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Spectral Dynamics Recovery for Enhanced Speech
Intelligibility in Noise
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Abstract—Speech intelligibility in noisy environments decreases
with an increase in the noise power.We hypothesize that the differ-
ences of subsequent short-term spectra of speech, which we collec-
tively refer to as the speech spectral dynamics, can be used to char-
acterize speech intelligibility. We propose a distortion measure to
characterize the deviation of the dynamics of the noisy modified
speech from the dynamics of natural speech. Optimizing this dis-
tortion measure, we derive a parametric relationship between the
signal band-power before and after modification. The parametric
nature of the solution ensures adaptation to the noise level, the
speech statistics and a penalty on the power gain. A multi-band
speech modification system based on the single-band optimal solu-
tion is designed under a total signal power constraint and evalu-
ated in selected noise conditions. The results indicate that the pro-
posed approach compares favorably to a reference method based
on optimizing ameasure of the speech intelligibility index. Very low
computational complexity and high intelligibility gainmake this an
attractive approach for speech modification in a wide range of ap-
plication scenarios.
Index Terms—Environment adaptation, speech intelligibility en-

hancement, speech modification.

I. INTRODUCTION

T HE degradation of speech intelligibility in noise is an ex-
tensively studied phenomenon, e.g., [1]–[5]. From an en-

gineering perspective two problems related to the loss of intel-
ligibility in noise exist and are actively worked on. On the one
hand is the speech enhancement problem where it is assumed
that the speech and the noise signals are only observed as a
mixture, and the objective is to suppress the noise and improve
the quality of service, e.g., [6]–[8]. The dual problem assumes
that the information-bearing signal is known and the objective
is to modify this signal such that its intelligibility, in the pres-
ence of noise, is enhanced. Fig. 1 illustrates the two scenarios. In
this paper we focus on the problem of intelligibility-enhancing
speech modification.
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Fig. 1. Problem formulation differences between speech enhancement and in-
telligibility-enhancing speech modification.

Speech modification for improved intelligibility in noise is a
problem with relatively long history. Recently, it has attracted
increased interest not least due to the efforts within the Listening
Talker (LISTA) project [9]. Methods for speech modification
can be divided into two large classes: measure-driven and rule-
driven.
Rule-based methods adopt a single or a combination of strate-

gies known to improve speech intelligibility in noise. These
methods do not typically adapt to changes in the environment.
Absence of adaptation makes them highly robust and computa-
tionally efficient. Lack of adaptation, however, suggests that the
extent of modification at any instant is either excessive or insuf-
ficient. A particularly successful line of work uses a combina-
tion of dynamic range compression (DRC) [10] and high-pass
filtering [11]. This track has been exploited and augmented fur-
ther in, among others, [12]where DRC is applied in combina-
tion with spectral shaping (SS). Rule-based methods using other
signal characteristics and processing techniques include, e.g.,
[13], [14].
Measure-driven speech modification forms a recent addition

to the range of methods addressing the deterioration of speech
intelligibility in noise. The fundamental difference from rule-
based methods is that the degree of modification (and possibly
also the choice of modification strategy) is the outcome of opti-
mizing a distortion measure. The resulting framework is adap-
tive and introduces feed-back on the expected intelligibility gain
for any degree of modification. An attractive feature of mea-
sure-driven modification methods is that multiple modification
strategies can be exploited simultaneously. The intelligibility
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gain achievable with such methods is limited by the accuracy
of the intelligibility measure and the choice of modification
strategies. Additional challenges may be posed by convexity
and computational complexity issues.
Within the class of measure-based methods, further sub-clas-

sification is possible based on a hierarchical outlook of the com-
munication process [2]. Most methods use measures that op-
erate at the power spectral level, which is a relatively low level
in the communication hierarchy. Among these, [15], [16] op-
timize a measure based on the speech intelligibility index (SII)
[3]. These adjust the signal-to-noise ratios (SNRs) in an auditory
filter-bank using perceptual considerations represented by band-
importance weights. An approach exploring both frequency-de-
pendent and frequency-independent SNR recovery followed by
output power limitation is discussed in [17]. Optimization of
a perceptual distortion measure to derive band-specific power
gains is pursued in [18]. [19], [20] optimize distortion measures
derived from a glimpsing model of speech intelligibility [21].
An operating level at which phonetic information becomes

visible is considered a high level. Using a high-level measure
based on phoneme recognition accuracy offers the advantage
of multi-modal modification and optimality at a level that more
accurately reflects subjective intelligibility [22]. Higher com-
putational complexity and possible robustness issues due to the
dependence on additional information narrow the practical ap-
plicability of such methods.
To preserve, in part, the advantages of high-level measure

optimization, and simultaneously increase robustness and com-
putational efficiency, the projection of a high-level measure to
the feature space is considered. Our objective is to improve the
similarity between the noisy modified and the natural speech
features from the feature set of a speech recognition system.
Typically, Mel cepstra (static features) and their differences (dy-
namic features) [23] are used. Recent findings in neuroscience,
which highlight the importance of the temporal evolution of the
speech signal to intelligibility [24], [25], motivate us to focus
on the dynamic features. As the cepstra are a unitary transform
of smoothed log spectrum, this is equivalent to considering the
dynamics of smoothed spectra.
In [26] we pursued the track of preserving the spectral

dynamics down to a band-power threshold level. The method
achieved an intelligibility gain over natural speech, but left
room for improvement as a result of the inefficient use of signal
power to preserve dynamics at high power levels with little
positive impact on intelligibility. This issue is now addressed
by introducing a distortion measure that characterizes the
deviation of the instantaneous power dynamics of the noisy
speech from the dynamics of the clean speech.
We propose an optimization criterion as the combination of

the dynamics-distortion measure and a term that penalizes the
band-power gain. Working with instantaneous power avoids
complications from considering frame sequences and gives a
parametric closed-form solution that relates the signal power
before and after modification. The optimal power relations
have a compressive characteristic. Autonomous adaptation of
the power mapping functions to the statistics of speech and
the environment noise generalizes the use of DRC for speech
intelligibility enhancement.

Speech modification for improved intelligibility in noise
is commonly performed under a power constraint to prevent
damage to both the auditory system and the audio equipment.
A power limit suggests that it is attractive to split the speech
signal into bands and explore dynamics recovery trade-offs.
In addition, multi-band processing allows better adaptation
to the environment and modeling of the non-uniform spectral
resolution of the auditory periphery [27].
The optimal relationship between the input and the output

signal power is used to design a multi-band speech modifica-
tion system. The optimization of the power distribution among
individual bands is governed by the objective of global recovery
of the spectral dynamics. In the following this approach is re-
ferred to as spectral dynamics recovery (SDR).
A tractable mathematical formulation is obtained by

working with the marginal distributions of the (scalar) speech
band-powers. Taking away the regularizing effect of the joint
distribution, however, leads to a perceptual effect that limits
the intelligibility gain for naive listeners. We address this
issue by performing a perceptually-motivated adjustment to
the modified band-powers. Experimental validation shows that
the proposed method compares favorably to the SII-optimal
speech modification approach from [16], under conditions
commonly encountered in on-line communication scenarios.
Higher, on average, intelligibility gain is achieved at a fraction
of the computational complexity of the reference method and a
shorter algorithmic delay.
The remainder of this paper is organized as follows. The

theory behind the proposed approach is presented in Section II.
Aspects related to the design of a practical multi-band speech
modification system are discussed in Section III. Results from
the objective and subjective evaluations of the method are given
in Section IV followed by conclusions in Section V.

II. THEORETICAL FOUNDATIONS
Recent studies in neurosciences emphasize the importance

of the temporal structure of speech to the ability of humans
to achieve high recognition even in severe noise conditions
[24], [25], [28], [29]. Neuronal oscillations engage in tracking
the speech dynamics on a multi-time-scale level. Successful
tracking results in high speech intelligibility. We exploit the
relevance of the dynamic properties of speech in developing
a method for speech modification to improve its intelligibility
in noise. Taking a simplified perspective, the focus is placed
on increasing the similarity between the instantaneous power
dynamics between clean and modified noisy speech. A distor-
tion measure is first formulated to characterize the deviation.
A criterion based on that measure is then optimized to derive
a parametric relationship between the power before and after
modification. Finally, a multi-band scenario is considered in
which the free band-specific parameters are optimized for
global dynamics recovery under a power constraint.

A. Single-Band Dynamics Recovery
A distortion measure that characterizes the deviation of the

noisy power dynamics from the dynamics of clean speech is
formulated in this section. An optimization criterion that com-
bines the distortion measure and a term that penalizes the signal



PETKOV AND KLEIJN: SPECTRAL DYNAMICS RECOVERY FOR ENHANCED SPEECH INTELLIGIBILITY IN NOISE 329

power gain is proposed, and the general solution to the resulting
optimization problem is presented. Choosing appropriate initial
and final conditions, a particular parametric solution is derived
and constrained to ensure monotonic behavior.
1) Problem Formulation: Let denote a realization of the

instantaneous band-power, i.e., the power in one band of the
original speech signal, where for compactness of notation the
band index is omitted. The modified band-power is denoted by
, where and is the power of the noise in that
band. Taking into consideration the log-power sensitivity of the
auditory periphery, the dynamics are recovered completely if
the signal modification enforces the relation:

(1)

Complete dynamics recovery is neither power-efficient nor nec-
essary to achieve good intelligibility. The focus is, therefore,
placed on optimizing a distortion measure that characterizes the
deviation of the dynamics of the modified noisy speech from the
dynamics of the clean speech. The distortion is quantified as the
squared distance of the left and right-hand sides of (1):

(2)

where , to penalize large deviations of the dynamics
as these have an adverse effect on intelligibility. To facilitate
regulation of the consumed power, an optimization criterion that
includes both (2) and a penalty on the power gain is formulated
as:

(3)

where and determine the power range in which optimal
dynamics recovery is pursued, is a Lagrange multiplier and

is the probability density function (PDF) of
the instantaneous signal band-power. The lower bound facil-
itates use of voice activity detection. The penalty term includes
the factor to ensure that in the absence of noise the signal is
not modified. It is assumed that the noise power spectral density
(PSD) is estimated from the noise observed in a window pre-
ceding the modification window. Given that the speech signal
of the past is known exactly, and for slowly varying noise sta-
tistics, this approximation has high accuracy.
Even the relatively simple form of (3), however, is math-

ematically inconvenient. A work-around for this problem is
found by using the asymptotically equivalent weighted distor-
tion measure:

(4)

The value of the weighting factor is high for both very low and
high signal power levels, leading to distortion emphasis in these
ranges. The modified criterion, used as the basis for recovering
spectral dynamics throughout this work, becomes:

(5)

Fig. 2. Pareto distribution fit for the Hz band.

The presence of the first order derivative in (5) suggests use
of the calculus of variations [30] as the method of optimization.
The possibility for finding a closed-form analytic solution to
this optimization problem depends on the choice of the density
function . Commonly, the Gamma distribution is used to
model speech power spectral coefficients, e.g., [31]. However,
exponential family distributions [32] do not lead to a tractable
analysis. The two-parameter Pareto distribution [33]is adopted
instead. It is a power law distribution with PDF:

(6)

where (shape parameter) reflects the rate of decay of the dis-
tribution tail and is the lower bound of the support interval
of . Fig. 2 compares the modeling capacity of the Pareto and
the Gamma distributions, with respect to the empirical distri-
bution, for a particular frequency band. Instantaneous power is
approximated by frame-based estimates. The large band-power
values are the result of using as the wave-
form’s dynamic range. Maximum likelihood (ML) parameter
estimates were obtained using recordings of the speech utter-
ances from [34]. The Gamma distribution clearly stands out as
a better model.
The power-law decay of the density function implies that the

expectation operator over can be evaluated for
only. In practice, however, estimation of the shape parameter
can produce any value . Bounding the optimal spectral
dynamics recovery range by allows us to compute the expec-
tation for any value of .
An alternative to introducing an upper bound on the optimal

operating range is to work with a truncated Pareto distribution
[35]. Truncating the distribution, however, renders any values
outside of the support infeasible and requires that all such oc-
currences be handled as exceptions. By using a distribution that
is not bounded from above, all band-power realizations are han-
dled with the same theoretical framework.
2) General Solution to the Single-Band Optimization

Problem: Let represent the integrand of (5) and
. Omitting the explicit dependence on gives:

(7)



330 IEEE/ACM TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE PROCESSING, VOL. 23, NO. 2, FEBRUARY 2015

The fundamental lemma of calculus of variations [36] provides
the Euler-Lagrange equation as a necessary condition for an
extremum:

(8)

Substituting the required derivatives:

(9)

(10)

into (8) and simplifying yields the following linear non-homo-
geneous ordinary differential equation (ODE) [37]:

(11)

The general solution to (11) is of the form:

(12)

where and are two solutions to the homogeneous ODE,
is a particular solution to the non-homogeneous equation,

and and are constants.
To find , and we proceed as follows. One solu-

tion to the homogeneous equation is first identified. It is easily
verified that is a solution, i.e., . Using the reduction
of order technique, is found. The variation of pa-
rameters method is used to obtain and identify
the complete solution as:

(13)

Appendix A provides the proof that (13) is a minimizer of (5).
3) Initial and Final Conditions: To establish a particular

mapping between the input power and the output power ,
it is necessary to set the constants and . This is achieved by
associating physically-meaningful initial and final conditions to
the ODE. It is of practical interest to ensure that the mapping

achieves two particular points in the operating range:

(14)
(15)

Solving the linear system of equations (14) and (15) gives:

(16)

(17)

4) Parametrization of the Final Condition: The output
power at the upper bound of the optimal operating
range can be substituted for a constant, e.g.,

(18)

or parameterized in terms of the Lagrange multiplier , e.g.,

(19)

Fig. 3. Power mappings for fixed (i) and adaptive (ii) at: (i-a) varied noise
power for and (i-b) varied penalty for dB
and (i-c) varied shape parameter for and dB
(ii-a) varied noise power for and penalty (ii-b) varied noise
power for and (ii-c) varied noise power for
and , where is the maximum monotonicity-preserving penalty and

dB is indicated with a thick vertical line.

where limits the output power at . The advantage of (19)
over (18) is that an adaptive extends the range of accessible
modifications. The linear parametrization in (19) is chosen for
mathematical convenience. An increase in the Lagrange multi-
plier leads to a decrease in the value of , which is consis-
tent with penalizing the power gain. Normalization by en-
sures scale consistency with the remaining appearances of in
equation (13). Note that, in general, use of boundary condition
(19) does not preserve the signal in the absence of noise because

and do not hold.
The behavior of themapping , considering both fixed and

adaptive , is illustrated in Fig. 3. A reference level of one is
used to express signal power in . The three plots in the left
column show changes in the mapping caused by varying the
values of the individual parameters , and under (18). The
three plots in the right column capture changes in the mapping
caused by varying noise level for three different values of
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under (19). The power mapping functions conform with three
fundamental principles at lower power levels: i) larger noise
power increases the output power, ii) larger (higher band-
power concentration at low power levels) increases the output
power and iii) larger decreases the output power.
Note that the shapes of the mapping curves comply with the

expected behavior due to the weighting of the distortion mea-
sure in (4). For low signal powers the slope of themapping curve
is steep. A similar behavior is observed for high signal powers.
The slope is moderate in the mid-power range reflecting lower
sensitivity to dynamics distortion.
It is required that is monotonic as non-monotonicity

contradicts the objective of dynamics recovery. Monotonicity
is not guaranteed for an arbitrary value of . We constrain the
derivative of the mapping function to ensure monotonic be-
havior and derive a condition of the form . The
derivation and the expressions corresponding to case (18) and
(19), are given in Appendices B and C respectively.

B. Multi-Band Dynamics Recovery

Multi-band speech modification based on (13) is discussed
in this section. Increasing the spectral resolution allows for
better adaptation to the statistics of the speech and the noise
signals. We formulate a multi-band optimization problem in
Section II-B1 and prove, in Section II-B2, that its solution
ensures feed-through behavior in the absence of noise.
1) Optimization Problem: We formulate an optimization

problem to distribute the available power among all bands with
the objective of global dynamics recovery. Individual bands
are considered of equal importance. The solution is constrained
to produce monotonic mappings in all bands. The problem
formulation is unaffected by the choice for , i.e., (18) or (19),
in individual bands.
Provided that smaller , where is a band index

and is the number of bands, leads to lower dynamics distortion,
we minimize the sum of the squares of the normalized penalty
magnitudes:

(20)

where is the band-specific . Use of a squared error cri-
terion equalizes dynamics importance in different bands. Dif-
ferent speech band-power statistics and noise band-power levels
in different bands lead to . This biases the
objective in favor of bands with large . Normal-
ization by eliminates this effect.
The search region for the optimal is con-

strained to a range where monotonicity is guaranteed by:

(21)

where is the band-specific . Power preservation is en-
forced, on average, through the constraint:

(22)

where expectation is taken over the only random variable ac-
cording to the adoptedmodel. Both the constant and the penalty-
dependent lead to an affine dependence on

in the left-hand-side of (22):

(23)

where and are given by the expressions in Appendix D.
The multi-band optimization problem is a convex separable
quadratic program (QP), which can be solved efficiently [38].
2) Feed-Through Behavior in Noise-Free Conditions: It is

required that in the absence of noise, the speech signal remains
unchanged. We next show that the proposed method satisfies
this constraint.
Let the parametrization (19) be used in all bands and assume

that is band-independent. In the absence of noise, the max-
imum penalty becomes:

(24)

When and , the band-specific
constants and simplify to:

(25)
(26)

Substituting (25), (26) and into (13) and
simplifying, gives:

(27)

Any penalty leads to an increase in the
output power for . The power preservation con-
straint (22) together with (27) enforce as
the optimal solution.
The case of having in one of the bands is considered

next. It is readily shown, starting from (13), that for
and independently of the value of the corresponding penalty ,
feed-through behavior occurs when . It follows that a
combination of fixed and -dependent preserves
the signal in the absence of noise and under a power preservation
constraint.

III. PRACTICAL CONSIDERATIONS

Aspects related to the effective operation of a multi-band
speech modification system are discussed next. An overarching
paradigm is that instantaneous power is approximated with
estimates derived from overlapping frames extracted from the
input speech signal. The estimation of the shape and scale
parameters and from the statistical models
of the speech band-powers and is addressed
in Section III-A. Perceptual adjustment to account for using
marginal distributions for the speech band-powers is considered
in Section III-B. Setting the parameter from (19) is discussed
in Section III-C. The speech modification algorithm used in
the evaluation of the spectral dynamics recovery approach is
summarized in Section III-D.
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A. Estimation of parameters , and

The parameters , and need to be estimated
prior to application of the method. The ML estimators for and

from the PDF of the Pareto distribution are [39]:

(28)

and

(29)

where is the number of available data points. It is readily
verified that the shape parameter is scale-invariant.
The upper bound of the range where optimal

speech modification takes place, is set to the highest observed
band-power in the training database:

(30)

This was a design decision reflecting the form of the estimator
for the lower bound of the target range.
The parameters and are not scale-invariant.

A change in the long-term variance of the input signal is ac-
counted for by scaling and with the ratio of the current
variance and the reference variance.

B. Solution Biasing

The system described thus-far does not use any knowledge
of the perception of speech apart from the hypothesized impor-
tance of the spectral dynamics. In general, it amplifies the in-
dividual frequency bands of speech to alleviate the influence of
the noise on the dynamics. Use of marginal distributions for the
band-power statistics increases the possibility for amplifying
speech components that are not perceived in a quiet environ-
ment. In practice, this effect is strongest for the high-frequency
components of voiced speech.
In the current system we prevent over-amplification of in-

audible speech components by biasing the modified signal spec-
trum towards natural speech. As stronger biasing is needed for
voiced speech, a rudimentary low-complexity voicing classi-
fier is implemented. Classification is based on the value of the
first-order correlation coefficient of the speech frame. A bi-
asing weight with perceptual motivation is assigned to each
class. Biasing is performed in the log-domain to avoid drastic
changes in the output power distribution based on:

(31)

where and are the frame-
specific band-power distributions of the modified (prior to bi-
asing) and the natural speech frame respectively. The frame
index was omitted for succinct notation. The denominator in
(31) ensures that the frame power before and after the biasing
procedure is exactly the same. The output power distribution be-
comes identical to that of natural speech for , whereas

prevents biasing. Note that as the noise level decreases,

the output band-power distribution becomes more similar to that
of the input signal. Thus, in the absence of noise, the distribu-
tion biasing procedure does not alter the signal.
In practice, is sufficient for smooth transition between

frames. The weights were tuned subjectively, and in the absence
of noise. The objective of reducing distortions while maximally
preserving the character of the modified speech resulted in:

(32)

The SDR method extended by biasing of the power distribu-
tions is referred to as biased-SDR (bSDR). Obtaining the bSDR
from the SDR optimal solution can be regarded as adaptive
post-filtering.

C. Setting the Parameter
The parameter of (19) affects the maximum output power

at the upper end of the optimal operating range when an adap-
tive (eq. (19)) is used, and is related to the monotonicity of the
mapping curves. Modes are eliminated from the optimal map-
ping range for when is
satisfied. The expressions for and and the analysis are
provided in Appendix C.
In Section II-B it was assumed that is band-independent.

It is likely that higher intelligibility results can be achieved by
introducing band-dependence but this track is not pursued. We
set to the closest integer value, which ensures that:

(33)

is satisfied in at least 99% of the cases encountered in the
training database for three different noise types at dB .
In practice, bands in which (33) cannot be satisfied will use a
fixed- (eq. (18)) mapping.
The particular noise types and SNR value are used in the lis-

tening test performed to assess the intelligibility of modified
speech. This SNR level was used as the most severe condition
for stationary noise in the Public Hurricane Challenge [40].

D. Algorithm
The algorithm for spectral dynamics recovery is presented in

this section. A block diagram is given in Fig. 4. The upright
notation and denotes the respective waveforms. Band
indexes are not included for simplicity. It is understood that

and represent the corresponding sets of pa-
rameters. indicates whether the mapping assigned to each
band uses a fixed (eq. (18)) or an adaptive (eq. (19)).
Three background gray levels are used to show the frequency

of execution of different operations. The lightest background
represents operations performed once per frame. A darker back-
ground is used for the less frequent operations that follow an
update in the noise statistics. In practice, the period of these
operations corresponds to the duration of an utterance (approx-
imately 2.5 s). The darkest background is used for an operation
performed once only.
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Fig. 4. Step-by-step listing of the proposed algorithm. Numbers in brackets
are references to equations. The background gray levels reflect the operation
execution frequency as follows: light - once per frame, medium - once per noise
statistics update and dark - once.

The following two operations are not shown explicitly in
Fig. 4. Rescaling of and (discussed in Section III-A) takes
place when the long-term variance of the input signal changes.
Abrupt changes in the spectral gain function are eliminated by
convolution with a smooth (Hann) window. This operation re-
duces artifacts in the modified speech.
The algorithm attempts to assign adaptive- (eq. (19)) map-

pings to as many of the bands as possible. The motivation, dis-
cussed previously, is that use of equation (19) offers more flexi-
bility for signal power distribution over equation (18). For bands
where the a priori choice of leads to a violation of the mono-
tonicity constraint (under eq. (19)), a fixed is used. Once each
band is assigned a mapping function, the multi-band optimiza-
tion for is performed.
The frame duration reflects the requirement for quasi-station-

arity in the extracted segments. The frame update rate presents
a trade-off between complexity and degree of smoothing in the
processed speech. The speech band-powers are computed from
the periodogram of individual frames extracted from the clean
signal. The bands are non-overlapping (to simplify the opti-
mization) and uniformly spaced on a Mel scale [27]. The noise
band-powers are estimated from the history of the noise by av-
eraging the periodogram over the frames within an analysis
window of predefined duration.

IV. METHOD EVALUATION
Results from the validation of the proposed approach to mod-

ifying speech for improved intelligibility in noise are presented
in this section. System-related settings and complexity analysis
are given in Section IV-A. The reference system used in the
subjective evaluation of the proposed method is introduced
in Section IV-B. Objective evaluation results are presented
in Section IV-C followed by subjective evaluation results in
Section IV-D.

A. System Settings and Complexity
bands uniformly distributed on a Mel scale [27] in

the range provide sufficient level of detail in the
power spectral domain while incurring a relatively low compu-
tational complexity. A 2048–long FFT is used for a frame length
of 416 samples at a sampling rate of kHz. A frame overlap
of 50% was used, resulting in an algorithmic delay of ms. A
50–sample long Hann window is convolved with the band-gain
factors (at the spectral bin level) to smooth transitions between
adjacent bands.
The estimates for and were obtained

using British English recordings of the Harvard Sentences [34]
from [40]. The 720 sentences were variance-equalized prior to
parameter estimation. The shape parameter values were:

(34)

indicating a trend of increase in the concentration of
band-powers towards lower power levels with an increase in
the band center frequency. The variance threshold for detecting
speech active frames was set to 50 dB below that of the max-
imum observed frame power. Changes in this threshold affect
the values and, consequently, the mapping func-
tions. This threshold level allows signal re-synthesis without
audible discontinuities.
Following the procedure identified in Section III-C,

was used over all bands and test conditions. Noise power
spectral density estimates were obtained by averaging the
periodograms of frames extracted from the 500 ms of noise
signal preceding the information-bearing speech signal in the
recordings for each noise-utterance pair.
The complexity of the proposed and the reference methods

was evaluated in Matlab as the average over 135 utterances
with a mean duration of 2 seconds. The routine
was used in combination with the active-set optimization algo-
rithm (under default settings) to solve the multi-band problem.
A MacBook A1466 computer with an i7 1.7 GHz processor al-
lowed for an execution 15 times faster than real-time operation
and five times faster than the reference method [16] in Matlab
[41]. A DELL 6520 computer with an i7 2.2 GHz processor
achieved roughly the same processing time for the proposed
method while reducing the processing time taken by the refer-
ence method by half.

B. Reference System
SII-optimally-modified speech [16] was used as the refer-

ence during the subjective evaluation of the dynamics recovery
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Fig. 5. Band-specific input-output power maps for dB SNR speech-shaped
noise in a system with 14 bands.

approach. SII [3] is a well-established model for evaluating the
intelligibility of speech in noisy environments. This method is
of particular interest as speech is modified based on perceptual
considerations represented by band-importance weights, and
therefore different from SDR.
Two adjustments are made to the original method from [16]

with the intention of addressing an on-line communication sce-
nario. On the one hand, the noise PSD estimate is obtained
from the 500 ms of noise signal preceding the utterance. On the
other, the optimal filter computation is based on the history of
the speech signal as opposed to the actual utterance being pro-
cessed. The availability of the future signal cannot be assumed
for on-line communication scenarios. This is addressed by using
the preceding sentence, which is of a similar duration and ut-
tered by the same speaker.

C. Objective Validation

The behavior of the proposed method is first illustrated in
terms of the time and spectral domain effects it induces.We con-
sider a fourteen-band system configuration and a test condition
of speech-shaped noise at dB SNR.
The optimal mapping functions for all fourteen bands are il-

lustrated in Fig. 5. The power is reduced in a number of bands
(typically bands with low shape parameter values) in favor of
the remaining bands. Band five, unlike its adjacent bands four
and six is boosted. This is explained in view of the higher value
of the shape parameter , cf. eq. (34), and the higher noise level
compared to band six.
The signal waveforms of the natural and the modified sig-

nals, including the reference, SDR and bSDR methods, are pre-
sented in Fig. 6. All three speech modification techniques en-
hance weaker transient parts of the signal. It is in the spectral
domain that the differences between the three methods become
more apparent. Fig. 7 shows the noisy spectrograms for the nat-
ural and the modified speech signals from Fig. 6.While SII-opti-
mally-modified speech produces a number of clear islands in the
noisy signal spectrogram, it lacks the continuity obtained with
the twomethods based on recovering the spectral dynamics. The
cost of dynamics recovery are relatively lower output power
levels.

Fig. 6. Speech waveforms (for presentation at dB speech-shaped
noise) for (in order from top) natural, SII-modified, SDR-modified and bSDR-
modified speech.

Fig. 7. Noisy ( dB speech-shaped noise) speech spectrograms for
(in order from top) natural, SII-modified, SDR-modified and bSDR-modified
speech.

The spectrograms also provide an insight into the differences
between SDR and bSDR. High-frequency power, which does
not identify any clear trends in the evolution of the spectral dy-
namics in the unbiased case, is reallocated in favor of empha-
sizing the more pronounced dynamics at the lower frequency
range.
Objective evaluation results for three noise types using the

SII implementation from the reference system are presented in
Fig. 8. To simplify the presentation, improvement over natural
speech is shown. Each value is an average over 135 utterances
from the test database [42]. All three modification techniques
achieve higher intelligibility than natural speech. Note that SII
does not consistently rate biasing as an enhancement. The ob-
jective results suggest higher performance in most of the con-
sidered range for SDR and bSDR in speech-shaped and babble
noise. In factory noise the proposed method is expected to per-
form slightly worse than the reference method. Typical noise
PSD estimates are presented for completeness in Fig. 9.
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Fig. 8. Intelligibility improvement over natural speech evaluated based on the
SII implementation of the reference system.

Fig. 9. Average periodograms of the three noise types from the test conditions.

D. Subjective Validation
The results from the subjective evaluation of the proposed

approach are presented in this section. The protocol for the lis-
tening test is given in Section IV-D1 and the corresponding test
results are given in Section IV-D2.
1) Listening Test Set-Up: To facilitate subject recruitment, a

Swedish sentence database [42] was used. It contains 180 sen-
tences divided into phonetically-balanced sets of 15 sentences.
Only the first 135 sentences were used during testing to ensure
a test duration preventing listener fatigue. The test database is
different from the training database, which ensures compliance
with a practical application scenario where the data is not known
a priori.
The recordings from the chosen database were preprocessed

by a noise suppression algorithm [43] to remove stationary
recording noise. After normalizing the variance of each utter-
ance, a silence period of 500 ms was added before and after
to form the clean test signals. Noisy signal mixtures were
then obtained using speech-shaped, multi-speaker babble and
factory noise [44] at dB SNR. The computation of the SNR
excludes the silence periods before and after the utterance.
The modified speech from both the proposed and the reference
algorithms was renormalized to dB SNR to compensate for
power deviations due to the short utterance duration and the
inaccuracy of the adopted statistical model.
Nine native listeners, aged 25 - 35 and without known audi-

tory impairments, were recruited and compensated financially
for their participation. The protocol can be summarized as
follows. The test is computer-based and diotic presentation

Fig. 10. Mean subjective intelligibility scores and standard deviation bars
at dB SNR.

is done through a pair of Beyerdynamic DT 770 headphones.
Before the test begins, six sentences (not included in the test)
are played back to allow the subject to adjust the presentation
level. Thereafter, using a particular combination of processing
method, noise type and sentence set, a subject is presented
with a sequence of sentences. After a single presentation of a
sentence, the subject is prompted to input their version of it
using a text-based computer interface. Upon completing the
task and pressing “Enter” the test continues with the presenta-
tion of the next sentence. Over the nine subjects all possible
combinations of sentence sets, noise types and processing
methods are covered. In addition, the order of presentation of
the processing methods is shifted cyclically after a set of three
subjects to ensure grounds for fair comparison. On average
25 minutes were sufficient for completing the test.
Joint testing of the three speech modification methods and

natural speech requires use of all 180 utterances from the test
database and extends significantly the duration of the listening
test. For this reason, natural speech was excluded from the test
when the three processing methods were compared. The re-
sults for the intelligibility of natural speech in noise, presented
in Section IV-D2, were taken from a previous test run com-
paring the intelligibility of natural speech, SII-optimally-modi-
fied speech and speech modified with an earlier version of SDR
using exactly the same test protocol but different listeners.
Intelligibility scores were computed for each sentence as the

ratio of the number of correctly recognized and the total number
of words. Per-sentence scores were then averaged over sen-
tence sets and used for comparison and significance analysis,
c.f., Section IV-D2.
2) Subjective Evaluation Results: The results from the

listening test performed using the test protocol described in
Section IV-D1 are presented in this section. Score averages and
standard deviations over subjects are shown in Fig. 10. -values
obtained with the Wilcoxon signed-rank test [45] are given in
Table I. This test assesses the difference in the mean ranks of
two data sets without assuming a particular probability density
function. Commonly, -values smaller than 0.05 are considered
to indicate that the difference is significant.
All of the included modification techniques improve in-

telligibility significantly. SDR achieves lower performance
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TABLE I
WILCOXON SIGNED-RANK TEST SIGNIFICANCE LEVELS

compared to the reference and bSDR systems for reasons
discussed in Section III-B. bSDR outperforms the reference
system in speech-shaped and multi-speaker babble noise while
achieving insignificantly lower performance in factory noise.
The low recognition scores for natural speech are likely caused
by the relatively short duration of the test sentences (four words
on average) leading to low predictability of the test material
and reduced listener adaptation time.
A comparison of the subjective and the objective evaluation

results shows that SII generally overrates the performance of
SDR. The advantage of bSDR over the reference system in
speech-shaped and babble noise is captured by the model. Sim-
ilarly, for factory noise the objective model identifies correctly
the modest advantage of the reference method.

V. CONCLUSIONS
Spectral dynamics recovery is an effective approach to im-

proving speech intelligibility in noise. Calculus of variations
provides the tools to optimize a distortion criterion quantifying
the deviation of the band-specific power dynamics of the noisy
from that of the clean speech. The solution is a mapping from
natural to optimally-modified speech band-powers that adapts
to the statistics of both the speech and the noise. The band-spe-
cific power mapping provides the basis for designing a speech
modification system with low computational complexity and al-
gorithmic delay. Future work will focus on sophisticating the
multi-band optimization criterion and removing the need for
post-processing of the optimal solution.

APPENDIX A
VERIFYING THAT OPTIMAL IS A MINIMIZER

The Euler-Lagrange equation is a necessary condition for an
optimizer and does not reveal if its solution, the stationary point

, is extremal and whether it is a minimizer or a maximizer.
Checking the second order (Legendre) necessary condition we
verify that can be a minimizer but not a maximizer [30]:

(35)

where and are all positive.
We next look at a sufficient condition for the stationary

point to be a minimizer [30]. The objective is to show that

is jointly convex in . This is achieved by
proving that the following Hessian is positive semidefinite:

(36)

As the eigenvalues of

(37)

are non-negative on , is a minimizer.

APPENDIX B
MONOTONICITY OF FOR

Let and define the lower and the upper bound on a range
of values that preserve the monotonicity of , .
Considering the fixed case, we derive these bounds starting
with constraints on the derivative of the mapping. The relation

, which ensures that only a single extremal point can be
achieved, is used for the purpose.
The condition:

(38)

ensures that is non-decreasing. Solving for gives:

(39)

Where

(40)

The lower bound is obtained similarly, by ensuring that
is non-decreasing at :

(41)

Considering that must hold, we obtain:

(42)

where

(43)

APPENDIX C
MONOTONICITY OF FOR

The adaptive nature of complicates the monotonicity
analysis compared to the case with constant discussed in
Appendix B. The presence of the two adjustable parameters
and in (19) suggest a two-step approach: the -s that ensures
a particular behavior for are first identified. The feasible
range for is then derived.
We require that the derivative is non-negative at

for , which is the minimum allowed penalty:

(44)
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This constraint eliminates a maximum on . It is
readily derived that the inequality is satisfied when:

(45)
Following a similar approach, the possibility for a minimum

on is eliminated. We impose the constraint:

(46)

which is different from (38) (used for fixed ). This choice en-
sures that the input signal is not modified in the absence of noise
for a multi-band signal modification scenario, cf. Section II-B2.
Solving eq. (46) for gives:

(47)

The range of where for is identified
next. Constraining the function to be increasing at and
non-decreasing at ensures that it is monotonically-in-
creasing on (when holds). The constraint:

(48)

leads to:

(49)

To summarize the above analysis, , is mono-
tonically increasing for

(50)

when

(51)

APPENDIX D
EXPRESSIONS FOR AND FROM EQ. (23)

The band index is omitted for succinct notation. The expres-
sions for and under (18) are:

(52)

and

(53)

where

(54)

The expressions for and under (19) become:

(55)

and

(56)
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