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ABSTRACT

Dynamic range compression is widely used in digital hearing aids,
but performs poorly in noisy conditions with multiple sources. We
propose a system that combines source separation, compression,
and beamforming to compress each source independently. We de-
rive an expression for a time-varying weighted multichannel Wiener
filter that performs both beamforming and compression. Experi-
ments using recorded speech and behind-the-ear hearing aid im-
pulse responses suggest that the combined system provides more
accurate dynamic range compression than a conventional compres-
sor in the presence of competing speech and background noise.

Index Terms— Dynamic range compression, audio source sep-
aration, speech enhancement, beamforming, hearing aids

1. INTRODUCTION

Dynamic range compression (DRC) [1–11] is used in most modern
hearing aids to reduce level variations in audio signals. A dynamic
range compressor applies variable gain based on the input level, as
shown in Figure 3, to amplify quiet sounds and attenuate loud ones.
In hearing aids, DRC is used to map the wide dynamic range of
speech sounds to the narrow dynamic range of hearing impaired
listeners. The literature shows mixed results on the effectiveness of
DRC for improving speech intelligibility [2,3]. There is consensus,
however, that DRC performs poorly in the presence of background
noise [4–8].

Noise adversely affects DRC in several ways. At high signal-to-
noise ratio (SNR) environments, DRC amplifies soft noise sounds
while attenuating loud speech sounds, reducing the output SNR
[4–6]. In low SNR, the compressor often cannot track the power
envelope of the target signal, as shown in Figure 2, reducing the
effective compression ratio [4]. Finally, because compression is a
nonlinear operation, any changes in the background signal will af-
fect the gain applied to the signal of interest. This effect, called co-
modulation [7] or across-source modulation correlation [8], intro-
duces distortion in scenarios with multiple competing talkers. These
effects have been observed in recent commercial hearing aids and
have been shown to adversely affect speech comprehension [5].

Ideally, compressors in listening devices would act like those
in music mixing [11], where the sources are processed indepen-
dently and then combined. Unfortunately, listening devices do not
have access to separate recordings of each source, only to their
mixtures. Thus, to reduce the effects of co-modulation, we must
first separate the sources, then compress and recombine them. To
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Figure 1: The proposed multisource compression system.

do so, we can take advantage of two increasingly overlapping [12]
areas of study in signal processing: source separation and beam-
forming. Source separation methods [13,14] take advantage of spa-
tial diversity between multiple microphones and the structure of the
signals to recover individual sources from a mixture. Many state-
of-the-art source separation algorithms can be thought of as time-
varying spatial filters. These methods estimate the spatial param-
eters and source powers as functions of time and frequency using
clustering [15, 16] or expectation maximization [17–19], for exam-
ple, and then separate the sources using a time-varying beamformer
or mask. Beamformers [20, 21] use weighted sums of microphone
signals to filter in both frequency and space. Binaural listening de-
vices can use the microphones on both sides of the head to improve
spatial resolution [22, 23]. For listening enhancement, beamform-
ers can be designed to partially attenuate rather than fully remove
background sources. These better preserve binaural cues and im-
prove the listener’s spatial awareness [24–27]. Because compres-
sors are also designed to attenuate sources, they should work well
with background-preserving binaural beamformers.

We propose a system, shown in Figure 1, for independently
compressing multiple simultaneous audio signals. First, source sep-
aration methods are used to estimate the spatial parameters and
power envelopes of the source signals. A set of nonlinear dynamic
range compressors, which may use different parameters for each
source, determine the time-varying gain to be applied to each source
signal. The estimated spatial parameters and target gains are used to
design linear time-varying beamforming filters, which make trade-
offs between compression performance, temporal and spectral dis-
tortion, and noise reduction. We describe the proposed system and
its design parameters in Section 2. In Section 3, we assess its perfor-
mance using metrics from both the source separation/beamforming
literature and the hearing aid literature.



2017 IEEE Workshop on Applications of Signal Processing to Audio and Acoustics October 15-18, 2017, New Paltz, NY

1,600 1,800 2,000

−80

−60

−40

−20

Time (ms)

E
n
v
el
o
p
e
L
ev
el

(d
B
F
S
)

Speech

Noise

Real DRC

Ideal DRC

Figure 2: Noise prevents a compressor from amplifying soft sounds.

2. PROPOSED METHOD

2.1. Signal model

Let xm(τ), m = 1, . . . ,M , denote discrete-time signals received
by M microphones. We designate microphone 1 as a reference
microphone. Let sn(τ), n = 1, . . . , N , denote signals from N
sources, as received by the reference microphone.

The system uses two different time-frequency signal represen-
tations. The short-time Fourier transform (STFT) s(t, f) of a signal
s(τ) is computed by dividing the signal into overlapping frames,
applying a tapered window function, and taking the discrete Fourier
transform. Source separation and beamforming often use STFTs
with hundreds of frequency bins to capture the fine detail of the
source-to-microphone transfer function. Compression, meanwhile,
is generally done in a small number of nonuniform bands that ap-
proximate the auditory system [1]. Let |s(t, b)|2 denote the power
of a signal s(τ) at time index t and band b ∈ 1, . . . , B and define
the mappings between STFT bins and compression bands by

|s(t, b)|2 =
∑
f Kb,f |s(t, f)|2 (1)

|ŝ(t, f)|2 =
∑
b Lf,b|s(t, b)|2, (2)

where K and L are real-valued matrices of power weights. Note
that the mapping is not invertible, so ŝ 6= s in general.

2.2. Dynamic range compression

There are two components of a DRC system: envelope detection
and gain calculation. The envelope detector smooths the signal
amplitude or power over time. Because DRC systems are used to
dampen sudden loud sounds, they typically react more quickly to
increasing signals than to decreasing signals. There are many ways
to design an envelope detector [11], but here we use a single-tap
recursive filter operating on the band power. The smoothed power
envelope, s̃(t, b), is given by

s̃(t,b) =

{
αs̃(t−1,b)+(1−α)|s(t,b)|2, if |s(t,b)|2 > s̃(t−1,b)

βs̃(t−1,b)+(1−β)|s(t,b)|2, otherwise.
(3)

The values of α and β determine the attack and release times, de-
fined in ANSI S3.22 [28] as the time for the envelope to change by
31 dB. In hearing aids, typical attack times are 1–10 ms and release
times range from tens to hundreds of milliseconds [10].
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Figure 3: A dynamic range compression curve (4).

The gain in each band is calculated according to an input-output
curve, like that depicted in Figure 3, that relates the input log spec-
tral envelope S̃(t, b) = 10 log10 s̃(t, b) to the output log spectral
envelope D̃(t, b). In the multisource compression problem, each
source can have a different compression curve. There are many
ways to design such curves [1,3,11], but we restrict our attention to
a configuration with a single threshold point,

D̃n(t, b) =


Ḡn(b) + S̃n(t, b), if S̃n(t, b) < Tn(b)

Ḡn(b) + Tn(b)

+ S̃n(t,b)−Tn(b)
Rn(b)

, otherwise,
(4)

where Tn, Rn, and Ḡn, are the threshold, compression ratio, and
initial gain for source n, all measured in decibels (dB).

The required gain, in dB, is G̃n(t, b) = D̃n(t, b) − S̃n(t, b).
To find the output signal, we first express G̃n(t, b) as an amplitude
gain gn(t, f) in the STFT domain:

gn(t, f) =
(∑

b
Lf,b10G̃n(t,b)/10

)1/2
. (5)

An ideal DRC system would produce the output signal dn(t, f) =
gn(t, f)sn(t, f) for each source n. We define the desired output of
the multisource compression system in the STFT domain as

d(t, f) =

N∑
n=1

gn(t, f)sn(t, f) = gT (t, f)s(t, f), (6)

where s(t, f) = [s1(t, f), . . . , sN (t, f)]T is the vector of source
signals and g(t, f) = [g1(t, f), . . . , gN (t, f)]T is the vector of
gains. Thus, the desired output is a modified mixture of the source
signals from the original mixture, each independently compressed
with possibly different parameters.

2.3. Parameter estimation

The multisource compression system does not have access to the
clean source signals, only to the noisy mixtures x1(τ), . . . , xM (τ).
It must therefore use source separation techniques to form estimates
|ŝn(t, b)|2 of the source powers in each band. To implement the
beamformer in Section 2.4, it must also estimate the parameters of
a spatial mixing model.

Many spatial source separation systems use a point source
model in which each source/microphone pair is related by an im-
pulse response amn(τ). The impulse response models the direct
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path from the source to the microphone as well as reverberation and
filtering effects. If the impulse responses are constant over the time
period of interest and are short relative to the STFT window length,
then convolution in the time domain can be approximated by multi-
plication in the frequency domain so that

x(t, f) = A(f)s(t, f) + z(t, f), (7)

where x(t, f) = [x1(t, f), . . . , xM (t, f)]T is the vector of received
signals, A(f) ∈ CM×N is the mixing matrix, and z(t, f) ∈ CM
is additive noise. Because s is defined relative to microphone 1,
A1,n(f) = 1 for all n and the columns of the mixing matrix are
called relative transfer functions [29].

The parameter estimation block uses source separation tech-
niques to produce estimates of A(f), the noise covariance matrix
Rz(f), and the spectral envelopes |sn(t, b)|2. These estimates are
passed to the DRC system to find the estimated source gain vector
ĝ(t, f). The design of an effective source separation algorithm for
the DRC application is an important problem, but is beyond the
scope of this paper. Instead, we will compare beamformers de-
signed using the ground truth spatial parameters to beamformers
designed with erroneous parameters to characterize the impact of
separator performance on overall system performance.

2.4. Beamforming

The beamformer is responsible for transforming the microphone
signals into a desired mixture of compressed sources. The beam-
forming filters can be described in the frequency domain as a set of
complex coefficients w(t, f) ∈ CM . The output y(t, f) is given by

y(t, f) = wH(t, f)x(t, f). (8)

The filters can be designed according to several criteria. A general
formulation is the multiple speech distortion weighted multichannel
Wiener filter (MSDW-MWF) [30], which minimizes the weighted
mean square error (MSE) between y(t, f) and d(t, f). The speech
distortion weights λn control the noise-distortion tradeoff for each
source component. Assuming the point source model (7) with noise
covariance matrix Rz(f), the MSDW-MWF is given by

w =
(
AΛCov(s, s)AH + Rz

)−1

AΛCov(s, d), (9)

where Λ = diag[λ1, . . . , λN ] and we have dropped the (t, f) in-
dices for brevity. In the limit as λn → ∞ for one or more sources,
we obtain a linearly constrained minimum variance (LCMV) beam-
former, which minimizes the output noise power subject to the con-
straint that wH(f)an(f) is constant for all f so that the signal is
not spectrally distorted. If instead Λ = I , we obtain a multichannel
Wiener filter (MWF), which distorts the signals as much as neces-
sary to minimize overall MSE.

From (6), we have Cov(s, d) = Cov(s, s)g. Substituting the
estimated mixing matrix Â, noise covariance R̂z , source powers
R̂s = diag[s̃1, . . . , s̃N ], and compression gains ĝ into (9), we ob-
tain the compressing beamformer coefficients

w =
(
ÂΛR̂sÂ

H + R̂z

)−1

ÂΛR̂sĝ. (10)

In the compressing beamformer, the speech distortion weights con-
trol both the spectral distortion and the envelope distortion. If a
weight is small, the beamformer will prioritize total noise reduction

over accurate compression. If a weight is large, the beamformer
will attempt to achieve the target gain for that source even if it must
distort other sources or amplify the noise.

3. PERFORMANCE

3.1. Metrics

To evaluate the performance of the system, we consider several met-
rics from the beamforming and hearing aid literature. First, we de-
fine the signal-to-error ratio (SER) in the time domain as

SER = 10 log10

∑
τ d(τ)2∑

τ (y(τ)− d(τ))2
. (11)

We also consider two metrics from the hearing aid literature,
effective compression ratio (ECR) and across-source modulation
correlation (ASMC). In this section, Ỹn refers to the log spectral
envelope of the output component due to source n. All envelopes
used to compute the metrics are detected using a 10 ms attack and
release time, regardless of the compressor’s time constants.

The ECR is computed using the method of [4]:

ECR =
1

B

B∑
b=1

S̃
(95)
1 (b)− S̃(5)

1 (b)

Ỹ
(95)
1 (b)− Ỹ (5)

1 (b)
, (12)

where the superscript 95 and 5 indicate the 95th and 5th percentiles
of the envelopes over segments where S̃1(t, b) > T1(b). Note that
the ECR is always smaller than the nominal compression ratio, even
with ideal DRC, due to temporal smoothing of the envelope.

The ASMC is computed using the method of [8]:

ASMC =
1

B

∑B

b=1
Corr{Ȳ1(t, b), Ȳ2(t, b)}, (13)

where Corr denotes the sample correlation coefficient averaged
over t and Ȳn(t, b) is the greater of Ỹn(t, b) and a cutoff set 13 dB
below the mean power level. The co-modulation effect produces
negative values of ASMC. The ASMC was found to be correlated
with speech intelligibility for human listeners [8].

Finally, we define the log spectral distortion (LSD):

LSD =
1

B

∑B

b=1
RMS

{
Ỹ1(t, b)− D̃1(t, b)

}
, (14)

where RMS denotes the root-mean-square average taken over only
those time points at which D̃1(t, b) is greater than 13 dB below
its mean power level, as in the ASMC calculation. The LSD mea-
sures the deviation in the output envelope from its ideal value and is
sometimes used as a cost function in noise reduction systems [31].

3.2. Experimental setup

To evaluate the performance of the compression system in hear-
ing aids, we synthesized several speech mixtures using impulse re-
sponses recorded with binaural behind-the-ear hearing aids on a
dummy head in a courtyard [32]. Each aid contains three micro-
phones, for a total of M = 6. Up to five speech sources are dis-
tributed around the dummy, with the target source nearest the front.
For each of 100 trials, the five source signals were randomly drawn
from a set of 20-second speech clips from TIMIT corpus [33], sam-
pled at 16 kHz with an average level of −38 dB full scale (dBFS).
Processing was performed in the STFT domain with a raised cosine
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Two Speakers Speech and Noise Five Speakers

SER ECR ASMC LSD SER ECR ASMC* LSD SER ECR ASMC LSD

Ideal DRC ∞ 1.76 0.01 0.0 ∞ 1.76 0.05 0.0 ∞ 1.62 0.01 0.0
Conventional DRC 11.0 1.27 −0.20 9.7 −2.7 1.36 −0.61 11.8 −2.7 1.11 −0.10 12.1
Ground Truth LCMV 16.4 1.75 −0.02 4.3 0.9 1.51 −0.68 8.0 1.5 1.57 −0.11 6.0
Ground Truth MWF 16.3 1.73 −0.02 6.3 3.9 1.36 −0.47 12.6 6.8 1.24 −0.03 10.5
Erroneous LCMV 8.9 1.61 −0.07 4.6 0.3 1.48 −0.67 9.0 −4.3 1.36 −0.09 7.3
Erroneous MWF 9.2 1.61 −0.07 6.6 3.1 1.32 −0.44 13.6 −1.1 1.23 −0.04 11.3

Table 1: Experimental results for three scenarios, averaged over 100 trials. The standard error is less than one significant figure for all entries.
*ASMC between the speech and the residual output noise, which is not compressed.

window of length 512 samples (32 ms), zero-padded DFT length of
1024, and step size of 128 samples (8 ms). In all experiments, the
compressors used six bands, a threshold of −60 dBFS, and attack
and release times of 5 and 100 ms, respectively. The sensor noise
was simulated as independent white Gaussian noise at −80 dBFS.
By using synthetic mixtures, we were able to track the contribution
of each source and the additive noise to the system output.

To evaluate the tradeoff between distortion and noise, we tested
two compressing beamformers: a MWF (λn = 1) and a LCMV
beamformer (λn → ∞). The outputs were compared to an ideal
multisource compressor, which independently compresses each
source using the true source power, and a conventional compres-
sor that acts on the noisy mixture. To characterize the effects of
parameter estimation errors, we compared two spatial models: an
exact model using the ground truth impulse responses and an erro-
neous model based on measurements made with the same hardware
in an anechoic chamber. For both spatial models, the source power
envelopes were estimated as

|ŝn(t, b)|2 =
∑
f Kb,f |w̄H

n (f)x(t, f)|2, (15)

where w̄n(f) is a fixed distortionless beamformer.

3.3. Experimental results

We considered three scenarios, shown in Table 1. The first included
two simultaneous speech signals at similar input levels. Both sig-
nals were to be independently compressed at a ratio of 5:1 with 20
dB gain. Because the sources were well separated in space, all four
beamformers were similarly effective at separating the source sig-
nals and recombining them in the desired ratio. As expected, the
conventional compressor had a lower ECR, more negative ASMC,
and higher LSD than the ideal multisource compressor. The com-
pressing beamformer improved all three envelope metrics.

The second scenario included a single source in approximately
isotropic speech-shaped noise with an input SNR of +4 dB. The en-
velopes in Figure 2 are from this experiment. The speech was to
be compressed at a ratio of 5:1 with 20 dB gain and the noise was
to be attenuated as much as possible. Since the compressing beam-
formers were designed to remove rather than compress the diffuse
noise, they did not greatly improve the ASMC between the speech
and residual noise. In this single-source scenario, there was little
difference between the exact and approximate spatial models. The
LCMV beamformer had better LSD and ECR, while the MWF had
better SER. The speech distortion weight can be thought of as a
tradeoff parameter between envelope distortion and noise reduction.

The third scenario included five simultaneous speech signals.
The first signal was to be compressed at a ratio of 3:1 and ampli-

fied by 20 dB. The other four were to be independently compressed
at 6:1 with no additional gain. The MWF, which prioritizes noise
reduction, improved the SER and ASMC, while the LCMV beam-
former, which prioritizes envelope fidelity, improved the ECR and
LSD. Since the closely spaced hearing aid microphones lack the
spatial diversity to reliably separate five sources, the SER is quite
sensitive to errors in the spatial model.

4. CONCLUSIONS

In all three scenarios, at least one of the compressing beamformer
designs achieved better noise reduction, envelope fidelity, across-
source correlation, and effective compression than the conventional
compressor. The experiments show that the choice of speech distor-
tion weights has a significant impact on system performance: large
speech distortion weights lead to a stronger compression effect and
less envelope distortion, while smaller weights give better noise re-
duction and less correlation among the source envelopes. The third
scenario in particular shows that the effectiveness of the system de-
pends strongly on the performance of the parameter estimation al-
gorithm. Nevertheless, even with a complex mixture and inaccurate
spatial parameters, the compressing beamformer still outperformed
conventional DRC. Further work is required to develop source sep-
aration algorithms tailored to the multisource compression problem
and to evaluate the impact of multisource compression on listeners.

As embedded processing technology advances, listening de-
vices will be able to perform sophisticated spatial processing to sep-
arate, modify, and recombine sound sources in real time. These fu-
ture devices will be able to apply compression to individual sources
rather than their mixtures. Here, we have shown that dynamic range
compression and background-preserving beamforming can be per-
formed jointly by a single time-varying spatial filter. The multi-
source compressor is less susceptible to noise and co-modulation
effects than a conventional compressor.
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