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Audio Textures: Theory and Applications
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Abstract—In this paper, we introduce a new audio medium,
called audio texture, as a means of synthesizing long audio stream
according to a given short example audio clip. The example clip
is first analyzed to extract its basic building patterns. An audio
stream of arbitrary length is then synthesized using a sequence
of extracted building patterns. The patterns can be varied in the
synthesis process to add variations to the generated sound to avoid
simple repetition. Audio textures are useful in applications such
as background music, lullabies, game music, and screen saver
sounds. We also extend this idea to audio texture restoration,
or constrained audio texture synthesis for restoring the missing
part in an audio clip. It is also useful in many applications such
as error concealment for audio/music delivery with packets loss
on the Internet. Novel methods are proposed for unconstrained
and constrained audio texture synthesis. Preliminary results are
provided for evaluation.

Index Terms—Audio texture restoration, audio texture synthesis,
audio textures, constrained audio texture.

I. INTRODUCTION

HE size of audio media is an important consideration

in applications involving audio. The concerns include
the storage needed for the audio data, and the time needed
for download and transmission when the Internet is involved,
especially for the narrow-band network environments. How to
make such media objects small in sizes will be critical to the
success of the applications.

In many applications, there is a need for a simple sound of
arbitrary length, such as lullabies, game music, and background
music in screen savers. Such sounds are relatively monotonic,
simple in structure, and characterize repeated yet possibly vari-
able sound patterns. A very long, simple but not exactly re-
peating sound would require huge storage. It will be better if we
have a technology to generate such a long audio stream from a
given short and simple audio clip. Thus we can only store the
short audio clip, and then generate a long audio stream of any
length in the user end. By doing so, much storage and transmis-
sion time can be saved.

In this paper, we introduce the idea of a new audio media,
which is referred to as audio texture, as an efficient method
for generating such long sounds from example clips. We
call it audio texture because it exhibits repeated or similar
patterns, just like image textures and video textures [1]. Audio
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texture provides an efficient means of synthesizing continuous,
perceptually meaningful, yet nonrepetitive audio stream from
an example audio clip. It is “perceptually meaningful” in the
sense that the synthesized audio stream is perceptually similar
to the given example clip. However, an audio texture is not just
a simple repetition of the audio patterns contained in the input;
variations of the original patterns are fused into it to give a
more vivid stream. The audio stream can be of arbitrary length
according to the need.

The idea of audio texture is inspired by video textures [1],
a new type of visual medium. The latter was proposed as a
temporal extension of two-dimensional (2-D) image texture
synthesis [2], [3], and is researched in the areas of computer
vision and graphics. It is natural to generalize the idea to audio
data. Audio data as a signal sequence presents self-similarity
as a video sequence does. The self-similarity of music and
audio has been shown in [4] using a visualization method.
So far, audio similarity is mostly studied for audio or music
classification and retrieval only [5], [6] but not for new audio
clip generation. Musical Mosaicing [18] addressed an issue of
retrieving sound samples in large database and combine them
to generate a new sequence, by specifying only high-level
properties. It is similar to audio texture on generating a new
sequence. However, musical mosaicing is generated from a
corps of sound samples, while audio texture is generated based
on the self-similarity of a given audio clip.

One kind of audio texture synthesis is to generate, from a
short piece of example audio clip, an arbitrarily long audio se-
quence which bears similarity patterns to the original clip yet
presents variations. In such a case, audio texture is generated
from the audio example relatively freely, since there are no spe-
cial constraints on it. We refer to this kind of audio texture syn-
thesis as unconstrained audio texture synthesis.

We also extend the idea to constrained texture synthesis, in
which a part of audio signal is lost because of some reasons,
as illustrated in Fig. 1, where the missing part is assumed as
being filled with zero values. In this case, audio texture can be
used to restore the missing part according to the self-similarity
of audio structure. Such audio texture synthesis is constrained
by the beginning and ending points of the missing part. That
is, the synthesized part should be perceptually smooth at the
joint points with the remaining audio clip. No uncomfortable
break or click is expected at those points. Hence, we refer to
this kind of restoration as constrained audio texture synthesis,
compared to the former unconstrained audio texture synthesis
which is free from the boundary effects. Since the constrained
audio texture synthesis generates a frame sequence which can be
used to perceptually smoothly restore the missing part, it is also
called audio texture restoration. It is a little bit different from
the traditional digital audio restoration, where the objective is
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Fig. 1. Audio example which lost many frames.

not to restore the missing part, but to restore the degraded audio
signals, such as click removal, noise removal for gramophone
recordings, film sound tracks, and tape recordings [13].

Constrained audio texture synthesis is also very helpful in
some other applications. For example, in the application of
audio/music delivery on the internet, some missing frames can
be caused due to lost packets, audio textures synthesis can
be used to restore these missing frames. Compared with most
traditional error concealment methods, which only dealt with
errors with a short length (typically around 20 ms or several
packets) [11], [12], our method can restore the audio with loss
of a much longer length, such as 1 s and more.

A two-stage method, which includes analysis and synthesis,
is proposed for generating audio textures with or without con-
straints. In the analysis stage, the example clip is analyzed in
structure, and segmented into sub-clips by extracting its building
patterns or equivalently finding pattern breakpoints. This step is
based on the similarity measure between each pair of frames ac-
cording to their Mel-frequency Cepstral Coefficients (MFCCs).
In the synthesis stage, the sequence of the sub-clips or frames is
decided for generating new audio stream in unconstrained case
or restoring the missing audio part in constrained case. Vari-
able effects can be combined into the building patterns to avoid
monotony of the newly synthesized audio stream.

However, it should be noted that the proposed audio texture
synthesis method is currently more suitable for those audio sig-
nals with simple structures. For simple structure audio, it is rela-
tively easy to analyze its structure and extract its building pattern
more accurately, and hence, will make the generated or restored
audio perceptual better. It may be not applicable to complex
music such as arbitrary music pieces from compact disks. For
example, for those songs or music with lyrics, the method will
fail. It is difficult to generate perceptually smooth and mean-
ingful lyrics only based on self similarity.

The rest of the paper is organized as follows. Section II
presents an overview of the proposed methods for audio
textures generation with or without constraints. Section III dis-
cusses the algorithms for analyzing audio structure. Section IV
and Section V describes the algorithms for unconstrained
audio texture synthesis and constrained audio texture synthesis,
respectively. Section VI presents some applications on audio
textures and provides some preliminary results. Conclusions
are given in the Section VIIL.

II. SYSTEM OVERVIEW

The proposed method for audio texture generation (both con-
strained and un-constrained) can be divided into two stages:
analysis and synthesis, as shown in Fig. 2.
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Fig. 2. System overview diagram on unconstrained and constrained audio
textures syntheses, in which the solid rectangles and solid arrows represent
the basic synthesis process; the dashed rectangle means that it is used in the
constrained case but unnecessary in the unconstrained case; and the dashed
ellipse means that user control can be introduced for final combination.

In the analysis stage, feature is extracted to represent the
original audio data. The main feature used in our approach is
MFCC. MFCC is a set of perception-based spectral features. It
is commonly used with great success in speech and audio pro-
cessing [4], [6], [14]. Actually, many other features could also be
used for such purpose, such as Linear Predictive Coding (LPC)
[14], correlogram [15], and others special features [5]. How-
ever, although these features are useful in some specific applica-
tions, they are not proved significantly better or more universal
than MFCC for general audio applications. Hence, we use only
MFCC in our implementation in this paper.

Then, the structure of the audio clip is analyzed, and the audio
clip is segmented into several basic building patterns or sub-
clips, where a pattern or sub-clip can be composed of a single
frame or multiple frames. From many algorithms for audio seg-
mentation [7], [16], [17], a novelty detection method [7] is se-
lected and used in our approach to segment the audio clip into
sub-clips. Meanwhile, the similarity and transition probability
between each two sub-clips are calculated for further synthesis.
In the case of constrained synthesis, the missing part of audio
clip should be located firstly. In Fig. 2, the module of missing
part determination is drawn as a dashed rectangle, which means
it is used in the constrained case but unnecessary in the uncon-
strained case.

In the synthesis stage, we use sub-clip as the synthesis unit.
We still keep using frame as synthesis unit, especially when no
obvious building patterns are extracted from the input audio
example. Using different synthesis unit is more efficient for
different kind of audio and various synthesis requirements.
Actually, frames can be considered as a special case of sub-clips.

A sub-clip sequence is first generated based on the transition
probabilities, by deciding which sub-clip should be played
after a given sub-clip. The sub-sequence determination is free
from the boundary constraints in an unconstrained case; while
the boundary smoothness should always be kept in mind in
a constrained case. Different effects can be introduced by
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determining different sub-clip sequence or adding various
effects to the sub-clips. The variations include time scaling and
pitch shifting, which can be implemented by the synchronous
overlap-add (SOLA) method [9], [10]. Users can also indicate
what effects should be added and how to combine the sub-clips.
The user control module is represented as a dashed ellipse
in Fig. 2. Once these are done, a perceptually natural audio
stream, or an audio texture, is generated or restored.

III. ANALYSIS PROCESS

In this stage, the structure of the input audio clip is analyzed.
It consists of two steps: similarity and transition probability are
first measured between each pair of frames, and the audio clip
is then segmented into sub-clips as basic building blocks.

The input audio clip is firstly segmented into frames with
a uniform length. The uniform frame length is 32 ms in our
current implementation. Thus, each frame comprises 256 points
for an audio clip with an 8 KHz sampling rate. Discrete Fourier
Transform (DFT) is performed on each frame and then 16-order
MEFECC is calculated from the DFT coefficients

A. Similarity Measure and Transition Probability

In order to generate a perceptually natural audio texture, it
is necessary to consider the similarity between any two frames
and the transition probability from one to the other. The simi-
larity measure will be used to calculate the novelty score [7],
[8], extract the audio structure and segment the original audio
into sub-clips. It is also the basis for synthesis if frame is used
as the synthesis unit.

Let V; and V; be the feature vectors of frames 7 and j in
the MFCC feature space. The similarity measurement is simply
based on vector correlation and defined as

Sii — _VieV; (1)
TVl vl
where S;; represents the similarity between frame ¢ and frame
7. Since the feature value is arbitrary in the MFCC space, the
values of S;; range in [—1, 1] in theory.

The above measure considers two isolated frames only. In
order to give a more comprehensive representation of the sim-
ilarity, it will be better if their neighboring temporal frames
are taken into considerations. Suppose that the previous m and

next m frames are considered with weights [w_,,, . . ., wy,], the
better similarity is developed as follows:
m
si; = Z WeSitk,j+k- 2)
k=—m

This method captures the time dependence of the frames.
To yield a high similarity score, it requires that the two subse-
quences should be similar. In this way, we are actually matching
two sub-clips instead of just two frames.

In our implementation, a symmetric rectangle weighting
window is used, supposing that each frame has the same
importance. We also tried other kinds of window functions,
such as Hanning window, the results are similar. The length of
the window is also difficult to set. Different sounds might need
different length of window. For example, given a music clip,

if the length of the window is synchronous with its beat, the
results might be better. However, since there are no obvious
directions on it, a constant length is used for each audio clip,
in our current implementation.

Based on the similarity measure, transition probability is
defined as follows. The transition probability from frame ¢ to
frame j depends on the similarity between frames ¢ + 1 and j.
The more similar these two frames are, the higher the transition
probability should be. In this principle, the transition proba-
bility is related to the similarity by the following exponential
function:

Str
Py = Aexp | —H 3)
a

where A is the normalizing constant such that > y P;; =1, and
o is the scaling parameter. Smaller values of o emphasize the
very best transitions while larger values of o allow for greater
variety at the cost of poorer transitions.

Fig. 3 shows an example of the similarity matrix, using 2-D
gray images representing s/, ; forall i, j, computed from a piece
of music clip, which comprises 550 frames. The brightness of
a pixel is proportional to the corresponding value. The brighter
the pixel is, the larger the similarity is. The transition probability
matrix is similar to the similarity matrix but with a one-pixel
offset. The figure also illustrates the self-similarity of audio or
music structure.

B. Sub-Clip Extraction

Similar to the di-phones in text-to-speech system [9], [21] or
the grains in granular synthesis [19], some possible building pat-
terns are also detected from the given audio clip and are used
to synthesize textures instead of frames. Building patterns will
be obtained by segmenting the input audio clip into sub-clips at
some breakpoints. Although many algorithms on audio segmen-
tation [7], [16], [17] exists, a novelty-based method is utilized
here. Novelty score [7], [8] is used to measure the possibility
of a new building pattern appearing. Segmentation is performed
based on the novelty score at each time slot.

Consider a simple audio clip having only two extremely dif-
ferent sound objects, where each object composes of N frames
and exists steadily in its lifecycle. Suppose the characteristics
of these two objects are totally reversed, the correlation of each
object itself is positive one, and the correlation between these
two objects is negative one. Thus, the similarity matrix of this
simple audio clip is something like the following:

Iy -Iy
s=| 5 ] @

where [y isa IV x N unit matrix. The diagonal unit matrix cor-
responds to the sound objects which have high self-similarity,
while the off-diagonal matrix corresponds to the low cross-sim-
ilarity between these two sound objects. It should be noted that
these two sound objects are supposed in an extreme case; there
may not exist such sound objects that are completely negatively
correlated in real world.

If S is correlated with a kernel matrix which looks like S but
has a smaller dimension, a maximum value will be obtained at
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Fig. 3. Similarity matrix of an example music clip.

the boundary of the two sound objects. For example, a simplest
kernel matrix can be

171 -1
k=14 7 )

When S is correlated with K along the diagonal direction,
the result value is 1 only at the position N, while it is O at other
positions. That means the boundary is at time slot V. Itis similar
to the edge detection in image processing.

The correlation value at each diagonal point is taken as the
novelty score at that time. In general, the novelty score at the
ith frame can be calculated as

w/2 w/2

Z Z KmnSitm,itn (6)

m=—w/2n=—w/2

Ne) =

where K is a kernel matrix and S is the similarity matrix. The
K in (5) is the simplest kernel and the S in (4) can be also con-
sidered as a simple kernel. We can also use a 2-D window func-
tion (such as Hanning) to replace the unit matrix in (4) to obtain
a new kernel. This kind kernel can avoid edge effects because
it tapers toward zero at the edges. In our implementation, 2-D
Hanning window function is used to replace the unit matrix.

According to the novelty score, a simple scheme is devel-
oped to do sub-clip segmentation: in the novelty curve, the
local maxima above a threshold are selected as breakpoints.
The sub-clip in each two breakpoints can be considered as a
building pattern.

Fig. 4 shows an example of how sub-clips or building pat-
terns can be extracted for a music clip, whose similarity matrix
is illustrated in Fig. 3. Fig. 4(a) shows its original music data
and Fig. 4(b) shows the corresponding novelty score curve. The
local peak is selected as the building pattern boundary. From
Fig. 4(b), it could be seen that the local peaks of the novelty
curve is basically corresponds to the onsets of the music piece.
That is, one note or several notes is extracted as one building pat-
tern. In our experiments, the typical sub-clip length is between
0.3 and 1.2 s.
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However, when the given audio clip only contains one sound
object, for example, one note or one cry, there will be no obvious
peak in the novelty curve. In such case, we take it as one sub-
clip. We can also segment it based on the amplitude variation if
we want to get more details.

Once sub-clips are extracted, the similarity between each
sub-clip should be calculated as basis for further synthesis.
Some modification is made on (2) in order to calculate the sim-
ilarity between each pair of sub-clips, because that definition
assumes that sub-clips are of equal length, while the segmented
sub-clips using this method are usually of nonequal length. In
principle, time-warping and dynamic programming methods
should be used to compute the similarity between each pair of
sub-clips. However, we used a simplified method as follows.

Suppose sub-clip ¢ contains M frames and begins from the
frame 7; sub-clip j contains /V frames and begins from the frame
j;and M < N. The similarity between these two sub-clips can
be represented by

M

Si; = Zwk5i+k,j+[kN/M]- @)
k=1

Again, symmetric rectangle window is used for frame weighing.
It will be more reasonable to consider the neighboring sub-
clips when the similarity between two sub-clips is measured

m

Z WeSitr,jk ®)

k=—m

"o o__

where wj, is also set as equal weighting.

The transition probability from :th sub-clip to jth sub-clip is
determined by S’ :’4_1 ;- It can be calculated by a similar equation
to (3).

IV. UNCONSTRAINED SYNTHESIS PROCESS

Once the transition probability between every two sub-clips
has been found, the audio texture can be generated sub-clip
by sub-clip. The issues here are, (1) to determine the order in
which the sub-clips should be combined and played, and (2) to
add varying effects into the building patterns. Since there is no
boundary constraint in this case, the synthesis process is rela-
tively free.

A. Determination of the Sequence Order

To select the sub-clip following sub-clip 7, the simplest way
is to select sub-clip j with the maximum probability F;;. How-
ever, such a scheme always keeps the original sub-clip order,
since P; ;41 always has the maximum probability [it equals to
1 according to (3)]. Moreover, in real applications, this scheme
sometimes causes repetition of a small part of the original audio
stream, especially at the end of the audio. This is because toward
the end part of an audio/music clip, the sound lasts long and its
energy gradually decreases, which makes the sub-clips near the
end part very similar. Thus, the sub-clips at the end cannot find
more similar succeeding sub-clips at the front part of the audio
clip than those sub-clips around them. It causes these sub-clips
repeated themselves, and thus the generated audio texture has
jitters at the end and perceptually uncomfortable, as Fig. 5(a)
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Fig. 4. Example of sub-clip and building pattern extraction from a music clip. (a) Digital audio data of a music clip and (b) corresponding novelty score curve.
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Fig. 5.

Illustrations of sub-clip sequencing: each segment represents a sub-clip, the number under the segment represents the sub-clip index, and the arrowheads

mean the order and connection between sub-clips. (a) a sub-clip sequence with jitters at the end; (b) a sub-clip sequence which removes jitters, but still keeps the
original order with a big range repetition; (c) a sub-clip sequence which does not keep exactly the original order, but still repeats sub-clips with a fixed order; and

(d) a sub-clip sequence with almost a random order.

illustrates. In Fig. 5, each segment represents a sub-clip, the
number under the segment represents the sub-clip index, and
the arrows mean the order and connection between sub-clips.

In order to solve the problem of above jitters at the end of an
audio clip, we select sub-clip j with certain condition, as defined
by the following equation:

j =arg max { it )
JE(i—ryi]

This means that the next sub-clip immediately following
sub-clip ¢ is searched in all sub-clips but not in its previous
range in window (¢ — r,4], where r is the size of the range.
Larger value of  emphasizes a big jump while small value of
r allows small jump. This condition forces the sub-clip at the
end jumps to the front or middle part. An example result of
sub-clip sequence after this constrain is shown in Fig. 5(b). It
almost keeps the original order between sub-clips, and repeats
in a large range.

In order to add variations to the original order between sub-
clips, we can slightly modify the conditions in (9) as follows:

{Pij}-

max

(10)
J¢(i—ritr)

Jj=arg

It also prohibits from selecting the originally succeeding sub-
clip, and hence disorders the original sub-clip sequence. An ex-
ample of this kind of ordering result is shown in Fig. 5(c). From
(10), it can be seen that the sub-clip order is actually fixed if
parameter 7 is constant; and the sub-clip order is then repeated
again and again.

To introduce more stochastic variation in the generated
sub-clip sequence, we select a random one of the sub-clips in
the following set as the subsequence of sub-clip ¢, with the
constraints similar to (10)

JELIP; > P} (Vi g (U —rl+r) (11)
where py is a threshold and used to control the number of candi-
date sub-clips. Larger values of pg emphasize the very best tran-
sitions while smaller values of pg allow for greater variation at
the cost of poorer transitions. It causes a sub-clip sequence with
a completely random order, as Fig. 5(d) shows.

In real implementation, parameter r is randomly set for each
selection of the subsequent sub-clip. It introduces a more gen-
eral sub-clip sequencing results than a fixed r can. When r = 0,
the original sub-clip order is probably kept.
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Actually, in the sequence order determination, we are also
planning to consider the amplitude smoothness and pitch con-
tinuity. It will be very helpful for perceptual ease of the final
generated texture.

B. Adding Effects

Variations can be introduced to the sub-clips. In our imple-
mentation, potential variations include time scaling, pitching
shifting, and amplitude setting. Different variations can be done
by setting different values for the controlling parameters, which
are all automatically and randomly set in our system. However,
a parameter value for pitch-shifting should be applied to a group
of consecutive frames (or a sub-clip) to avoid abrupt changes in
pitch. A linear interpolation process is performed on the tran-
sitional frames between two groups in order to ensure that the
pitch continuity.

An interpolation method or the TD-SOLA (Time Domain
-Synchronous OverLap-Add) method [9], [10] is used for im-
plementing time scaling and pitch shifting. Linear interpolation
scales the audio waveform to an expected duration; however,
it will change its time scale and pitch scale simultaneously. If
one wants to change time scale and pitch scale independently,
TD-SOLA can be simply employed. In the basic TD-SOLA
system, time scaling and pitch shifting are performed directly
on the audio waveform. The audio waveform is segmented into
several windowed data, and then the compression or expansion
is performed by re-arranging them on the time-axis. Some of the
windowed data might be deleted or repeated in order to obtain
the desired duration. Windowing and overlap-add techniques
are used to fade smoothly between the segments.

C. Synthesis by Sequencing and Combining

Basically, an audio texture is generated as a sequence of
sub-clips with possibly various effects, which are generated
according to the method described in above section. However,
there are many alternative ways of sequencing and combining
the sub-clips to generate interesting audio textures. The two
main methods are 1) sequence the sub-clips one by one
without overlapping and 2) combine the sub-clips with some
time-overlapping.

For example, given the sound of horse neighing, different ef-
fects are added to create new horse neighing by time-scaling and
pitch shifting. Then, we can generate a sequence of neighing
of a single horse by sequencing the different horse neighing
effects end to end, which will be perceived as a horse neighing
alone. We can also generate an effect in which different
horse neighing effects are synchronously or asynchronously
combined with some time-overlapping. It sounds like a group
of horses neighing alternatively, as one falls, another rises. It is
noted that, the method of combination with time-overlapping
can generate perceptually better audio textures on an individual
full audio clip than on a sub-clip, since sometimes a single
sub-clip is not semantically meaningful. Moreover, combined
with amplitude variation, more interesting audio effects can
be generated. For instance, by applying certain variations in
pitch and amplitude to a sequence of horse running, such as
increasing amplitude and pitch firstly and then decreasing them
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at the end, we can generate an audio texture effect of horses
running toward and then away from the listener.

In both sequencing and combining, TD-SOLA is used again
to ensure the perceptual smoothness between two concatenated
sub-clips.

Although all parameters can be randomly selected in our
current system implementation, users can also choose param-
eter values based on their preferences, such as tendency of the
pitch and amplitude in the sub-clip sequence, the method of
sequencing or combining, the overlapping duration between
different effects, etc. Manual adjusting can make the generated
audio textures perceptually better.

V. CONSTRAINED SYNTHESIS

In the constrained case, as Fig. 1 shows, the missing part of an
audio clip will be restored or reconstructed by using audio tex-
tures. Unlike the unconstrained case, the synthesized part should
be perceptually smooth at the joint points with the remaining
audio clip. No uncomfortable break or click is expected at those
points.

Before constrained synthesis, the missing part is detected
at first based on the novelty curve. Fig. 6(a) shows an audio
clip with a part missed and Fig. 6(b) shows the corresponding
novelty score curve. Obviously, the missing part is the part that
has nearly zero in novelty score curve. After the missing part
is located, the similarity measure and the transition probability
should be modified correspondingly, since the data of the
missing part should not be used in the measurement. The
modification is quite easy. We just need to modify the upper or
low bound of the formula in (2) to ensure no data is used in the
missing part.

In such constrained case, frame instead of sub-clip is used as
the synthesis unit, due to the following reasons.

1) The missing part usually does not begin at the beginning
of one sub-clip and end at the ending of another sub-clip.
It may begin or end at the inner of the sub-clips, just as
Figs. 1 and 6 shows.

2) It is difficult to estimate how many sub-clips should be
inserted into the missing part, since each sub-clip is not
of equal length.

3) Itis possible that the length of the missing part of an audio
clip is less than that of a sub-clip.

It should also be noted that, in this case, it is impossible to
restore the audio clip exactly the same as the original one, since
we don’t know what it originally was. Thus, our objective is to
generate an audio clip, which can replace the missing part and
can be smoothly integrated into the remaining audio without un-
comfortable perception. It is feasible based on the characteris-
tics of self-similarity of the remaining audio texture. Thus, the
key issue is how to determine the frame sequence which can fill
in to replace the missing part in the audio clip.

In the following sub-sections, we will introduce our ap-
proaches to frame sequence determination for audio texture
restoration. We assume that the missing region of an audio clip,
or the region to be synthesized, is from frame ¢y to frame j,
as Fig. 6 shows.
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Fig. 6. Example of the missing part detection. (a) Waveform of an audio clip
with a long duration of data is lost and (b) novelty scores for detecting which
part is missed in the audio clip.

A. Frame Sequence Determination

Since the missing part is similar to the remaining part, the
simplest method that can be used for constrained audio texture
synthesis is to replace the missing part by using the most similar
piece of the same length in the remaining audio clip. In this case,
the neighboring frames around are used to represent the feature
of the missing part. This method is feasible but may result in
some problems, such as the following.

1) This method considers the similarity of the context of the
missing part but ignores the perception continuity at the
joint point ¢y and jp, where possible abrupt changes or
clicks may occur.

2) Since this method just copies a segment of remaining
audio to replace the missing part, such exact repeat of an-
other part in a very close time may cause discomfort to
some listeners.

In order to solve these problems, another optimization
method is used in our real implementation, where, we restore
the missing part frame by frame. The main problem is to
determine the frame sequence which can be smoothly inserted
and replace the missing part without uncomfortable perception.
The optimal frame sequence should satisfy

1) maximize the transition probability from frame i to
frame jo;
2) keep perceptual smoothness.
The determination of frame sequence from ig + 1 to jo — 1
can be described in the following mathematic model:

max P(io — j0) = Pigio+1-Pig+1,i042 - - Pjo—2.j0—1-Pjo—1,jo
(12)
with the constraints

Piiy1> Dot <1< jg—1 (13)
where pp is a threshold to select a frame with a sufficiently
large transition probability can be used to control the percep-
tual smoothness.

However, the feasible solution space of this problem is very
large. Suppose under the constrained condition in (15), the
number of potential candidate frames after a given frame is IV;

and the number of missing frames is M = jy — 29 — 1, the size
of the feasible solution space is about N*. This is too large for
an exhaustive search to find the optimal solution when N and
M are large. Thus, dynamic programming is utilized to find a
sub-optimal solution, with an O(NM) complexity.

In general, dynamic programming is used to find a path from
g to jo which has the minimum cost. Hence, some modifica-
tions are needed to make the problem suitable for dynamic pro-
gramming. Therefore, the transition probability F;; should be
changed to the cost of moving from point ¢ to point j, which
can be defined as

{ —ITLPL']' (PZJ > P())
Cij =

00 (PL']' < PO). (14)

After determining the frame sequence, the TD-SOLA method
is used again to combine and smooth each two concatenated
frames.

B. Global Amplitude Trend Consideration

In the above algorithm, we only considered the characteris-
tics of spectral similarity. However, the optimal frame sequence
had better keep not only the spectral characteristics, but also en-
ergy characteristics. The global amplitude variation trend in the
missing part is estimated based on the most similar piece of the
same length in the remaining audio clip. In this case, the neigh-
boring frames around are used to represent the feature of the
[i0, jo] region, since the frames between [ig, jo] are unknown.
Suppose the previous m frames before 7 and the next m frames
following jo are considered to represent the amplitude charac-
teristics of the context of [ig, jo], the feature vector of [ig, jo]
can be represented as

= (Aig—ms Aig—m1, - Aig—1, Ajo41
7Ajo+27 T Ajo-i-m)'

Aio ,Jo
(15)

Then, the similarity between the context around [ig, jo] and
the context around [¢', j'] are calculated from correlation

S (Aio_’iji/’j,) = (16)

1 1 A’io,jo e Ai'yj’
A
where j' — i’ = jg — o.

After computing the similarity between the context of [¢/, j']
and the context of each [/, j/] with the same length, the most
similar part [¢*, 7*] determined by the following equation is used
to estimate the global amplitude tendency of the missing part:

[i*,5*] = arg max{S, (A, j,, Ai j)}. (17)

Thus, when to determine the optimal frame sequence, the
similarity of each two frames should be composed of two parts:
spectral similarity and global amplitude tendency similarity.
That is

S:)\Sl-l-(l—)\)SQ (18)

where S7 and S5 are the spectral similarity between two frames
and their amplitude tendency similarity respectively, A is the
corresponding weight. In general, A > 0.5, since spectral
similarity are more important and the amplitude estimation is
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Fig.7. Different audio texture effects and its original sound of horse neighing: (a) waveform and spectrogram of the original sound; (b) waveform and spectrogram
of an audio texture generated by sequencing different variation effects; and (c) waveform and spectrogram of an audio texture generated by combining variation

effects with some time-overlapping.

not very precise. The transition probability between each two
frames can then be calculated correspondingly, based on the

Q).

VI. APPLICATIONS AND PRELIMINARY EVALUATIONS

In Section VI, some applications on constrained or uncon-
strained audio texture synthesis are presented. Some prelimi-
nary examples are presented on our website at http://research.
microsoft.com/~1lu/AudioTextures/. The readers who are inter-
ested in this work can access to them and compare the original
sounds and the synthesized or restored audio textures.

A. Unconstrained Audio Texture Synthesis and its Applications

Unconstrained audio texture synthesis can be used in many
applications, such as background sound and audio effects. We
have generated some audio effects using the audio textures idea
for evaluation, which include horse neighing, rooster crowing,
thunder, explosion, raining, stream, ripple, and simple music
clips. All the original audio clips are 2-15 s long, sampled at
the rate of 8 KHz or 32 KHz, mono channel, and encoded by 16
bit per sample. Some generated texture examples are shown in
the following.

Horse neighing. The input audio is about 2 s long with
32 KHz sampling rate. Its waveform and spectrogram is
illustrated in Fig. 7(a). It contains just one neigh of a single
horse and can be taken as one sub-clip. In order to introduce
more flexibility, eight sub-clips are extracted based on the
amplitude contour, such as Fig. 7(a) shows. These sub-clips
correspond to the start, the end and several vibrations in the

middle of a neigh. Certain variation effects are added for each
sub-clip by adjusting the parameters of duration, pitch, and
amplitude. These parameters are variation ratios corresponding
to the original value and are set randomly in a certain range.
Different neighing of horse is generated by randomly adjusting
these parameters.

Based on these different effects, two textures are synthesized.
The first one is created by connecting the different neighs as a
temporal sequence, generating a sound that a horse is neighing
continuously. Fig. 7(b) shows the corresponding waveform
and spectrogram. From the figure, we can see that each effect
is a different variation of the original clip, by pitch shifting,
time scaling, and amplitude changing. Another one is created
by combining different neighs with some time-overlapping, as
shown in Fig. 7(c). The result is a sound of a group of horses
that are neighing in turns, synchronously or asynchronously.

Although all parameters are randomly selected in our cur-
rent prototype system, users can also adjust those parameters
by themselves. Manual adjusting can make the generated audio
textures perceptually better, especially the adjusting on the over-
lapping duration between different effects in combination. Some
aesthetic sense is usually necessary in deciding which effects
should be overlapped and how they are overlapped, in order to
create a realistic sound effect.

Simple music. This example shows how this algorithm works
on simple music, since music is always more complex than other
audio types. This given music clip is about 12 s long with 8 KHz
sampling rate, as illustrated in Fig. 8(a). This clip has a simple
rhythm with some percussion sounds indicating beats. Dozens
of building patterns are extracted, without any variation effect
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Fig. 8.
generated music texture with the duration of about 27 s.

is added on them in this case. The final audio texture, with du-
ration of about 27 s, is synthesized by sequencing the sub-clips
based on their transition probability. The corresponding wave-
form and spectrogram are shown in Fig. 8(b). We can see that
the generated audio texture keeps the structure of the original
music clip well.

One of the problems with the method is potential change of
the rhythm. In the original sound, the duration between con-
tiguous beats is uniformly about 1.56 s. However, in the gener-
ated texture, there is a tempo variation at about the 12th s: the
duration between two beats becomes .78 s. It can be clearly
seen from Fig. 8(b). Beat tracking and tempo estimation, which
is not utilized in our current approach, should be helpful to solve
such a problem. It will be perceptually better to align the per-
cussion/drum sound with the estimated beat position.

Another problem is that the method is not so suitable for com-
plex songs such as arbitrary music pieces from compact disks.
For example, for those songs or music with lyrics, the method
will probably fail. It is because the method could not discrimi-
nate the meaning of lyrics and organize the context accordingly.

Stream. This example is used to show how to generate audio
textures using individual frames when no obvious building pat-
tern is found. The input audio is a sound of stream of about 11 s
long. It does not have obvious pitch information and is more like
a noise signal. Thus, it can be used to synthesize audio textures
more freely.

In the generation process, it is firstly divided into 25 ms-long
frames with 12.5 ms overlapping. Then, an audio texture of
random duration is generated by sequencing these frames in-
stead of sub-clips. Variations on time-scaling and pitch-shifting
are set for each 1-s segment, to generate the effects of different
stream speed and loudness. In order to keep the perceptual
smoothness of the generated texture, the parameters are linearly
interpolated between the adjacent segments to prevent them
changing too dramatically. The finally generated texture is a
stream of infinite length, with some variations in stream speed
and amplitude. Corresponding waveform and spectrogram is
not given for this simple example.

Audio texture generation of a music clip: (a) waveform and spectrogram of the original music clip sound and (b) waveform and spectrogram of the

B. Constrained Audio Texture Synthesis and Audio Texture
Restoration

Constrained audio texture synthesis can be used in many
audio restoration applications, such as the error concealment
for audio/music delivery with packet loss on the Internet. Com-
pared with most of the traditional error concealment methods,
which only dealt with errors with a short length (typically
around 20 ms) [11], our method can restore the audio with loss
of a much longer length, such as one second.

The proposed method does not attempt to estimate the orig-
inal missing data, but to generate a replacement signal which
is similar in the structure and can be smoothly integrated into
the remaining data. It is difficult to give an objective evaluation,
since it cannot evaluate performance simply by comparing the
waveform between the original audio and the restored audio.
Some casual subjective evaluations by some subjects have indi-
cated that the proposed method gives promising results

Some examples of audio texture restoration are implemented
by using the constrained audio texture synthesis algorithm pre-
sented above, which are also put in the website, comparing with
the original audio and the damaged audio clip. The original
audio clips are all about 10-30 s long, sampled at the rate of
16 KHz or 32 KHz, mono channel, and encoded by 16 bit per
sample.

An example of our constrained audio texture synthesis algo-
rithm is illustrated in Fig. 9. Fig. 9(a) shows the waveform and
spectrogram of an original audio clip, which is an excerpt of
a music clip with a slow tempo and simple rhythm. Fig. 9(b)
shows the audio clip which is derived from (a) but loses some
data of a long duration (from 17.8 s to 19.6 s). The restored audio
clip by using the proposed frame sequence determination algo-
rithm presented in Section V is illustrated in Fig. 9(c). From the
figure, we can see that the restored audio keeps the pitch conti-
nuity well, although its pitch information is a little different from
the original pitch curve. We can also see that the restored am-
plitude curve is similar to that of the missing part. It means that
the amplitude tendency estimation in our algorithm also works
well.
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Fig. 9. Example of the audio texture restoration process. (a) waveform and spectrogram of the original audio clip; (b) a long duration (17.8 s to 19.6 s) of data is
lost in the original audio clip; and (c) the restored audio clip by our constrained audio texture synthesis method. As can be seen clearly, it keeps pitch continuity

and amplitude tendency very well.
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Fig. 10. Example of audio texture restoration with artifacts. (a) waveform and spectrogram of the original audio clip; (b) a long duration (7.4 s—8.5 s) of data is
lost in the original audio clip; and (c) the restored audio clip has a pitch discontinuity between 7.4 s-7.9 s.

Actually, in some experiments of audio textures restoration,
pitch continuity is not always well reserved. This is because that
the selected feature in our approach, MFCC, deemphasizes the
pitch information, which is very important in such case. One
of such example is illustrated in Fig. 10. Comparing Fig. 10(a)
with Fig. 10(c), it can be seen that the pitch continuity in the re-
stored audio is lost, especially in the duration from 7.4 s to 7.9 s.
Thus, some artifacts are produced and perceptual smoothness is
decreased. To solve such a problem, pitch and harmonics infor-
mation should be considered, as did in music mosaicing [18]
and sound synthesis based on sinusoids plus noise model [20].

As mentioned before, another potential problem may also
exist with rhythm. Beat tracking and tempo estimation are also
helpful in constrained audio texture synthesis.

C. Subjective Evaluations

To provide more comprehensive understanding of the effect
of our approach, a simple subjective evaluation is performed.

In this experiment, 15 subjects are asked to score the generated
or restored audio textures. Subjects were not given any special
instructions on how to measure the performance. It is solely
based on their subjective perceptions.

In the subjective evaluation on unconstrained audio texture
synthesis, two criteria are used: smoothness and variety.
Smoothness is used to measure if the generated texture is
natural or smooth, while variety is used to evaluate if the
generated texture is monotonic. The rating level is 3, 2, and 1,
which represents satisfying, acceptable and bad, respectively.
The detail results are illustrated in the Fig. 11. It can be seen
that most of the subjects think the generated textures are smooth
and not monotonic.

In the evaluation on constrained audio texture restoration, we
compared our approach with other two restoration methods. One
method is from traditional approach to error concealment. Wang
[11] reported that the prior works for error concealment of small
segments include: 1) muting, 2) repeating prior packet, 3) inter-
polation, and 4) time-scale modification. Since the first, the third
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Fig. 11. Subjective evaluation on unconstrained audio synthesis.

and the last method are not suitable for the restoration of long
segment in our case, only the second method is use to compare
with our method. Another method for comparison is to replace
the missing part by using the most similar piece of the same
length in the remaining audio clip, which is mentioned in the
Section V-A. The detail comparison results are illustrated in the
Fig. 12.

From the Fig. 12, it can be seen that our approach is much
better than the other methods. Most of the subjects are satisfac-
tory with our restoration; while the *frame repetition’ method
almost got a ’bad’ score, since just repetition of a frame in a
long segment always causes monotonic and perceptual uncom-
fortable. The method of using the most similar segment is also
acceptable by most of subjects. However, since it has possible
abrupt changes at the boundaries, it is not as satisfying as our
method.

D. Limitations

Although the proposed algorithms work promisingly in our
testing data, it still has some limitations. This sub-section con-
cludes the limitations to help understand the algorithm better,
although most of them have already been discussed in Sec-
tions VI-A-C.

1) The proposed algorithms are more suitable for those
audio clips/textures with simple structures. For example,
in constrained audio texture restoration, the missing
signal is similar to the remaining part for audio clips
of simple structures. However, for those audio clips of
complex structures, it is difficult to restore a perceptually
smooth signal. It works similarly in the unconstrained
case. Moreover, for those songs or music with lyrics, the
proposed approach usually fails.

2) The proposed algorithm uses MFCC as the only spec-
tral feature. However, MFCC deemphasizes pitch infor-
mation which might be important for certain types of
sounds. It may introduce some potential problems of pitch
discontinuity.

3) Another problem with the method is the potential change
of rhythm. Since we did not keep the beat and tempo in-
formation in the algorithm, the beat position might be
misplaced in the generated textures.

4) There is no perception criterion to control the texture syn-
thesis procedure. Local perception and global perception

33—
2.5 [— 2.40
2 e
1.5 |
1.06
1 (] [ [

Our Approach Most Similar Repetition

Fig. 12. Subjective comparison among our method, filling the most similar
segment and the repetition of the previous frame.

are both extremely useful in the proposed approach, but
they are difficult to obtain.

VII. CONCLUSION

In this paper, we have introduced a new audio media, called
audio textures. An audio texture is an audio sequence of arbi-
trary length generated from a short clip of audio example. It
consists of consecutively connected patterns that are perceptu-
ally similar to those contained in the example clip but present
variations. A method has been proposed for audio texture con-
struction, which includes extraction of the basic patterns from
the original clip, making of variations of the basic patterns, and
connection of the variable patterns into a long sequence.

We have also extended the idea to constrained audio texture
synthesis, where a part of audio signal is lost and audio tex-
ture is used to restore the missing part. The restored part can be
smoothly integrated into the original audio clip without any per-
ceptually discomfort. In order to do that, we have been proposed
methods for detection of the missing part and determination of
the filling frame sequence.

There are many potential applications for audio textures such
as lullabies, game music, background sounds and other effects.
Another potential application is that it is a good choice for audio
compression. It can also be used in audio signal restoration, such
as error concealment for audio/music delivery with packet loss
on the Internet. Some applications have been presented in the
paper for both the unconstrained and constrained audio texture
synthesis. Casual subjective evaluations indicated that the pro-
posed methods are encouraging.

Audio texture synthesis is a new concept. We also hope the
new concept could inspire more research work in the audio and
related fields, such as computer music, audio content analysis,
audio retrieval, and audio compression.

To solve the limitations of current algorithm, the audio texture
synthesis technique should be improved in several aspects in the
future work. In the analysis step, we currently just used a corre-
lation to measure the similarity between each pair of frames. It
will be more useful if we could find a perceptual similarity mea-
surement. In the synthesis step, we generated frame sequences
or sub-clip sequences based on local similarity only. How to
control the global perception of the generated texture is still a
difficult task. Other features, such as harmonics and pitch, will
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also be helpful for audio texture synthesis to keep the perceptual
smoothness. Beat tracking and tempo estimation are also worth
considering in the algorithm to keep a certain rhythm. In eval-
uations, it will be better if more effective evaluation could be
used on our algorithm. We would also extend our work to more
traditional music clips. Thus, more powerful signal processing
methods are also needed.
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