the Cui’s
algorithm, TSIWPT, and TSIAWPT. All of the above were
simulated on a PC equippedwith aCPUof 1.73GHz and 4GB
of RAM. It is noted that TSIAWPT is preferable to the others
in terms of computation time, especially for synthesizing
large textures.

5. Conclusion

Adaptive wavelet packet transform provides a more compact
representation for textured images, andmoreover they can be
efficiently represented in adaptive wavelet packet trees with
the same hierarchical structure as the conventional wavelet
trees. An efficient algorithm, TSIAWPT, has been proposed to
synthesize textures in adaptive wavelet packet trees. It has the
advantage of reducing computation time substantially and
there is no training process involved. Specifically, the average
time required to synthesize an 256 × 256 image from an
128 × 128 input texture is in a fraction of a second.
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