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Real-Time Embedded Implementation of the Binary
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Abstract—In this paper, we present a real-time embedded im-
plementation of the binary masking algorithm, which has been
shown to significantly improve speech-in-noise intelligibility. Our
real-time implementation relies on a balance of parallel processing
and hardware pipelining. We have tested and evaluated our im-
plementation on a Spartan 3A FPGA. The measured latency was
8.5 ms. The highest measured improvement in short-time objective
intelligibility was 85%.
Index Terms—Binary mask, embedded systems, hearing aids,

real-time systems, speech enhancement.

I. INTRODUCTION

I N a noisy environment, such as a busy street or a crowded
restaurant, the normal human hearing system is able to dis-

cern and comprehend speech, despite the multitude of intruding,
competing sounds [1], [2]. Unfortunately, the ability to solve
this “cocktail party problem” is greatly diminished in individ-
uals with sensorineural hearing loss [3], [4]. Even with the use
of hearing prosthetics, hearing-impaired individuals often find it
extremely difficult to comprehend speech, when it is presented
in competition with everyday, background noise [3], [5]–[7].
Current speech enhancement algorithms improve speech

quality, but not necessarily intelligibility [8]. While hearing-im-
paired listeners do benefit from improved speech quality, com-
munication problems still exist if intelligibility is not improved.
The ideal binary mask is one algorithm specifically shown to
improve speech intelligibility. In [9], the speech intelligibility
scores reported by normal hearing listeners increased from
12% to 100% after speech embedded in four-talker babble was
processed by the ideal binary mask. Similarly, the ideal binary
mask improved speech intelligibility from nearly 0% to 100%
in the study described in [10].
We have previously illustrated that the binary mask algorithm

is suitable for embedded applications such as the hearing pros-
thetic system illustrated in Fig. 1 [11]. In this work, we de-
scribe hardware design details and measurement results of our
real-time implementation of the algorithm.
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Fig. 1. A Top-level overview of how the real-time binary mask algorithm
integrates with the complete hearing prosthetic system [11].

Fig. 2. High level block diagram of the binary mask algorithm.

II. BINARY MASKING OVERVIEW

The idea behind the binary mask (BM) algorithm is as fol-
lows. Speech is sparse in the time-frequency domain. If we as-
sume that noise is also sparse in this domain, then it very likely
does not overlap with the speech. So, we can remove the noisy
regions of the time-frequency plane (by applying the appro-
priate “binarymask”), which will leave us with intact, noise-free
speech [5]. The algorithm is effective even if the noise is not
sparse in the time-frequency domain; the overall signal-to-noise
ratio (SNR) of the speech can be greatly improved by discarding
those regions of the time-frequency plane whose SNR fails to
exceed a specified threshold.
A practical implementation of the algorithm generally has

three stages—spectral analysis, classification, and synthesis, as
shown in Fig. 2. The spectral analysis stage uses the fast Fourier
transform (FFT) or a filter bank to map the original, noisy signal
from the time domain to the time-frequency (TF) domain. In the
classification stage, each TF unit is either identified as belonging
to class ‘1’ (clean speech, a.k.a. “target”), or class ‘0’ (noise).
This classification creates a binary mask. In the synthesis stage,
the TF-domain version of the original, noisy signal is multiplied
by the binary mask, effectively removing all of the noise-con-
taining portions of the signal. After the binary mask is applied,
the TF units are then recombined to form a speech signal that is
clean (or at least of higher SNR than before).
In [12], Boldt et al. introduced a target/noise classification

stage that relies on spatial filtering. Assuming that the direction
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Fig. 3. A visual representation of the BM estimation algorithm. The first column shows the spatial filter cardioids used to create the and Noise
signals. The second column shows the outputs of the spatial filters, the and Noise signals, after spectral analysis in the time-frequency domain.
The third column shows the resulting binary mask formed. The black regions indicate noise to be removed. The fourth column shows the output after applying the
binary mask.

Fig. 4. Block-diagram of the hardware modules required for BM algorithm
implementation. Spectral analysis is performed by a bank of 28 bandpass filters.
Classification is performed on each time-frequency unit of the
signal by comparing its signal-to-noise ratio to some threshold. An accumulator
is used to synthesize the enhanced speech.

of the target signal is known, a delay-and-sum beamformer will
provide the original, noisy signal, which is denoted

. A reference noise signal, denoted Noise, is formed by a
beamformer that points 180 away from the target signal. Both

and Noise signals are mapped into the TF do-
main. A TF unit of the signal is classified as
1 (target) if it contains more energy than the corresponding TF
unit in the Noise signal. Otherwise, it is classified as 0 (noise).1

Fig. 3 illustrates how the algorithm would process speech that
has been corrupted by a chirp signal arriving from the 120
angle.

III. REAL-TIME IMPLEMENTATION DETAILS

As depicted in Fig. 4, our implementation of the binary
masking algorithm uses a bank of band-pass filters to perform
the spectral analysis. Also, classification is performed with a
signal-to-noise (SNR) estimate and a comparator. Finally, an
accumulator constitutes the synthesis stage. Following are the
details of our design.

A. Spectral Analysis

1) Design: The spectral analysis stage of the BM algorithm
was implemented as a bank of band-pass filters. The quality of
the spectral analysis has a large impact on the overall algorithm
performance, therefore the filter bank is designed accordingly.

1In the more general version of the algorithm, classification is based on
whether or not the ratio of energy to Noise energy for the
TF units in question exceeds some threshold that is not necessarily equal to
one [12].

Fig. 5. Time delay caused by digital filtering is referred to as group delay. If
the delay between when processed and unprocessed information reach the brain
is large enough objectionable effects occur. These effects include echoes, pitch/
timbre changes, and corruption of spatial information—all of which may cause
potential discomfort and confusion for the user. The filter bank was designed
to minimize this delay while maintaining the required frequency resolution, as
shown in the above image.

BM algorithm performance improves with increasing spec-
tral resolution. For instance, in [13], intelligibility scores of
binary-masked speech improved from 5% to 65% when the
number of filter bank channels increased from 6 to 32. We im-
plemented our spectral analysis stage with a 28-channel bank
of 8th order band-pass filters. This gives a moderate amount of
spectral resolution without creating objectionably-long group
delay. As shown in Fig. 5, our filter bank produces less than
a 10 ms group delay over most frequencies of interest, which
is in line with group delay exhibited by typical digital hearing
aids [14], [15].
BM performance also improves as the frequency span of the

filter bank increases. This results from a general widening in the
signal processing bandwidth, which causes speech intelligibility
to increase and noise sensitivity to decrease [16]–[19]. In a re-
verberant environment, for instance, increasing the bandwidth
from 4 kHz to 7 kHz can increase word identification accuracy
from 52% to 80% [19]. We designed the filter bank to span the
range 200 Hz to 10 kHz. The upper limit of the filter bank is de-
termined by the sampling rate of 32 kHz, while the lower limit
is dictated by numerical stability and group delay concerns.
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Audio processing algorithms that use a warped frequency
scale to mimic how human hearing mechanisms process sound
outperform algorithms based on a uniform scale [20]. Multiple
audio-processing warping scale variations exist (Bark, Mel,
ERB, etc.), but studies show that performance across scales
is comparable [21]. Therefore, we chose to design our filter
bank using a linear-log approximation of the Bark scale. The
filter bank comprises 7 low-frequency linearly spaced filters,
and 21 high-frequency logarithmically spaced filters. The
linearly spaced filters span 200 Hz to 935 Hz, and exhibit a
filter bandwidth of 105 Hz. The transition frequency and linear
bandwidth features were chosen to keep group delay within
acceptable levels. Fig. 5 shows the group delay and frequency
spacing associated with this filter bank. Filters were designed
using Matlab’s filter design tools. Coefficients for these filters
were extracted directly from the filter structures generated.
2) Hardware: The filter bank could be realized with a highly

parallel, low latency architecture, since each filter processes
data independently of the others. However, such an implemen-
tation would require hundreds of multipliers. On the other hand,
a purely sequential implementation would require close to 3000
clock cycles to process each input sample. In this section, we
describe an implementation that uses—via a balance of paral-
lelization and pipelining—only 4 multipliers and 812 clock cy-
cles per input sample.
The spectral analyses of the mixture and the

Noise signal are performed in parallel using two separate banks
of 28 band-pass filters. Each band-pass filter is composed of a
cascade of 4 Direct Form 2 (DF2) SOS filters of the form

(1)

(2)

where and are the filter coefficients, is the filter
input, is the output, and is an intermediate vari-
able. Also, the delayed versions of this variable, and

, are delay elements. From this equation the spectral
analysis of each mixture requires multiplications
per sample. To accommodate such a large number of multiplica-
tions, we reuse one multiplier block to implement an entire filter
bank. Data hazard can be avoided by rearranging multiplication
operations to ensure calculation of is complete before the
execution of .
The SOS implementation recycles the same multiplier hard-

ware while sequentially changing operand values in order to
compute all multiplications required by the DF2 filter equation,
as shown in Fig. 6.
The routing pattern laid out in Fig. 6 interleaves (1) and (2)

computations. This interleaved pattern was used because it min-
imizes the number of memory read instructions that must be per-
formed, since each element must only be read once. In addition,
accessing the element before the element
permits overwriting the element while simultaneously
performing computations dependent on .
This SOS structure is then cascaded to form an 8th order filter,

as shown in Fig. 7. A multiplexer is used to control the input to

Fig. 6. The state machine for a single SOS block. Multiplication is performed
sequentially because the filter is implemented using a single multiplier block.

Fig. 7. Hardware diagram and data path for an 8th order band-pass filter. A
single SOS filter is reused and cascaded four times to create the 8th order filter.

Fig. 8. High level block diagram of SNR estimation for the classification
stage. SNR is calculated by extracting the envelope of the “signal”

—via rectification and low-pass filtering—and comparing
that to the envelope of the Noise. The envelope extraction hardware is
multiplexed and shared between the and Noise.

the SOS block—it routes the original input signal to the input
for the first SOS filter and then routes the output of the previous
SOS filter to the input for the next three SOS filters. This 8th
order filter block is then recycled sequentially in order to process
all filters in the filter bank. While the same input signal is used
for all filters, filter-specific coefficients and delay elements are
required. Because this information is stored in the samememory
blocks for all filters the only data path change required is filter-
specific memory addressing. A filter-dependent state machine
is used to update the memory addresses to reflect the region of
memory corresponding the current filter.
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Fig. 9. Timing diagram snapshot showing data path pipeline for frequency channel and frequency channel .

B. Classification
The binary mask is created by classifying individual TF units

of the mixture as target or noise. Classification
is performed by comparing the local SNR for a given TF region
to a specified threshold dB in this case. The local SNR is
formed by taking the ratio of power to Noise
power for a given TF region. Similar to spectral analysis, per-
forming SNR calculations on 28 channels for two inputs would
require more multiplications than we have multipliers. There-
fore, this block is shared across channels and between mixtures,
as shown in Fig. 8.
For a given sample interval binary mask values are computed

for all 28 frequency channels. The binary mask value for one
channel is computed by comparing the estimated local SNR to
a specified threshold; SNR values above the threshold are clas-
sified as target whereas SNR values below the threshold are
classified as noise. Local SNR estimation is formed by taking
the ratio of power to Noise power in that fre-
quency band. The power for each mixture is computed using
an envelope detector. Envelope detectors track amplitude/power
changes in a signal by first squaring the signal, then low-pass fil-
tering the output for smoothing purposes. Filtering is performed
using a single SOS section, because filter roll-off requirements
are more relaxed compared to the spectral analysis roll-off re-
quirements. The filter is implemented with the same SOS archi-
tecture as described in the spectral analysis section. A single set
of filter coefficients is used for all channels.
As shown in Fig. 9, classification calculations are pipelined

with spectral analysis calculations in order to reduce the total
processing time. Classification of the channel mixture is per-
formed simultaneously with the spectral analysis of channel

. The total number of operations required to perform clas-
sification in a single channel is much smaller than the number of
operations required for a single band-pass filter, therefore power
computations of and Noise are performed se-
quentially to save hardware resources, as shown in Fig. 8. The
mask is then calculated once the second power computation
completes. Once the mask for channel is assigned this module
idles until the current spectral analysis computation of channel

completes. The next classification computation begins in

step with the next spectral analysis computation, as shown in
the pipeline diagram illustrated in Fig. 9.

C. Synthesis

The binary mask computed in the classification stage identi-
fies the “clean” segments for all channels. A
better estimate of the original target signal is formed bymasking
off segments that are not marked as “clean”.
Masking is performed by recombining only
segments marked as clean. This is achieved by routing the

spectral analysis output to an accumulator,
which is enabled or disabled by the output of the classification
stage.
This component of the algorithm is implemented in the same

pipeline stage as the SNR estimation, so the channel portion of
reconstruction is performed in step with the channel spec-
tral analysis. A breakdown of this pipelined implementation is
shown in Fig. 9. This selective accumulate-and-store procedure
effectively reconstructs a new signal with improved intelligi-
bility by removing noise.

D. Data Representation

We used an integer representation as the internal data repre-
sentation, because it requires less hardware, power, and latency
than floating-point arithmetic [22], [23]. However, this repre-
sentation is susceptible to numerical noise and instability. We
minimized these nonidealities by scaling the operands and using
a computational word length of 32 bits, which is long enough to
avoid overflow during processing and to prevent compounded
rounding error.
Separate scaling factors were chosen for the input signal and

coefficients in order to maximize the number of bits used for
computation while preventing scaling overflow. Scaling factors
are based on powers of 2 so that re-scaling can be performed
quickly using simple bit shifting arithmetic. The input signal
is amplified prior to filtering so that when the output signal is
scaled back to the original input scaling, rounding errors intro-
duced by the algorithm are reduced by this factor.
In addition to input scaling, each set of filter coefficients

is uniformly scaled as well. The coefficient scaling factor
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Fig. 10. Diagram showing the partitioning scheme used for memory
addressing.

was chosen to maximize resolution of the coefficient with the
smallest magnitude (thereby reducing rounding error), while
ensuring the coefficient with the largest magnitude does not
exceed .

E. Memory Allocation

As described in the previous sections, we reuse the same
multipliers for several different operations. The multipliers’
operands (input samples, filter coefficients, delay elements, etc.)
are not fixed, but instead have to be retrieved from memory and
changed from one operation to another. In a given clock cycle,
this requires simultaneous access to as many as 4 memory
elements. So, the operands are stored in 4 separate RAM units.
The coefficients for both filter banks are stored in a single RAM
unit. The delay signals for the Noise and the
filter banks are each stored in a separate RAM unit. Finally,
a fourth RAM unit is used to store the delay elements for the
low pass filter (the filter used during classification) for both the
Noise and the signals.
One RAM unit stores the coefficients for the 28-channel bank

of 8th order band-pass filters (this single set of coefficients is
used to filter both the and the Noise signals).
Each band-pass filter consists of two unique SOS filter struc-
tures, each of which are implemented twice for a total of four
SOS structures. Each SOS structure is defined by 6 coefficients,
so the total number of coefficients stored for the bank of band-
pass filters is . To form thememory address needed
to access a given coefficient, we concatenate the channel index
with the first bit of the SOS index followed by the coefficient
index (see Fig. 10).
The filter bank contains 28, 8th-order fil-

ters. Each 8th-order filter is made up of 4 SOS’s, each of which

requires the storage of 2 delay elements. In total, there are
delay elements for the filter bank,

and they are all stored in a single RAM unit. Similarly, the 224
delay elements of the Noise filter bank are stored in a single
RAM unit. Fig. 10 illustrates the addressing scheme for these
memory elements.
One last RAM unit is used to store the delay elements of the

low pass filter SOS (this is the filter used for energy extraction
in the SNR estimation stage of the algorithm). This last RAM
contains delay elements for both input signals, since the shared
low pass filter SOS hardware only requires delay elements from
one input signal at any given time. The RAM unit stores

delay elements. Fig. 10 illustrates the addressing
scheme for this memory.
Since the coefficients are accessed independently and are

never overwritten, it is sufficient to store them in single-port
RAM. Memory used to access the filter delay elements requires
a two-port configuration, because data from two separate
memory addresses must be accessed in a single clock cycle.
(The newer delay element is read while the older delay ele-
ment is overwritten.) True dual-port ram permits simultaneous
read and write access to separate memory addresses via two
independent ports. While the same memory space is shared for
true dual-port RAM port-specific read-to-write aspect ratios
can be realized by splitting the memory space. Given that
the port aspect ratios are symmetrical (both ports are used to
access the same set of data), and simultaneous read access is
not required the delay element memory can be configured as
simple dual-port RAM instead of true dual-port RAM. This
configuration comprises one port for reading and one port for
writing.

IV. EXPERIMENTAL METHODS

We realized our algorithm implementation on a prototype
FPGA platform. Test procedure details and results are presented
in the following two sections.

A. Audio Databases

The target signals used for testing were speech samples ob-
tained from the TIMIT Acoustic-Phonetic Continuous Speech
Corpus [24]. This database, comprising 6300 sentences spoken
by male and female speakers from eight American English di-
alect regions, was used to ensure that results are not biased
towards a particular speaker gender, dialect, or pronunciation
style. The noise signals used for testing were obtained from the
AURORA database [25]. The specific sounds chosen include
babble (speech shaped noise), restaurant noise, and white noise.

B. Speech-in-Noise Simulation

While this algorithm is designed for implementation in con-
junction with delay-and-sum beamforming of raw microphone
signals, algorithm performance is best verified under controlled
test conditions. Therefore, in order to generate signals with
precise SNR and directionality microphone recording, beam-
forming, and beam steering were simulated in Matlab.
1) Setting SNR: Noisy speech signals were generated in

Matlab using a weighted sum of clean speech and noise. SNR
levels were adjusted by changing the weight applied to the
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Fig. 11. Diagram of the hardware orientation assumed for simulating a three
microphone array, where microphones are labeled as , and . The
sound source is labeled as , and the spatial positioning of the sound source
relative to the array is labeled as . The spacing between microphones, , was
set to 0.4 cm.

noise signal. SNR was measured using the global SNR output
from the snrseg function in the Voicebox toolbox [26]. A binary
search tree approach was used to determine the noise weighting
required to obtain specific SNR values. After forming the
weighted combination of speech and noise, the noisy speech
signal was normalized to a maximum amplitude of 1 prior to
outputting the signal to the FPGA in order to prevent the output
from clipping.
2) Simulating Microphones: Three microphone signals

were simulated for an L-shaped microphone array, as shown in
Fig. 11. This configuration was used to enable two-dimensional
spatial localization of sound (within the plane containing the
microphones) via beamforming.
For each sound source the three microphone signals were

simulated by creating delayed versions of the original signal.
Delays depend on the spatial positioning of the sound source
relative to the array, as outlined in (3) and (4). Spatial delays in
the horizontal dimension were represented by the – mi-
crophone pair, whereas spatial delays in the vertical dimension
were represented by the – microphone pair.
The horizontal delay is set by

(3)

The vertical delay is set by

(4)

In (3) and (4) corresponds to the separation between and
, as well as between and is the speed of sound, and
is position of the sound source relative to the array. Using
to represent the sound source, simulated microphone signals can
be written in terms of these delays, to produce the expressions
given in (5).

(5)

In order to realize negative delays must be assumed to
be some number of samples after start of each audio sample.
3) Creating Directional Filters: The two directionally fil-

tered signals required as inputs to the binary masking algorithm
are generated by applying delay and sum beamforming [27]
and beam steering techniques [28] to the three simulated micro-
phone signals in order to generate a simulated cardioid pointing
in the direction of the target speech signal, and a simulated car-
dioid pointing 180 opposite the direction of the target speech
signal.

C. Experimental Setup

Testing was carried out using Digilent’s Spartan-3A develop-
ment board, which features the Xilinx Spartan 3A XC3S700A
FPGA. The clock frequency of the FPGA was 50 MHz. Sim-
ulated audio signals, sampled at 31.25 kS/s, were transmitted
to the embedded system in the analog domain via the com-
puter’s sound card output jack. Digilent Inc.’s PMODAD1, fea-
turing the AD7476A serial interface ADC, was used for signal
conversion back to the digital domain. Additional hardware re-
quired include the on-board LTC2624 DAC (used to generate
analog signals for latency testing), Agilent’s MSO7014B oscil-
loscope (used to record analog signals for latency testing), and
an FT232RL USB to serial bridge (used to record digital signals
for intelligibility testing).

D. Test 1—Latency

The latency of the algorithm was measured for 96 different
noisy speech input signals. These input signals correspond to 32
unique speech signals masked by three types of noise (babble,
restaurant, and white noise) at a mixture level of dB SNR.
The speech signals comprise a two-sentence utterance randomly
selected from one male and one female speaker from each of the
eight dialect regions laid out in the TIMIT corpus.
Latency as referred to here is defined as the time delay be-

tween when the original signal enters the system and when the
processed output is made available. This delay was measured
by outputting both the processed signal and the raw input in the
analog domain so that an oscilloscope could be used to simulta-
neously record signals with high sampling resolution. The oscil-
loscope recorded approximately 1 s of data, which was then an-
alyzed inMatlab. The sigalign routine obtained from theMatlab
toolbox Voicebox was used to measure the delay. This func-
tion aligns clean and noisy data by maximizing the correlation
coefficient between the two signals [26]. The total latency in-
cluded delay contributions from the FPGA algorithm core, the
data converters, and the I/O routing fabric. To determine the la-
tency of the FPGA algorithm core alone, a signal was routed
directly from an FPGA input pin to output pin (bypassing the
algorithm core), and the measured delay was subtracted from
the total latency.

E. Test 2—Speech Intelligibility

The intelligibility improvement afforded by this algorithm
was measured for 5 male and 5 female speakers randomly se-
lected from 5 of the 8 dialect regions laid out in the TIMIT
corpus masked by three types of noise (babble, restaurant, and
white noise). Intelligibility improvement for each speaker was
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measured for multiple noise angles—the angular separation be-
tween target and noise sources—and multiple SNR levels. Mea-
surements were taken for noise angles ranging from 15 to 345
at 15 increments, and SNR levels ranging from dB to 5
dB at 5 dB increments.
We used the short time objective intelligibility (STOI) index

[29] to measure the amount of intelligibility improvement
that our BM implementation provides. The STOI index is the
average of the linear correlation coefficients between corre-
sponding TF units of clean and processed speech samples
[29]. The linear correlation coefficient, , for a pair of
corresponding TF units is given as

(6)

where is the normalized, zero-mean short-time temporal
envelope of the clean speech at time frame index and fre-
quency band . The variable is similarly defined, but for
the processed speech. Taal et al. provide more details in [29].
The attraction of the STOI index is that it displays a mono-
tonic (albeit nonlinear) relation with speech intelligibility scores
from human auditory task testing. In addition, the STOI index
has been tested on English speech processed by time-frequency
varying gain functions that are similar to those applied here.
Also, STOI performs better than other commonly-used mea-
sures including the Dau AuditoryModel, Coherence Speech-In-
telligibility Index, Normalized Covariance Based Speech Trans-
mission, Frequency-Weighted Segmental SNR, and Normalized
Subband Envelope Correlation [29].
Two intelligibility measures were calculated for each condi-

tion tested—one corresponding to the intelligibility of the pro-
cessed output relative to the original target speech, and the other
corresponding to the intelligibility of the rawmicrophone signal
relative to the original target speech. The percent intelligibility
improvement between the processed and raw signals was mea-
sured. The percent improvement was used instead of absolute
improvement values, because it allows for result comparison
and averaging across conditions where baseline intelligibility
measures differ.
All signals used for intelligibility calculations—target, raw

microphone, and processed signal were transmitted through
the same conversion chain to remove the effect of any mis-
match/distortions that were not a result of the algorithm itself.
Optimal STOI performance requires time alignment of both
signals, therefore prior to STOI computation all signals were
aligned using the sigalign function to remove shifts caused by
system latency and alignment differences resulting from the
data collection technique.

V. RESULTS AND DISCUSSION

A. Latency

Results from latency test measurements are shown in Fig. 12.
The latency is primarily due to the filter bank group delay, which
changes with frequency, as was shown in Fig. 5. Since we tested
various speech samples and types of noises that have different
frequency compositions, the measured latency varied, with an

Fig. 12. The latency measured between the input and processed output for
speech masked by three types of noise at dB SNR.

Fig. 13. 1) Top view of noise angle, with the source locations measured
relative to listener. 2) Measured average percent intelligibility improvement
from raw microphone signal to processed, binary masked signal under different
test conditions.

average value of 8.48 ms and a standard deviation of 0.03 ms.
This amount of delay is noticeable to listeners [30], and also
does not take into account the delay contributed by other parts
of the system.
We can reduce the latency of the algorithm by reducing the

frequency resolution of the filter bank, particularly at the low
frequency range. The trade-off is that lower frequency resolu-
tion makes the binary masking algorithm less effective at im-
proving speech intelligibility [10].
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Fig. 14. Measurement results obtained from processing a male speaker’s speech, Target, that has been masked by babble noise, Noise, at dB SNR. The
speaker and the babble noise source are in the same horizontal plane, separated by 105 degrees. The upper left spectrogram shows the spectral analysis of the

signal. The bottom right shows a spectrogram of our implemented binary mask output. The algorithm’s output corresponds very closely to that
of the ideal binary mask. A time series of and the output of our binary mask implementation are shown in the bottom left panel.

B. Speech Intelligibility

Results from the test measuring speech intelligibility are
shown in Fig. 13. The values reported in Fig. 13 correspond to
the average percent increase in STOI value relative to the raw
baseline signal STOI value for all speakers tested for a given
condition.
Fig. 13 shows that this algorithm implementation results in

intelligibility measure improvements for all three noise condi-
tions for both male and female speakers, with improvement ef-
fects increasing with decreasing SNR levels. These results re-
veal that intelligibility improvement degrades when the noise
angle is less than 90 ; however, this performance can be im-
proved if an adaptive instead of fixed SNR threshold is used in
the classification stage, as described in [12].
Spectrograms are also included to show improvements for a

single test condition in the TF domain. Fig. 14 shows improve-
ments for a male speaker masked by babble noise at 105 . One
should note that the SNR as shown in the Target + Noisemixture
is better than the condition stated due to directional filtering.

C. Hardware Platform

Our algorithm implementation requires 4 multipliers, 4
adders, 1 comparator and 896 words of RAM. The memory
must be able to accommodate simultaneous access to 4 dif-
ferent addresses. On the Spartan 3A FPGA, these components
are easily accommodated and consume approximately 15 mW
of power (calculated using the Xilinx Power Estimator tool).
However, the overhead cost (area and power consumption)
of routing fabric and reconfiguration circuitry means that an
FPGA can only be used as an experimental platform. To be
useful in a practical hearing device, the algorithm must be

realized in either a low-power digital signal processor (DSP) or
as an application specific integrated circuit (ASIC).
For the algorithm to fit on current low-power processors, it

might have to be modified slightly. For example, if we reduced
the level of parallelization such that only 2 multipliers were
needed simultaneously, then our implementation could be real-
ized in the C55x series of low power DSPs (Texas Instruments,
Dallas, TX) [31]. The reduced level of parallelization would in-
crease the number of clock cycles needed to process one data
sample from 812 to 1120. At a clock rate of 50 MHz, this cor-
responds to a power consumption of 7.5 mW and a maximum
sample rate of 44 kHz. As another example, we could reduce
the number of filters in the spectral analysis filter bank to 16, in
order to use the BelaSigna 2xx series of audio processors (ON
Semiconductor, Phoenix, AZ) [32]. For the BelaSigna, the max-
imum sample rate would have to be reduced to 16 kHz, but its
filter bank hardware accelerator would ensure that power con-
sumption is kept below 1 mW.
On an ASIC, the majority of the chip area and power budget

will be used by the multipliers and the RAM.With the design in-
troduced by [33], a single, 50 MHz 32 32-bit multiplier takes
up an area of 0.06 mm and consumes 0.16 mW of power on a
90 nm process. Meanwhile, a block of RAM sized 896 words
by 32 bits—also implemented on a 90 nm process—takes up
an area of 0.01 mm and consumes less than 10 uW [34]. So,
a conservative estimate of the requirements of the entire ASIC
are 0.2 mm of die area and 1 mW of power.

VI. CONCLUSION

The algorithm implementation presented in this work bal-
ances the hardware consumption benefits of a sequential imple-
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mentation with the latency benefits of a parallel implementation.
The implementation we designed completes processing in 812
clock cycles (compared to 3000 for a purely sequential design),
and requires only 4 multipliers (compared to 112 for a highly
parallelized design).
The algorithm latency was primarily due to filter bank group

delay, and had an average value of 8.5 ms. The implemented
algorithm was able to improve the intelligibility of noisy speech
by as much as 85%, as measured by an objective intelligibility
index.
The low resource requirements of our design make it appro-

priate for a hearing aid application, where it can be realized ei-
ther in a low power DSP or in a low power ASIC.
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