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Abstract
We propose a signal based joint time-frequency segmentation
algorithm as an extension to Herley et al. (IEEE Trans. Image
Processing, 1997). Our algorithm provides an unconstrained
multiresolution analysis in time and frequency adapted to the
characteristics of the signal, where the time-frequency segmen-
tation of Herley et al. is modified to achieve a minimum entropy
criterion. Experimental results on a synthetic signal, composed
of a high frequency sinusoid and a single impulse, show that our
algorithm outperforms several time-frequency representations
such as the best basis wavelet packet, the best basis modified
discrete cosine transform (MDCT), and the original Herley et
al. algorithms. The application of our algorithm to the transient
information in the signal provides good results and shows that
the algorithm will be useful in speech decomposition problems.
Index Terms: Joint time-frequency segmentation, wavelet
packet, minimum entropy

1. Introduction
The spectrogram has been widely used to represent the time-
frequency characteristics of a signal, especially in speech appli-
cations. A narrowband spectrogram gives good frequency reso-
lution but gives poor time resolution [1] as shown in Fig. 1a. On
the other hand, a wide-band spectrogram gives good time reso-
lution but gives poor frequency resolution [1] as shown in Fig.
1b. Specifically, good time and good frequency resolution of
the spectrogram cannot be achieved at the same time. More-
over, its time-frequency tiling is fixed, uniformly throughout
the signal. Several time-frequency representation algorithms
have been proposed to provide a more flexible tiling adapted
to the signal, e.g., the discrete wavelet transform, the best basis
wavelet packet transform, and the best basis modified discrete
cosine transform (MDCT).

The discrete wavelet transform provides good frequency
resolution at low frequencies and good time resolution at high
frequencies [2]. Although this trade-off works well for many
signals, it may not work well for the signal with high-frequency
stationary components [3], e.g., the signal shown in Fig. 2. Fig-
ure 2 illustrates a 64-sample synthetic signal composed of a high
frequency sinusoid (5 kHz) and a single impulse located at the
43rd sample, where a sampling rate of 11.025 kHz is assumed.
Clearly, the discrete wavelet transform provides poor frequency
resolution, where the sinusoid is located.

Coifman and Wickerhauser developed the entropy-based
best basis selection wavelet packet transform to overcome the
problem of the fixed tiling of the wavelet transform [4]. The
signal is transformed using the wavelet packet to a desired level
(coarsest level). Then, the entropy (cost) of the block coef-
ficients (the finest level) is compared with the summation of
the entropy of its high-frequency transformed block coefficients
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Figure 1: (a) Narrowband spectrogram of English word “bot”,
(b) Wideband spectrogram of English word “bot”.
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Figure 2: High frequency sinusoid (5 kHz) and a single impulse.

and the entropy of its low-frequency transformed block coeffi-
cients (the coarser level). If summation of the cost of the trans-
formed blocks is less than the cost of the original block, a split
in frequency is provided resulting in finer frequency resolution
and the same algorithm is iterated further to the coarser scale
(finer frequency resolution). Otherwise, the split in frequency
is stopped and the finest frequency resolution is the resolution
of the block coefficients at that considered level. As a result,
this approach creates an optimized binary splitting of frequen-
cies (with associated time resolution). However, this tiling does
not change over time [3] as shown in Fig. 3. Similarly, the
MDCT with best basis selection [4] was developed to allow an
arbitrary time split. This approach creates an optimized binary
splitting of times with associated frequency resolution. How-
ever, the tiling of times does not change over frequency [3] as
shown in Fig. 4.

Herley et al. proposed a joint space-frequency segmenta-
tion using balanced wavelet packet trees for least-cost image
representation [3]. Their approach allows arbitrary multiresolu-
tion both in time and in frequency based on the minimum quan-
tization error (cost) as shown in Fig. 5a. Their goal is to achieve
a desired bit rate with the minimum distortion or a desired dis-
tortion with the lowest bit rate [3]. The wavelet packet is used
to transform the signal to a desired level resulting in blocks of
coefficients (at the considered level) and blocks of transformed
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Figure 3: Time-frequency tiling of best basis wavelet packet for
signal shown in Fig. 2.
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Figure 4: Time-frequency tiling of best basis MDCT for signal
shown in Fig. 2.

coefficients (at the coarser level). The cost of each block and
its transformed blocks (low-frequency and high-frequency) is
calculated based on the quantization error. A time split is per-
formed for the considered block if its cost is lower than the cost
of its transformed block and vice versa for a frequency split [3].
The authors showed that, at a desired bit rate, their approach
provided a lower distortion with higher peak signal-to-noise ra-
tio (PSNR) in dB than other image coding approaches [3]. An
equivalent algorithm has been independently studied and pro-
posed by Thiele and Villemoes [5].

However, the time and frequency splits of Herley et al. are
selected so as to achieve minimum coding rate. They do not
consider the segmentation adapted to the signal characteristics
whereas our goal is to do so. Therefore, we modify the algo-
rithm of Herley et al. and adopt the entropy-based approach of
Coifman and Wickerhauser to calculate the cost of the block co-
efficients and the transformed block coefficients. Another mod-
ification is that, instead of using a balanced time-frequency split
as in [3], we introduce an unbalanced split, where the splitting
can be stopped if the cost (entropy) is less than a specific thresh-
old. Details of our modified algorithm are described in Section
2. In Section 3, the modified algorithm is applied to the joint
time-frequency segmentation of the given synthetic signal. Ex-
perimental results from our algorithm are compared with the
results from the best basis wavelet packet, best basis MDCT,
and Herley et al. algorithms. The time-frequency segmentation
of a monosyllabic consonant-vowel-consonant (CVC) English
word “bot” spoken by a male speaker is analyzed. Application
of our algorithm to capture transient information for the given
synthetic signal is also performed. Time-Frequency represen-
tation of a pair of close low-frequency sinusoids and a pair of
close impulses is investigated. Finally, implications for speech
analysis and the possibility to apply our algorithm to capture
transient information in speech are discussed in Section 4.

2. Methods

Our algorithm is composed of the modified forward and back-
ward algorithms. Details of each algorithm are described and
summarized as pseudocode in Tables 1 and 2 below.

2.1. Modified Forward Algorithm

The original signal, xorig(t), is transformed using the wavelet
packet to a desired level J (coarsest level). Then, from the
coarse to fine level, the cost of a block is compared with the
sum of costs of two transformed blocks (low-frequency and
high-frequency) at the coarser level in the same fashion as the
entropy-based cost function proposed by Coifman and Wicker-
hauser [4]. For every block at the considered level, the cost of
block is calculated from the entropy of all wavelet packet coef-
ficients in that block, and the cost of each pair of transformed
blocks is calculated from the entropy of all wavelet packet co-
efficients in those transformed blocks. If the cost of a block is
less than or equal to the sum of the cost of the two transformed
blocks, a time split is performed; otherwise, a frequency split
is performed. The same approach is applied to every block at
the considered finer level up to the finest level. At this level,
there is one block of wavelet packet coefficients. The winning
split (time: “0”, or frequency: “1”) and the winner cost (lower
entropy value) are stored at the desired stage (from 2 to J) and
the desired level (from 1 to J−stage) and will be used later in
the modified backward algorithm. Moreover, we extended the
algorithm to allow for the stopping time-frequency split if the
calculated cost is less than a threshold and the winning split is
stored (stop: “2”).

Table 1: Modified forward algorithm:
for stage = 1:J-1

if(stage == 1)

lblock = block length;

else

lblock = 1;

end

for level = 1:(J-stage)

for block = 1:2ˆ(level-1)

time = Get cost(stage,level,block,lblock);

freq = Get tr cost(stage,level+1,block,lblock);

if((time >= ent thres)&&(freq >= ent thres))

if(time <= freq)

Put cost(stage+1,level,block,lblock) = time;

Put win(stage+1,level,block,lblock) = 0;

else

Put cost(stage+1,level,block,lblock) = freq;

Put win(stage+1,level,block,lblock) = 1;

end

elseif((time < ent thres)|(freq < ent thres))

if(time <= freq)

Put cost(stage+1,level,block,lblock) = time;

elseif(time > freq)

Put cost(stage+1,level,block,lblock) = freq;

end

Put win(stage+1,level,block,lblock) = 2;

end

end

end

end

2.2. Modified Backward Algorithm

After the decisions on time-frequency splitting have been made
to every level of the wavelet packet coefficients, the next step is
to get rid of the irrelevant coefficients by the modified backward
algorithm described in Table 2. The function Get win is used to
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retrieve the winning split values stored while performing the
modified forward algorithm.

Table 2: Modified backward algorithm:
for stage = J-1:-1:1

if(stage ∼= 1)

lblock = 1;

elseif(stage == 1)

lblock = block length;

end

for level = 1:(J-stage)

for block = 1:2ˆ(level-1)

if(Get win(stage+1,level,block,lblock) == 0)

Elim coeff(stage,level+1,lblock);

Elim win(stage,level+1,block,lblock);

elseif(Get win(stage+1,level,block,lblock) == 1)

Elim coeff(stage,level,block,lblock);

Elim win(stage,level,block,lblock);

end

end

end

end

Finally, the tiling of the time-frequency representation is
created from the finest to the coarsest level. This results in
an optimized split, both in time and in frequency, based on the
characteristics of the signal itself.

3. Experimental Results
To compare the performance of our algorithm to the other al-
gorithms, the synthetic signal, composed of a high frequency
(5 kHz) sinusoid with a single impulse described earlier in Sec-
tion 1, is generated and the time-frequency segmentation of our
modified algorithm and those of the other algorithms, i.e., the
best basis wavelet packet, the best basis MDCT, and the Herley
et al. algorithms are compared. The Haar filter is chosen as a
mother wavelet for the sake of simplicity [3]. For all algorithms
except the Herley et al. algorithm, the synthetic signal is trans-
formed using the wavelet packet to the coarsest level at which
each transformed block is composed of four wavelet packet co-
efficients. For the implementation of Herley et al. algorithm,
we follow [3] such that each transformed block at the coarsest
level is composed of one wavelet packet coefficient.

3.1. Comparison of Various Algorithms

Figure 3 and Fig. 4 illustrate time-frequency segmentations per-
formed by the best basis wavelet packet [4] and the best basis
MDCT [4], respectively. The result of the best basis wavelet
packet has good frequency resolution adapted to the character-
istics of the signal, i.e., finer frequency resolution around the
location of the sinusoid. However, the splitting of frequencies
does not change over time. Similarly, the result of the best basis
MDCT has good time resolution adapted to the characteristics
of the signal, i.e., finer time resolution around the location of the
impulse and poor time resolution during the remaining duration
of sinusoid (constant frequency). However, this approach does
not adapt its resolution over frequency.

Figure 5a illustrates the result of the Herley et al. algorithm.
All wavelet packet coefficients are quantized with an 8-bit uni-
form quantizer. The result provides a joint time-frequency seg-
mentation, which is adaptive both in time and frequency. How-
ever, the time-frequency split of Fig. 5a is not based on the
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(a) Tiling of time−frequency plane: Herley et al.
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Figure 5: (a) Time-frequency tiling of Herley et al. algorithm
for signal shown in Fig. 2, (b) Time-frequency representation of
Herley et al. algorithm for signal shown in Fig. 2.
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Figure 6: (a) Time-frequency tiling of our algorithm for signal
shown in Fig. 2, (b) Time-frequency representation of our algo-
rithm for signal shown in Fig. 2.

apparent characteristics of the signal, which can be seen in Fig.
5b. The darker the tiles, the higher the absolute value of the
wavelet packet coefficients.

Figure 6a illustrates the resulting time-frequency segmen-
tation of our new algorithm. At the first level, the tiling is split
in frequency because the signal is dominated by the high fre-
quency (5 kHz) sinusoid. Then, the low-frequency block is split
further in time due to the dominance of the single impulse lo-
cated at the 43rd sample (i.e. the second half) of the signal,
while the high-frequency block is split further in frequency be-
cause of the dominance of the continued high frequency sinu-
soid. The time-frequency split is iterated until the algorithm
stops at a transform block size (block length) equal to four.
This block size is chosen because it is small enough to provide
a fine time-frequency tiling and large enough to provide a mean-
ingful entropy used for the time-frequency split at the coarsest
level. From the final result, our algorithm nicely constructs a
time-frequency tiling based on the characteristics of the signal,
i.e., fine frequency resolution is emphasized around 5 kHz (the
location of the sinusoid) and fine time resolution is emphasized
around the 43rd sample (the location of the impulse signal) as
shown in Fig. 6b.
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Figure 7: Time-Frequency representation of “bot”.
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Figure 8: (a) Transient component of signal shown in Fig. 2,
(b) Non-transient component of signal shown in Fig. 2.

3.2. Time-Frequency Representation of Speech Signal

Figure 7 illustrates the time-frequency representation of the
word “bot”, which cannot be represented effectively in either
the narrowband or wideband spectrograms as illustrated in Fig.
1a and Fig. 1b, respectively. Our algorithm achieves a nice sep-
aration of the first and second formants at frequencies around
700 Hz (arrow A1) and 1 kHz (arrow B1). The tiling nicely
shows the falling at the end of the first formant (arrow A2) and
the rising at the end of the second formant (arrow B2), both
with a very fine time resolution around 0.25 sec. This cannot
be achieved in the wideband spectrogram. The tiling of the
third formant is fairly constant (arrow C1) and then falling at
the end (arrow C2) closed to B2. Finally, the tiling of the fourth
formant, which cannot be represented effectively in either the
narrow and or wideband spectograms is represented as a fairly
constant frequency tiling (arrow D).

3.3. Transient and Non-Transient Estimation

After the time-frequency segmentation is determined, for ev-
ery block at the coarsest level split in time, the tiling size of
the individual wavelet packet coefficient in that block is mea-
sured relative to the whole time length and whole frequency
range, each corresponding to 1 unit. If the tiling size has its
width less than its height, that block is classified as the transient
block. The transient component, xtran(t), is estimated from the
inverse transform using a small number of significant wavelet
packet coefficients in each transient block. For the synthetic
signal shown in Fig. 2, one significant wavelet packet coeffi-
cient per transient block is chosen. The transient component
illustrated in Fig. 8a predominantly includes the single impulse
at 43rd sample. Finally, the non-transient component is calcu-
lated by subtracting the transient component from the original
signal, xnont(t) = xorig(t) − xtran(t). This component pre-
dominantly includes the high frequency sinusoid as illustrated
in Fig. 8b.
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Figure 9: Time-Frequency representation of two close low-
frequency sinusoids and two close impulses

3.4. Time-Frequency Representation of Close Components

Figure 9 illustrates the time-frequency representation of a 512-
sample synthetic signal composed of a pair of close low-
frequency sinusoids (400 Hz and 500 Hz) and a pair of close im-
pulses located at 0.03 sec and 0.04 sec, respectively. The tiling
around the locations of the two impulses is effectively split in
time resulting in a well representation illustrated as the vertical
ridges (arrow A and B). However, the tiling around the locations
of the two sinusoids — expected to be split in frequency to the
possible finest frequency resolution (approximately 43 Hz for
this example) that would have resulted in a well separation of
the two sinusoids — is split in time for the last two splits. As a
result, the time-frequency representation of the close-frequency
sinusoids are not well separately represented (arrow C).

4. Discussion
We have developed a joint time-frequency segmentation
adapted to the characteristics of the signal. The experimental
results for a synthetic signal, composed of a high frequency
sinusoid and a single impulse, have shown that our algorithm
outperforms the other algorithms. The experimental result
achieved for the speech signal has shown that our algorithm is
an attractive approach, which is useful in time-frequency repre-
sentation and analysis. Application of our algorithm to separate
the transient information in the synthetic signal has provided a
good result. We are working on the limitations of our algorithm
especially for the representation of the close frequency compo-
nents and apply our new segmentation method to decompose
the transient information in speech signals and investigate the
use of the transient component to enhance speech intelligibility
in background noise.
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