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Abstract—We develop an algorithm, the joint time–frequency
segmentation algorithm, where the wavelet packet coefficients of
the analyzed speech signal are represented as tiles of a time–fre-
quency representation adapted to the characteristics of the signal
itself. Further, our algorithm enables the decomposition of the
speech signal into transient and non-transient components, respec-
tively. Any block of wavelet packet coefficients, whose tiling height
is larger than or equal to the tiling width belongs to the transient
component and vice versa for the non-transient component. The
transient component is selectively amplified and recombined with
the original speech to generate the modified speech with energy
adjusted to be equal to the original speech. The intelligibility
of the original and modified speech is evaluated by 16 human
listeners. Word recognition rate results show that the modified
speech significantly improves speech intelligibility in background
noise, i.e., by 10% absolute at 0 dB to 27% absolute at 30 dB.

Index Terms—Speech enhancement, transient component,
speech intelligibility, wavelet packet transform, joint time–fre-
quency (TF) segmentation.

I. INTRODUCTION

D URING the past decades, there has been a vast increase
in research focused on improving the intelligibility of

speech presented in background noise, which can be divided
into two categories. Speech enhancement approaches of the
first category aim to increase the intelligibility of speech al-
ready corrupted with noise by minimizing its effect as much
as possible. Many speech enhancement approaches in the
past decades belong to this category [1], e.g., signal subspace
approaches [2] and spectral subtraction [3]. These approaches
have been applied to the noisy speech arriving at the listener,
where the properties of noise, e.g., its spectrum are often
assumed to be available [4]. Although these approaches show
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impressive improvements [2], [3], they may not work well
under the conditions of unknown noise. However, some of
these methods use adaptive noise estimation which rectifies
performance.

Speech enhancement approaches of the second category are
focused on increasing the intelligibility of clean speech before
it is degraded by noise [4], where the clean speech is assumed to
be available for processing before getting transmitted to the lis-
tener located in the noisy environment [5]–[8]. One possible ap-
plication of speech enhancement in this category is radio com-
munication between a centrally located coordinator in a quiet
environment with field operators in noisy environments. Sauert
and Vary [5] process the clean speech (referred to as the far-end
speech) before it is transmitted to the listener in a noisy environ-
ment (referred to as the near-end listener). Their algorithm raises
the average speech spectrum over the average noise spectrum.
Their results show the improvement of speech intelligibility in
background noise. However, the noise spectrum is assumed to
be known [5] similar to several speech enhancement approaches
in the first category.

Several researchers have developed speech enhancement
approaches applied to clean speech without requiring detailed
knowledge about the background noise [6]–[8]. These ap-
proaches showed that the amplification of speech features is
important to speech perception in particular for consonant
and transition regions [9]. Hazen and Simpson [6] manually
annotated consonant regions and formant transitions of the
clean speech composed of nonsense syllables and sentences
and then amplified these regions to increase speech intelli-
gibility presented in background noise. They preferred the
manual approach to avoid errors possibly occurring during
automatic speech segmentation. They found that the emphasis
of consonants and transition regions provided a significant
improvement of speech intelligibility of about 10% absolute in
signal-to-noise ratio (SNR) levels of 0 and 5 dB. However,
this approach isolates the consonants and transitions manually
and cannot be applied automatically to improve speech intel-
ligibility [7].

Yoo et al. [7], which will be referred to as Y’s algorithm
throughout the paper, have developed an approach to capture
speech features automatically. First, the original speech is high-
pass filtered at 700 Hz to remove the first formant. Three time-
varying bandpass filters are applied to capture the three strongest
formants of the high-pass filtered speech referred to as the quasi-
steady-state (QSS) component. The QSS component is expected
to include quasi-steady or slowly changing short-time spectra
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of vowel formants and consonant hubs [7]. The QSS compo-
nent is subtracted from the high-pass filtered speech resulting in
the transient component. The transient component is selectively
amplified and recombined with the original speech to generate
the modified speech with energy adjusted to be equal to the en-
ergy of the original speech. The intelligibility of the modified
speech in background noise is compared to that of the original
speech using a psychoacoustic test based on the modified rhyme
test protocol [10]. The modified speech significantly improves
speech intelligibility at low SNRs, i.e., up to 32% absolute at

25 dB, and has minimal effect on intelligibility at higher SNR
levels. They concluded that the transient component is impor-
tant to speech perception [7]. However, the resulting transient
component appears to retain a significant amount of formant en-
ergy during what would appear to be QSS regions of the speech
[8]. In addition, their approach focuses on the high pass filtered
speech.

Tantibundhit et al. [8], which will be referred to as T’s algo-
rithm throughout the paper, have developed another approach to
capture speech features directly from the original speech signal.
They decompose speech into three components, i.e., the tonal,
transient, and residual components, respectively. The modified
discrete cosine transform (MDCT) is used to capture constant
or slowly varying frequency information in speech referred to as
the tonal component. The wavelet transform is used to capture
abrupt changes in speech referred to as the transient component.
The residual component is expected to have small energy with
a flat spectrum. The hidden Markov model (HMM) [11] and the
hidden Markov tree model (HMT) [12], [13] are used to capture
statistical dependencies between the MDCT coefficients and be-
tween the wavelet coefficients, respectively. The transient com-
ponent is used to enhance speech intelligibility in background
noise in the same fashion as done in Y’s algorithm. The psy-
choacoustic test results have shown that the transient component
significantly improves speech perception in background noise
at low SNR levels, i.e., up to 18% absolute at 25 dB and has
minimal effect at higher SNR levels. Although, this approach
decomposes the transient component more effectively than Y’s
algorithm, i.e., by removing vowel formants more effectively
and emphasizing abrupt changes represented as vertical edges in
time–frequency, the obtained transient component suffers from
pre-echo distortion artifacts of the MDCT [14] when estimating
the tonal component. This may explain the lower improvements
of speech intelligibility compared to Y’s algorithm [8].

In this paper, we develop an approach to capture the transient
component in speech signals even more effectively. Specifically,
first, we want to avoid pre-echo distortion artifacts due to the
use of the MDCT. Second, we aim to develop an unconstrained
multiresolution analysis, where both time and frequency tilings
are adapted directly to the characteristics of the speech signal
instead of using the fixed time–frequency tilings of the MDCT
and the wavelet transform as in [8].

Herley et al. [15] proposed a joint space–frequency segmen-
tation using balanced wavelet packet trees for least-cost image
representation. When applying their algorithm to time-domain
signals instead of space-domain images, it allows arbitrary mul-
tiresolution analysis both in time and in frequency based on the
minimum quantization error (cost). Their goal is to achieve a

desired bit rate with minimum distortion or a desired distortion
with the lowest bit rate [15]. The wavelet packet decomposi-
tion is used to transform the signal to a desired decomposition
level resulting in blocks of coefficients (at the considered level)
and blocks of transformed coefficients (at the coarser level). The
costs of each block and its transformed blocks (low-frequency
and high-frequency) are calculated based on the quantization
error. A time split is performed for the considered block if its
cost is lower than the cost of its transformed block and vice
versa for a frequency split. They showed that, at a desired bit
rate, their approach provided a lower distortion with higher peak
signal-to-noise ratio (PSNR) in dB than other image coding
approaches [15]. A similar algorithm has been independently
studied and proposed by Thiele and Villemoes [16]. The time
and frequency splits of Herley et al. are selected such that a
minimum coding rate is achieved. They do not consider the seg-
mentation adapted to the signal characteristics.

Tantibundhit et al. [17] modified the algorithm of Herley et al.
such that it can provide an unconstrained multiresolution anal-
ysis in time and frequency adapted to the characteristics of the
signal. To achieve this, they adopted a cost function based on the
entropy-based approach of Coifman and Wickerhauser [18] to
calculate the cost of the block coefficients and the transformed
block coefficients. Experimental results on a synthetic signal,
composed of a high-frequency sinusoid and a single impulse,
show that their algorithm outperforms several time–frequency
representations such as the (best basis) wavelet packet decom-
position [18], the (best basis) MDCT [18], and the algorithm of
Herley et al. They suggest that their algorithm referred to as the
joint time–frequency segmentation algorithm might be useful in
speech decomposition problems.

Further, the joint time–frequency segmentation algorithm has
been further modified, i.e., instead of calculating the entropy
(cost) directly from the coefficients in each block, the coeffi-
cients are windowed by the Hann window with 50% overlap
then the averaged energy for each window is calculated. The
cost of each coefficient block is the entropy calculated based
on these averaged and windowed energies. This algorithm is
applied for the transient decomposition of speech signals [19],
i.e., the speech signal is transformed using the wavelet packet
transform to a desired level resulting in blocks of coefficients,
where the numbers of coefficients of each block in every level
is equal to the numbers of coefficients at the coarsest level. The
entropy (cost) of each block is calculated. A heuristic is devel-
oped, which results in a combination of time–frequency tilings
with minimum costs. The transient component is estimated by
the inverse transform of the significant coefficient, where the
tiling height of the block coefficients is larger than or equal to
the tiling width. The transient component is used to enhance
speech intelligibility in background noise. The psychoacoustic
test results have shown that the transient component is important
to speech perception and can improve speech intelligibility up
to 31% absolute at 30 dB compared to the original speech. In
addition, this algorithm can improve speech intelligibility, even
if the intelligibility is already high (for SNRs better than 10 dB
[8]), while speech intelligibility of speech modified by Y’s al-
gorithm and T’s algorithm is not better than that of the original
speech at 0 and 5 dB.
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Fig. 1. Block of 256 wavelet packet coefficients windowed by the Hann
window.

This paper presents the algorithm, briefly introduced in pre-
vious work [19], for the application of speech enhancement in
a much more elaborated and comprehensive way. Additionally,
we perform a direct experimental comparison with Y’s and T’s
algorithms.

The paper is organized as follows: Details of our algorithm
including the modified forward and backward algorithms are
described in Section II. Examples of speech decomposition re-
sults are presented in Section III. The direct comparison of the
transient components from our algorithm, Y’s algorithm, and
T’s algorithm is also discussed and explained in this section.
An approach to generate the modified speech is also described
in this section. The experimental setup of a modified rhyme test
used to evaluate the intelligibility is shown in Section IV. The
psychoacoustic test results comparing the original speech to the
modified speech generated with our algorithm, Y’s algorithm,
and T’s algorithm are presented in Section V. Implications of
the results are discussed in Section VI. Finally, conclusions and
future work are presented in Section VII.

II. JOINT TIME–FREQUENCY SEGMENTATION ALGORITHM

The original signal sampled at 11.025 kHz, is trans-
formed using the wavelet packet transform [20] limited to the
coarsest level composed of 256 coefficients (23.2 ms). The
Daubechies-16 (Db16) wavelet is chosen as a mother wavelet
because it gives a better estimation of the transient component
across 300 monosyllabic consonant-vowel-consonant (CVC)
rhyming words of House et al. [21] compared with the results
from other mother wavelets (Db4, Db8, Db14, Db18, and Db20)
based on visual inspection and informal listening experiments.

From the finest level (level 1) to the coarsest level (level
), the wavelet packet coefficients in each bin are divided into

blocks of coefficients, each of which is composed of 256 coef-
ficients. Then, all of the blocks of coefficients are windowed
by the Hann window based on the idea of Learned [22]. In a
classification task, the use of all wavelet packet coefficients
in the block may lead to miss strong time-dependent features
such as the transient information. Hence, it may be beneficial
to calculate a windowed energy [22]. A window size of 128
coefficients (11.6 ms) with 50% overlap is chosen resulting
in a half-window at the beginning and at the end of the block
and three full windows, respectively, as illustrated in Fig. 1.
The averaged energy for each set of windowed coefficients
is calculated resulting in five averaged energies. Finally, the
entropy [23] of each block is calculated based on these averaged
energies following the entropy-based cost function proposed

Fig. 2. A 2048-sample synthetic signal composed of high frequency (5 kHz)
sinusoid and a single impulse located at sample index 1345.

Fig. 3. Block decomposition in the time–frequency plane as done in the mod-
ified forward algorithm graphically (regenerated from Fig. 5 of Herley et al.
[15]).

by Coifman and Wickerhauser [18]. This is referred to as cost
of the coefficient block.

The next step is to evaluate all of the possible combinations
of time–frequency tilings in every level (level 1 to level ) and
find the combinations of time–frequency tilings that achieve the
minimum cost. This can be done by the modified forward and
backward algorithms. We introduce a synthetic signal to be used
for our explanations. A 2048-sample synthetic signal, composed
of a high-frequency (5 kHz) sinusoid and a single impulse lo-
cated at the sample index 1345, is illustrated in Fig. 2. The tilings
are expected to be split in frequency for the 5 kHz sinusoid and
to be split in time for the location of the single impulse. Both
algorithms are explained in Sections II-A and II-B and are sum-
marized as pseudocode in Algorithm 1 and 2, respectively.
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A. Modified Forward Algorithm

Starting from the first stage, and moving from level 1 to level
( for the example in Fig. 3), the sum of the cost

of two adjacent blocks of a considered level and the sum of
the corresponding two transformed blocks (low-frequency and
high-frequency) at the next level are compared. The alphanu-
meric symbol in the figure represents the cost of the coefficient
block and its subscript represents the coefficient block number.
For this example, in every level, there are coefficient blocks re-
sulting in eight cost values shown in stage 1 of Fig. 3. Specifi-
cally, for level 1 versus level 2, the partial cost is
compared with and the partial cost is
compared with , and so on. We write the partial costs
of the winners as

(1)

Similarly, for level 2 versus level 3, is com-
pared with and is compared with

, and so on. We write the cost of the winners as

(2)

where and is the largest integer not
greater than , and finally

(3)

At this point, we have the winners of the decisions of stage
1 and a new cost tree for stage 2 in Fig. 3, where the number
of levels is reduced by one to . If the minimum of the
cost of two blocks in a considered level is less than or equal to
the minimum of the cost of the corresponding two transformed
blocks, a time split is performed; otherwise, a frequency split is
performed. The resulting time–frequency splits and the winning
costs are put in the second stage. The same approach is applied
(recursively) with the number of levels reduced by one from the
previous stage until reaching the last stage (stage ). At this
stage, there is only one level left resulting in time–frequency
tilings with the minimal cost , which can be expressed
as

(4)

Fig. 4 graphically summarizes the modified forward algo-
rithm for the synthetic signal, where the number represents the
cost of the coefficient block at any stage and level. The bold
frame is associated with the blocks at the considered stage and
level, whereas the dashed line indicates a performed split either
in time or frequency. The pseudocode of the modified forward
algorithm is illustrated in Algorithm 1. The function GetCost
and GetTrCost are used to calculate the cost of two blocks in a
considered level and the cost of the corresponding two trans-
formed blocks, respectively. The function PutCost is used to
store the winning cost and the function PutWin is used to store
the winning split value, i.e., “0” for time split and “1” for fre-
quency split.

Algorithm 1 Modified Forward Algorithm

1) for do
2) if then
3)
4) else
5)
6) end if
7) for do
8) for do
9)

10)
11) if then
12)
13)
14) else
15)
16)
17) end if
18) end for
19) end for
20) end for

Algorithm 2 Modified Backward Algorithm

1) for do
2) if then
3)
4) else if then
5)
6) end if
7) for do
8) for do
9) if then

10)
11)
12) else if

then
13)
14)
15) end if
16) end for
17) end for
18) end for

B. Modified Backward Algorithm

After the decisions on time–frequency splitting have been
made for every level of the wavelet packet coefficients, the next
step is to get rid of the irrelevant coefficients by the modified
backward algorithm summarized in Algorithm 2. The function
GetWin is used to retrieve the stored winning split values ob-
tained by the modified forward algorithm. The function Elim-
Coeff and ElimWin are used to eliminate the irrelevant wavelet
packet coefficients and the irrelevant cost value, respectively.
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Fig. 4. Graphical representation of the modified forward algorithm for a 2048-sample synthetic signal composed of a high-frequency (5 kHz) sinusoid and a single
impulse.

Fig. 5 illustrates the resulting time–frequency segmentation for
the synthetic signal illustrated in Fig. 2. Consider (4), which is
the last decision of the modified forward algorithm, where the
outcome for this synthetic signal is known to be “frequency”.
This implies that , and that the final
cost is . Therefore, we can eliminate all of the
from stage 2 and all of the from stage 1. Also, we can con-
struct a first coarse time–frequency tiling as a horizontal line to
represent the single frequency split as shown in Fig. 5(b), where
the surviving trees are illustrated in the surviving and indepen-
dent upper and lower branches, respectively.

At the next stage (stage 2), there are two decisions, which
have to be performed, i.e., the decisions between the and
the because the other decisions between the and are
no longer of interest and have been anticipated in the previous
step. Because the synthetic signal is dominated by the 5-kHz si-
nusoid in the high-frequency region, the upper branch is split
in “frequency,” i.e., and we can

eliminate . In addition, the low-frequency region is dom-
inated by the single impulse and, therefore, the lower frequency
branch is split in “time,” i.e., and
we can eliminate . These eliminations result in the tilings
of Fig. 5(c) with the respective trees. The algorithm proceeds
further until reaching stage 1 and the remaining decisions af-
fect only two blocks of coefficients. As a result, the tiling in the
high-frequency region is further split in “frequency,” where the
5-kHz sinusoid is located, while the tilings in the low-frequency
regions are further split in “time,” where the single impulse is
dominant. Finally, the resulting time–frequency segmentation is
illustrated in Fig. 5(d), where the tiling is split both in time and
in frequency based on the characteristics of the analyzed signal.

C. Transient Estimation

After the optimal time–frequency tiling has been determined,
the next step is to recover the transient component from the
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Fig. 5. Modified backward algorithm to determine the coefficient blocks of the minimum cost for a 2048-sample synthetic signal composed of a high-frequency
(5 kHz) sinusoid and a single impulse located at sample index 1345.

resulting tiling. The tiling size of each coefficient block is mea-
sured relative to the full time period and whole frequency range
of the signal, each interval is normalized to 1. All of the blocks
of coefficients whose tiling height is more than or equal to the
tiling width are characterized as transient tiles ( , and

) and vice versa for the non-transient tiles ( , and )
as illustrated in Fig. 5(d). All of the wavelet packet coefficients
in the transient tiles, referred to as the significant wavelet
packet coefficients, are retained, but those in the nontransient
tiles, referred to as the insignificant wavelet packet coefficients,
are set to zero based on the idea of transform coding [24]. Then,
the transient component, , is simply estimated by the
inverse wavelet packet transform of those significant wavelet
packet coefficients. The nontransient component is obtained

by the inverse wavelet packet transform of the insignificant
wavelet packet coefficients or simply calculated by subtraction
of the transient component from the original speech signal as

(5)

Fig. 6(a) and (b) illustrates the resulting transient and non-
transient components of the synthetic signal of Fig. 2. The tran-
sient component predominantly includes the single impulse and
the nontransient component is dominated by the high-frequency
sinusoid, fully matching our intuition about the desired decom-
position of such signal.
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Fig. 6. (a) Transient component of the synthetic signal of Fig. 2. (b) Nontran-
sient component.

III. SPEECH DECOMPOSITION RESULTS

Three hundred monosyllabic CVC words proposed by House
et al. [21] are decomposed using our joint time–frequency
segmentation algorithm described in Section II. The nontran-
sient component predominantly includes constant frequency
information of vowel formants and consonant hubs. Hence,
it includes most of the energy of the original speech. The
transient component, on the other hand, includes comparatively
little energy of the original speech. It emphasizes “edges” in
time–frequency and includes transitions from consonants to
vowels, transitions between and within vowels, and transitions
at the end of vowels to consonants.

A. Results

Results are illustrated by the decomposition obtained on
“bat” transcribed phonetically as /bæt/. These results are typ-
ical for all studied words. The word “bat” is chosen as an
example of the decomposition results because it represents a
relatively simple distinction between transient and nontransient
components as illustrated in Fig. 7(a). More generally, it is
composed of clear time–frequency edges, i.e., /b/ (arrow A1)
and /t/ (arrow F1), visible as vertical ridges in the spectrogram,
and vowel /æ/, which has fairly constant frequency information
in the first (arrow B1), second (arrow C1), third (arrow D1),
and fourth (arrow E1) formants, visible as horizontal ridges in
the spectrogram. Consonants, transitions from consonants to
vowels (arrow H1), and transitions at the end of vowels (arrow
I1) should be included in the transient component. On the other
hand, constant frequency information in vowels and consonant
hub (arrow G1) should be assigned to the nontransient compo-
nent.

The nontransient component computed by our algorithm, il-
lustrated in Fig. 7(b), includes most of the energy (96.2%) of
the speech signal. It predominantly includes the vowel /æ/ as de-
sired and small parts of /t/ in the low-frequency region around
0.35 s (arrow A2). The transient component, shown in Fig. 7(c),
includes 3.8% of the energy of the speech signal. It includes
the release of the plosive /b/ (arrow A3), the transition from /b/

to vowel /æ/ (arrow B3), the transition at the end of vowel /æ/
(arrow C3), and most of the release of the plosive /t/ (arrow D3).
It also includes the aspiration noise of /t/ visible as noise pattern
in high-frequency regions (arrow E3).

B. Comparison of Transient Speech Component and Modified
Speech From Various Algorithms

If the time and frequency tilings of the joint time–frequency
segmentation algorithm are automatically adapted to the char-
acteristics of the speech signal itself, it should provide more ef-
fective identification of the transient component compared to
an algorithm that is restricted to fixed time–frequency tilings
[8] or to a fixed number of time-varying bandpass filters [7]. To
investigate this hypothesis, the transient component and the re-
sulting modified speech obtained by our joint time–frequency
segmentation algorithm, Y’s algorithm, and T’s algorithm are
compared. Results for the transient component of the monosyl-
labic CVC word “bat” obtained by [7] and [8] are illustrated in
Fig. 7(d) and (e), respectively. Results of the modified speech
of the same word obtained by our algorithm, Y’s algorithm, and
T’s algorithm are illustrated in Fig. 7(f), (g), and (h), respec-
tively.

The transient component identified by Y’s algorithm includes
most of /b/ (arrow A4), most of /t/ (arrow G4), and most of the
release of /t/ (arrow H4). It also includes the transition from /b/
to vowel /æ/ (arrow B4) and the transition at the end of vowel /æ/
(arrow F4) similar to our algorithm. However, the transient com-
ponent appears to retain a significant amount of constant for-
mant information, which is expected to be included in the tonal
component [8]. Specifically, it includes parts of the constant
frequency information of the second formant (arrow C4) and
most of the constant frequency information of the third (arrow
D4), and fourth formants (arrow E4), respectively. In addition,
as clearly visible in Fig. 7(d), this algorithm cannot capture the
transient component frequencies below 700 Hz [8].

The transient component identified by T’s algorithm includes
/b/ (arrow A5), /t/ (arrow F5), and most of the release of /t/
(arrow G5) similar to our algorithm and Y’s algorithm. The al-
gorithm removes constant formant frequency information more
effectively than Y’s algorithm illustrated as “holes” in the re-
sulting transient component (arrow B5, C5, D5, and E5). How-
ever, as stated earlier, the vowel /æ/ is composed of fairly con-
stant frequency information and should not be included in the
transient component.

The transient component is used to improve speech intelligi-
bility, i.e., the transient component is selectively amplified and
recombined with the original speech, with the total energy ad-
justed to be equal to the energy of the original signal based on
the idea of [7] and [8]. The optimal transient amplification factor
of 12 has been selected in a similar manner as in [7], [8] based
on informal listening tests among the amplification factors in
the range between 1 and 15. A too small amplification factor re-
sults only in a small improvement of speech intelligibility while
a large value results in a too strong emphasis of consonants and
transitions in speech, leading to unnatural sounding speech and
an implicit attenuation of the vowel sounds.

The modified speech from our algorithm emphasizes the edge
/b/ (arrow A6), the transition into the vowel (arrow B6) and at
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Fig. 7. Speech decomposition results and the modified speech from various algorithms. (a) Original speech of the word “bat.” (b) The nontransient component
from our algorithm. (c) The transient component from our algorithm. (d) The transient component from Y’s algorithm. (e) The transient component from T’s
algorithm. (f) The modified speech from our algorithm. (g) The modified speech from Y’s algorithm. (h) The modified speech from T’s algorithm.

the end of the vowel /æ/ (arrow C6), the edge /t/ (D6), and the
release of /t/ (arrow E6). It well preserves the formant structure
of the vowel /æ/. The modified speech from Y’s algorithm and
T’s algorithm also emphasize the edge /b/ (arrow A7 and A8),
the transitions into the vowel (G7 and C8) and at the end of

the vowel /æ/ (arrow D7 and E8), the edge /t/ (arrow B7 and
B8) and the release of /t/ (arrow C7 and D8) similar to our
algorithm. However, the modified speech from Y’s algorithm
emphasizes the high-frequency region (arrow E7) of the vowel
with some distortions of the formant structure especially in the
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low-frequency region (arrow F7), whereas the modified speech
from T’s algorithm introduces distortions in the formant struc-
ture (arrow F8). It also includes decomposition artifacts prob-
ably generated during the transient decomposition (arrow G8).

IV. EXPERIMENTAL SETUP: MODIFIED RHYME TEST PROTOCOL

The objective of this experiment is first to investigate whether
the transient component can improve the intelligibility of speech
in background noise. Second, to formally compare the intelligi-
bility of the modified speech generated from Y’s algorithm and
T’s algorithm to our joint time–frequency segmentation algo-
rithm (joint TF). The test protocol is a modified version of the
word monitoring task of Mackersie et al. [10] using 300 mono-
syllabic CVC rhyming words proposed by House et al. [21].

The test protocol was performed at the Signal Processing and
Speech Communication Laboratory (SPSC Lab.), Graz Univer-
sity of Technology, Austria, by 16 volunteer subjects (15 male
and 1 female). All of the subjects have negative otologic histo-
ries, i.e., they do not have histories of hearing loss, direct injury
to the ears, undergone surgery for hearing, working or recre-
ational activities in noisy environment, etc. Moreover, they have
at least one ear of hearing sensitivity of 15-dB hearing level
(HL) or better by conventional audiometry (250–8 kHz). All
of the volunteer subjects have at least eight years of learning
English. Among them, 11 subjects have German, two subjects
have Polish, and the remaining three subjects have Ladin, Urdu,
and Thai as their native languages, respectively. The maximum,
minimum, and average age of the subjects are 33, 21, and 27
years, respectively.

Fifty sets of rhyming monosyllabic CVC words (six words
per set) were recorded by a male English native speaker at the
Department of Communication Science and Disorders, Univer-
sity of Pittsburgh, as we used the same speech data as in [7]
and [8]. Among them, 25 sets differ in their initial consonants
and 25 sets differ in their final consonants. Additional words
of the same speaker were recorded for training purposes. Each
word is normalized to a unit root mean-square amplitude. The
speech-weighted background noise is presented for 1.83 s and
is windowed by a Tukey window for smooth onset and offset,
where the rise and fall time is set equally to 0.25 s [7], [8]. In
each trial, subjects heard up to six acoustic stimuli in a row
(but with 0.25 s of pause in between the words) corrupted by
one level of background noise chosen randomly from six SNR
levels ( 6 12 18 24, and 30 dB), where each SNR
is defined by the power amplitude ratio of the speech signal and
noise over the entire word [7]. The target word appears as text
on the computer screen and remains visible until termination of
the trial.

Subjects have to identify which of the six stimuli is the target
word. They hear each stimulus only once and have to press the
“SUBMIT” button as soon as they have recognized a stimulus
as the target word. Then, the trial is terminated and the next
trial is presented. If they think that the stimulus just heard is not
the target word, they have to press the “NEXT” button to hear
the next stimulus. The whole experiment is composed of one
training session for a total of 12 trials and three test sessions (100
trials each) for a total of 300 trials, i.e., 50 sets (one set is com-

TABLE I
NUMBERS OF TRIALS (THE ORIGINAL SPEECH AND THE MODIFIED SPEECH OF

VARIOUS ALGORITHMS) ACROSS SIX SNR LEVELS FOR TEST I

TABLE II
NUMBERS OF TRIALS (THE ORIGINAL SPEECH AND THE MODIFIED SPEECH OF

VARIOUS ALGORITHMS) ACROSS SIX SNR LEVELS FOR TEST II

posed of six rhyming words) of rhyming words are repeated six
times for each SNR condition for each subject. The target words
are randomly chosen from those 300 rhyming words. Once a
chosen target word is presented, it is removed from the future se-
lection pool. Therefore, the same rhyming word does not occur
as target word more than once. A 5-min break is provided to the
subjects after every 100 trials.

Eight subjects performed the scenario Test I and the re-
maining eight subjects performed Test II so as to achieve a
perfectly symmetric distribution of the 300 trials across the
four types of speech material and the six SNR conditions. The
number of trials across SNR levels and algorithms for Test I
and Test II are summarized in Tables I and II, respectively.

V. PSYCHOACOUSTIC TEST RESULTS

The average percentage of correct responses for the original
speech and the average percentage of correct responses for the
modified speech generated from our algorithm, Y’s algorithm,
and T’s algorithm at each SNR level are calculated by the sub-
jects’ correct responses divided by the total number of stimuli.
The results are illustrated in Fig. 8. Variance bars are omitted
to improve readability. Means, standard deviations (SDs), and
95% confidence intervals (CIs) of the paired-sample difference
between the modified speech of the joint TF and the original
speech at each SNR level are illustrated and summarized in
Fig. 9 and Table III, respectively.

The results in Fig. 9 and Table III show that the modified
speech of the joint time–frequency segmentation algorithm is
recognized better than the original speech at all SNR levels with
minimum improvement of 2.68% at 6 dB and maximum im-
provement of 27.28% at 18 dB. The modified speech signif-
icantly improves speech intelligibility in background noise in
five of six SNR levels, i.e., 9.58% at 0 dB, 18.59% at 12 dB,
27.28% at 18 dB, 21.51% at 24 dB, and 26.96% at 30 dB,
respectively. Specifically, at these SNR levels, the 95% CI dif-
ferences do not include the value zero.

The paired sample differences between the modified speech
of our algorithm and of Y’s algorithm are illustrated and sum-
marized in Fig. 10 and Table IV, respectively. The results in
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Fig. 8. Average percentage of correct responses for original speech (dashed
line), modified speech from joint time–frequency segmentation algorithm (solid
line), modified speech from Y’s algorithm (dash-dotted line), and modified
speech from T’s algorithm (dotted line).

Fig. 9. Mean difference between the modified speech of the joint time–fre-
quency segmentation algorithm and the original speech with 95% confidence
interval.

TABLE III
PAIRED SAMPLE DIFFERENCES (BETWEEN THE MODIFIED SPEECH

OF JOINT TIME–FREQUENCY SEGMENTATION ALGORITHM AND THE

ORIGINAL SPEECH) WITH THEIR MEANS, STANDARD DEVIATIONS (SDS),
AND 95% CONFIDENCE INTERVALS (CIS)

Fig. 10 and Table IV show that the modified speech of our al-
gorithm is recognized slightly better than Y’s algorithm at low
SNR levels, i.e., 0.24% at 12 dB, 2.56% at 18 dB, 1.80%

TABLE IV
PAIRED SAMPLE DIFFERENCES (BETWEEN THE MODIFIED SPEECH OF

JOINT TIME–FREQUENCY SEGMENTATION ALGORITHM AND OF Y’S

ALGORITHM) WITH THEIR MEANS, STANDARD DEVIATIONS (SDS),
AND 95% CONFIDENCE INTERVALS (CIS)

Fig. 10. Mean difference between the modified speech using the joint time–fre-
quency segmentation algorithm and Y’s algorithm with 95% confidence in-
terval.

at 24 dB, and 1.96% at 30 dB, respectively. However, the
modified speech of our algorithm is recognized worse than Y’s
algorithm at high SNR levels, i.e., 9.25% at 0 dB and 3.41% at

6 dB, respectively. There is no significant difference between
the recognition rates at all SNR levels.

Finally, the paired sample differences between the modified
speech of our algorithm and of T’s algorithm are shown and
summarized in Fig. 11 and Table V, respectively. The results in
Fig. 11 and Table V indicate that the modified speech of our al-
gorithm is recognized better than the modified speech of T’s al-
gorithm at all SNR levels with minimum improvement of 6.57%
at 30 dB and maximum improvement of 22.64% at 24 dB.
The modified speech of our algorithm significantly improves
speech intelligibility in background noise in four of six SNR
levels, i.e., 17.83% at 0 dB, 9.94% at 12 dB, 10.46% at 18
dB, and 22.64% at 24 dB, respectively.

VI. DISCUSSION

The transient component identified by Y’s algorithm retains
a substantial amount of energy of the formants even for sus-
tained vowel sounds especially in the high-frequency regions.
T’s algorithm removes most of the energy during the steady-
state vowel better than Y’s algorithm resulting in some “holes”
in the transient component. However, the transient component
suffers from pre-echo distortion effects due to the use of the
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TABLE V
PAIRED SAMPLE DIFFERENCES (BETWEEN THE MODIFIED SPEECH OF JOINT

TIME–FREQUENCY SEGMENTATION ALGORITHM AND OF T’S ALGORITHM)
WITH THEIR MEANS, STANDARD DEVIATIONS (SDS), AND 95% CONFIDENCE

INTERVALS (CIS)

Fig. 11. Mean difference between the modified speech using the joint time–fre-
quency segmentation algorithm and T’s algorithm with 95% confidence interval.

MDCT [14]. Moreover, the transient component includes de-
composition artifacts, which probably occur during the tonal
and transient decomposition [8]. We conclude that the adaptive
tiling both in time and frequency of our algorithm provides the
best estimate of the transient component compared to the algo-
rithm using three time varying bandpass filters [7] and the algo-
rithm using a fixed time–frequency tiling in the MDCT and the
wavelet transform [8].

Word recognition rates of our modified speech in speech
weighted background noise are better than those of the original
speech at all SNR levels. Among them, for five of six SNR
levels except for 6 dB, the modified speech significantly
improves speech intelligibility compared to the original speech.
The insignificant difference between the modified and the
original speech at 6 dB mainly comes from the variability
of two subjects, i.e., at this level, they perceived the original
speech better then the modified speech 23.08% and 30.77%,
respectively. However, the overall results show conclusively
that the emphasis of the transient component significantly im-
proves the intelligibility of the speech perception in noise. This
suggests that the transient component in speech is important
for speech enhancement supporting [7] and [8].

We formally compared the intelligibility of the modified
speech identified by our algorithm, Y’s algorithm, and T’s
algorithm. Word recognition rates of our modified speech
are better than recognition rates of the modified speech of

Y’s algorithm at low SNR levels (SNR below 12 dB). Y’s
algorithm incorporates high-pass filtering at 700 Hz, which has
been shown to increase the intelligibility of speech in noise
[25], [26]. We presume that the higher recognition rates at 0 and

6 dB of Y’s algorithm are due to the effect of increasing the
relative power of formant frequency information in high-fre-
quency regions [8]. However, we do not perform a formal
experiment to investigate the role of high-frequency regions in
the transient component because we expect to achieve a similar
result as in [8], where the authors mentioned that the emphasis
of high-frequency regions of the transient component increases
speech intelligibility [8]. In this paper, we investigate the role of
both low- and high-frequency transient activity for improving
speech intelligibility without a broad high-frequency emphasis.

Word recognition rates of our modified speech are better than
the results of T’s algorithm at all SNR levels. We believe that the
superior performance of our algorithm is due to the use of the
joint time–frequency segmentation. Further, our algorithm does
not incorporate a transform coding scheme like the MDCT so
as to avoid the pre-echo distortions artifacts. We conclude that
our improvements over T’s algorithm are at least 7%.

VII. CONCLUSION AND FUTURE WORK

We have developed an algorithm, the joint time–frequency
segmentation algorithm, where the tiling is adapted both in time
and frequency to the characteristics of the speech signal. There-
fore, the Markov modeling is not needed in order to achieve a
good quality of the transient speech estimation. The transient
information in speech is obtained by using all of the blocks of
wavelet packet coefficients, whose tiling heights are larger than
or equal to the tiling widths. Although there is no accepted quan-
titative definition of the transient component of speech [7], [8],
we expect the transient component to include abrupt temporal
changes, such as onsets and offsets associated with consonants,
e.g., /b/, and /t/ in “bat” (/bæt/) and releases of the consonant ex-
cluding consonant hubs. In addition, the transient component is
expected to include transitions from the consonant to the vowel,
within the vowel, and at the end of the vowel to the consonant.

We have used a relative ratio of the tiling height and the tiling
width to extract the significant wavelet packet coefficients for
the transient component. Yet, we do not consider the use of
a tiling ratio as a direct amplification factor to the blocks of
wavelet packet coefficients. We suggest that this technique may
allow to develop a new dynamic speech enhancement algorithm,
where each wavelet packet coefficient is multiplied by a factor
depending on the characteristics identified by the tiling ratio.
Although in this work we are solely interested to investigate the
role of the transient component to enhance speech intelligibility
in background noise, we suggest that knowing the noise prop-
erties can be useful for enhancing our algorithm.

Our algorithm is an offline algorithm that needs to be applied
to one complete block of speech data at a time. We are currently
working on the possibility to turn it into an online algorithm,
which is capable of processing running speech without blocking
artifacts.

The English language is a stress-timed language and the tran-
sient component has been shown to be important to increase
speech intelligibility in background noise [7], [8], [19]. Other
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languages have different characteristics of vowel and consonant
sounds including differences in speech perception, e.g., tonal
languages. We assume that these differences affect the use of
our algorithm. We currently investigate the use of our algorithm
to enhance speech intelligibility in background noise for tonal
languages such as Chinese and Thai.
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