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a b s t r a c t 

Speech reinforcement or near-end listening enhancement is a technique that modifies the far-end signal 

to mitigate the effect of the near-end noise, usually based on the power spectra of the far-end signal 

and the near-end noise. Psychoacoustic experiments have shown that the location of a noise source with 

respect to that of a signal source affects the amount of masking. Since conventional speech reinforce- 

ment methods obtain spectral gain based only on the power spectra, this psychoacoustic phenomenon 

called binaural unmasking has not been considered in those approaches. In this paper, we propose a 

novel speech reinforcement algorithm that modifies the far-end speech signal based on both the power 

spectrum and the direction-of-arrival (DoA) of the noise. Specifically, we have computed the equivalent 

frontal noise level from the observed noise level and the estimated DoA, and used it to compute spectral 

gains as in conventional partial loudness restoration-based speech reinforcement. Experimental results 

showed that the proposed method outperformed the conventional methods based on partial loudness 

restoration and speech intelligibility index (SII) optimization in terms of the overall perceived quality 

through subjective listening tests. 

© 2017 Elsevier B.V. All rights reserved. 
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. Introduction 

Perceived quality of speech degrades in the presence of ambi-

nt noise. The speech enhancement module equipped at the trans-

itter of the speech communication system reduces the effect of

ear-end noise on a far-end listener [1–12] . However, the effect of

ear-end noise on a near-end listener cannot be mitigated by this

ransmitter-side speech enhancement because the near-end noise

rrives directly at the near-end listener’s ears. One way to allevi-

te this problem is to adjust the received far-end monaural signal

sually based on estimated near-end noise statistics so that it can

e heard more clearly. This approach is called speech reinforce-

ent [13,14] , near-end listening enhancement [15–18] or automatic

olume control and equalization [19] . Fig. 1 shows the placement

f speech enhancement and reinforcement modules in the speech

ommunication system. Various approaches have been proposed

or this task including the maintenance of the minimum signal-

o-noise ratio (SNR) [15,19] , optimization of the speech intelligibil-

ty index (SII) [16–18] , and restoration of the perceived loudness

f speech [13,20] . Some of the approaches assume a strict power

onstraint that does not allow increasing the power of the signal
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16,17] . This constraint is useful for some scenarios, but not ap-

ropriate for other applications because the desired far-end speech

evel in quiet environment is normally much lower than the maxi-

um allowed level. 

Most of the speech reinforcement algorithms utilize a sin-

le noise statistic only, which is the power spectrum. However,

ear-end noise arrives both ears, and the relative location of the

oise source affects the amount of masking for binaural hearing

21–24] . For example, noises originating from the same direc-

ion as the speech signal interfere more than noises from a sig-

ificantly different direction [21,24–27] . This psychoacoustic phe-

omenon, called binaural unmasking, implies that the direction-

f-arrival (DoA) information of the noise is required in addition to

he estimated power spectrum of the noise to compute the optimal

einforcement gain. 

In this paper, we propose a multichannel speech reinforcement

lgorithm that exploits spatial information. The algorithm in [13] is

xtended to incorporate not only the power spectrum but also the

oA of the noise estimated from dual microphones in a mobile

hone. The level of frontal noise that results in a similar amount

f masking with the current noise is computed taking binaural un-

asking into consideration. It is then used to compute the spectral

ains in the same way as in [13] . Experimental results showed that

he proposed method was preferred to the algorithm in [13] and

http://dx.doi.org/10.1016/j.sigpro.2017.04.021
http://www.ScienceDirect.com
http://www.elsevier.com/locate/sigpro
http://crossmark.crossref.org/dialog/?doi=10.1016/j.sigpro.2017.04.021&domain=pdf
mailto:jwshin@gist.ac.kr
http://dx.doi.org/10.1016/j.sigpro.2017.04.021
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Fig. 1. Block diagram of communication system with speech enhancement (a) and 

speech reinforcement scheme (b). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2. The loudness scales and the signal-to-right-ear-noise level depending on 

noise locations. 
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the SII optimization-based method in [16] through subjective lis-

tening tests. 

2. Binaural unmasking 

A target signal originating from a given direction is less masked

by a noise from a different direction than by a noise from the same

direction. This is called binaural unmasking or binaural release

from masking [21–24] . While this phenomenon has been studied

for a few decades, a number of studies have proposed quantita-

tive models of binaural unmasking [24–26,28,29] . However, to the

best of our knowledge, none of those models quantifies the mask-

ing release for monaural speech with binaural broadband noises.

To prove the concept of binaural unmasking in the specific sit-

uation where the target speech is presented to the left or right

ear only and the maskers come from various directions, we per-

formed a psychophysical experiment. In this experiment, a speech

signal was fed to the left ear only, while a background noise com-

ing from various directions was presented binaurally. Using head-

related transfer functions (HRTFs, see [27] for details), the direc-

tion of the background noise was manipulated into five different

azimuth angles from the left (i.e., the speech side, −90 ◦) via the

center (front, 0 °) to the right (the opposite side, +90 ◦). Because

we fixed the speech level and the SNR at the left ear, the level

of the right-ear noise was increased as the direction of the noise

moved rightward due to the head shadow. However, if the effect

of binaural unmasking overrides the increase in the masker level,

the perceived loudness of the speech signal would be bigger when

the noise source is located at the opposite side. 

The speech signal was an English sentence of 2.7 s selected from

ITU-T P.501 database [30] . The background noise was a restaurant

noise selected from the same database. The speech and noise were

recorded monaurally at 48 kHz sampling rate, but the speech sig-

nal was low-pass filtered up to 7500 Hz to simulate the pass-band

of mobile phones. The background noise was not filtered but con-

volved with HRTFs [27] of five different azimuth angles ( −90 ◦,
−40 ◦, 0 °, +40 ◦, and +90 ◦). The noise signal at the left-ear was

then attenuated by 6 dB, to simulate the reduction of the level by

a handset. The noise levels for both ears were again adjusted to
ield the fixed SNR of −6 dB at the left ear for all five noise direc-

ions. Consequently, the signal-to-right-ear noise ratio varied from

4.1 dB (when the noise was located at −40 ◦) to −2 . 1 dB (when

he noise was located at +40 ◦; see the dashed line in Fig. 2 ). As a

esult, five binaural signals were created (the fixed-level monaural

peech at the left-ear mixed with the binaural background noise of

ve different directions). A clean monaural speech signal was also

sed for comparison. 

Ten volunteers (seven males and three females) aged 21 −42

articipated in the experiments. The subjects performed pairwise

omparisons; in each trial, we presented a pair of binaural signals

i.e., speech + noise) randomly chosen from all five binaural signals

lus one clean monaural speech, without repetition. The subjects

ere asked to judge in which of the two conditions the speech was

erceived to be louder. Because the physical level of the speech

ignal was fixed for all conditions, the perceived loudness was only

ffected by partial masking due to the background noise. 

The relative loudness of the speech signal in each condition

as estimated from pairwise comparisons using Thurstone’s case

 model [31–33] . Thurstone’s loudness scale for one class is the

ifference of the mean of the class and the average of the means

rom other classes, assuming that the scores in each class follow

aussian distribution with a variance of 1/2. The results are given

n Fig. 2 . The loudness of the speech signal was rated higher when

he background noise was located at the opposite side, although

he masker energy at the right ear was even higher in those con-

itions. This result empirically proves that the binaural unmask-

ng is strong (enough to override more than 10 dB increase in the

pposite-ear masker level) and must be considered during speech

einforcement in cases where the background noise has a clear di-

ection. 

. Speech reinforcement based on binaural unmasking 

Perceived loudness of a speech signal diminishes in the pres-

nce of background noise. Based on this phenomenon, the speech

einforcement based on the loudness restoration of the speech sig-

al was proposed in [13] . Spectral gains that make the perceived

oudness of the reinforced speech in noise for each band similar to

hat of the original far-end speech in clean condition are computed

y adopting the loudness perception model in [34] . Essentially, the

ains become functions of the excitations at cochlea incurred by

peech and noise, which are filtered and frequency-warped version

f the power spectrum of signal and noise, respectively. 

Conventional speech reinforcement algorithms including

13] utilize only the estimated power spectrum of the far-end

ignal and the near-end noise. However, as we have seen in the
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xperiment in Section 2 , the performance of speech reinforcement

ay be improved by exploiting the DoA of noise in virtue of

inaural unmasking. In this paper, we propose speech reinforce-

ent that utilizes both the power spectrum and the DoA of noise

onsidering binaural unmasking. Our approach is to compute the

quivalent level of noise from the frontal direction (0 °) for each

and that would make a similar amount of masking as the current

oise. We model it as a simple function that is the current noise

evel weighted with a sigmoidal function of the DoA. It is then

sed along with the far-end signal level to compute the band gain

s in [13] . 

To determine the reinforcement gain for each band, the power

pectrum and DoA of noise should be estimated. There are many

echniques to estimate the DoA for each time frame including

he generalized cross-correlation method with the phase transform

eighting function (GCC-PHAT) [35] . However, it is desirable to

stimate the DoAs for individual time-frequency bins if they are

ominated by noises coming from different directions. 

In general, any DoA and noise power spectrum estimation

ethod can be used as long as it can estimate the DoA and power

f the noise for each frequency bin. In the case of the speech rein-

orcement equipped in speech communication system, the estima-

ion of the DoA and power spectrum of the noise can be simpler

han that for the transmitter-side speech enhancement due to the

nter-operability with the acoustic echo canceller (AEC). The speech

einforcement module needs to be deactivated for the double talk

eriods, as the double talk performance of the AEC may deteriorate

f speech reinforcement amplifies the far-end signal. Therefore, the

oA and noise power spectrum estimation here, which operates

nly with the absence of the near-end speech, would not be af-

ected by the near-end speech as long as the double talk detection

r the near-end voice activity detection performs well. In addition,

he effect of echoes on the estimation of the noise characteristics

ould not be severe if decent performance of the AEC is guaran-

eed. Therefore, the noise power spectrum was directly computed

rom the primary microphone signal in the experiment. 

To evaluate the performance of the proposed algorithm, the

oA of the noise in each frequency bin θ ( k ) is estimated from two

icrophone signals in a simple way based on the phase difference

etween two microphone signals [7,36] . The phase difference for

he k -th frequency bin, �φ( k ), is given as 

φ(k ) = ∠ X 1 (k ) − ∠ X 2 (k ) + 2 πn, (1)

here X 1 ( k ) and X 2 ( k ) represent the k -th discrete Fourier trans-

orm (DFT) coefficients for the primary and secondary microphone

ignals, � ( · ) denotes the phase of a complex number, and 2 πn is

 term for phase unwrapping. The DoAs for the bins free from spa-

ial aliasing are estimated with n = 0 assuming the far-field model

n the free field: 

˜ (k ) = arcsin 

(
c · �φ(k ) 

2 π f d 

)
, (2) 

here c is the speed of sound, f is the frequency of the k -th DFT

in, and d is the distance between microphones. ˜ θ (k ) is then quan-

ized into ˆ θ (k ) with the interval of 5 °; it was enough precision for

ur simplified model for the equivalent frontal noise level which

ill be explained shortly. To estimate the DoAs for the higher fre-

uencies, the number of frequency bins corresponding to each DoA

s counted and the M DoAs with the maximum number of bins are

hosen to be candidate DoAs for the higher frequencies, assuming

here are at most M noise sources. For the frequency bins higher

han the threshold of spatial aliasing, the DoA estimate becomes

he nearest angle among M candidates with appropriate values of

 determined by the candidate DoA’s and the frequencies. 

Fig. 3 shows the histograms of the estimated DoAs for the time-

requency bins in (60 0 Hz, 430 0 Hz) range that have enough power
hen the noise was a competing talker. (a) and (b) are for the

nechoic condition, while (c) and (d) are for RT 60 = 320 ms. The

ctual locations of the noise sources were −90 ◦ for (a) and (c),

nd −40 ◦ for (b) and (d). We can see not only the increase of the

rror in a reverberant condition, but also that the estimated DoA

n a reverberant environment tends to be closer to the frontal di-

ection (0 °) compared with the true location of the noise source,

.e., | ̂  θ (k ) | < | θ (k ) | . This reverberation-induced bias in DoA estima-

ion will reduce how much binaural unmasking is considered in

he proposed algorithm. This effect of reverberation actually aligns

ell with the psychoacoustic phenomenon that binaural unmask-

ng decreases with reverberation [26,37] . Thus, it would not de-

rade the performance of speech reinforcement. This simple DoA

stimation for each time-frequency bin works reasonably well even

n the presence of multiple sources, as can be seen in Fig. 4 . In

his case, the female and male competing talkers were simulta-

eously present at −40 ◦ and 20 °, respectively. Again, (a) and (b)

re for the anechoic condition, while (c) and (d) are for RT 60 = 320

s. (a) and (c) are the histograms for the time-frequency bins in

hich the signal from the female speaker at −40 ◦ was at least 6

B higher than the other signal from 20 °, and (b) and (d) are those

or the bins in which the other signal from 20 ° was dominant. We

an confirm that the DoA estimation performs well at least when

he noise signals are sparse in frequency. It is noted that the es-

imated DoAs for the diffuse noise or the frequency bins in which

o source is dominant would be random, and the corresponding

einforcement gain would be in the mid-range on average. Once

he estimates for the DoA and the power of the noise in each band

re obtained, the spectral gain function considering binaural un-

asking needs to be computed. In [13] , the mathematical model

f perceived loudness in [34] was adopted to compute the rein-

orcement gain. The extensions of the model in [34] considering

he time-varying sound and binaural hearing were also proposed

n [38] and [39] , respectively. However, existing models are not

pplicable for the situation at hand in which the desired signal

s monaural and the interfering signal is binaural, to the best of

ur knowledge. Therefore, the model of perceived loudness or re-

nforcement gain for monaural speech in the presence of binaural

oise needs to be established as a function of speech and noise

ower spectra and noise DoA. Our approach is to use the same

ain function with [13] while replacing the noise power spectral

ensity with a new quantity, which would result in optimal gain

onsidering binaural unmasking. The quantity, which is the equiva-

ent level of a frontal noise denoted by �eq , is modeled as a simple

unction of the noise power spectrum and DoA given by 

̂ 

eq (k ) = W (k, ˆ θ (k )) · ̂ �N (k ) , (3)

here ̂ �eq (k ) and 

̂ �N (k ) are the estimated power spectrum of

he equivalent frontal noise and the current input noise, respec-

ively. The weight W (k, ˆ θ (k )) should be a function of both the fre-

uency and the DoA of noise. However, it was hard to establish a

requency-dependent model of W (k, ˆ θ (k )) for real-world noises as

he characteristics of binaural unmasking are different for broad-

and signals and pure tones. In addition, adopting an elaborated

odel for W (k, ˆ θ (k )) may not be desirable, as there are variabil-

ty depending on the individuals. In an informal listening test for

 people, we have observed that the average decibel level of the

inaural competing talker noise that barely masks the monaural

peech at a fixed level can be approxiated as a sigmoid function of

he DoA of noise. Thus, we have modeled the decibel representa-

ion of W (k, ˆ θ (k )) , W dB (k, ˆ θ (k )) , as 

 dB (k, ˆ θ (k )) = 

�MAX 

1 + e a ( ̂ θ(k )+ b) 
− W opp , (4)

here W dB (k, ˆ θ (k )) = 10 log 10 W (k, ˆ θ (k )) , W opp is the minimum

eight corresponding to the noise from the opposite direction,
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(a) (b)

(c) (d)

Fig. 3. Histograms for the DoA estimates for the time-frequency bins in (60 0 Hz, 430 0 Hz) range that have enough energy. Reverberation time: RT 60 = 0 s (top) and RT 60 = 

0 . 32 s (bottom). The locations of the noise sources were −90 ◦ (left), and −40 ◦ (right). 
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�MAX is the maximum difference of the weight in dB scale, and

a and b are the slope and shift parameters of the sigmoid. The pa-

rameters of the function were obtained by listening test with 20

people, which become a = 4 , b = 0 . 15 , W opp = 1 . 75 , and �MAX = 5

when the unit for ˆ θ (k ) was degrees. It may be beneficial to set

those parameters according to the estimated types and levels of

the noises in the future. This simple model also mitigates the ef-

fect of the DoA estimation error on the output reinforced speech. 

With 

̂ �eq (k ) and the power spectrum of the far-end signal, we

can compute the reinforcement gain in the same way as in [13] for

each subband. Then, it can be applied to corresponding frequency

bins after temporal smoothing. 

4. Experimental results 

To demonstrate the performance of the proposed algorithm, the

overall perceived qualities of the monaural reinforced speeches ob-

tained by various speech reinforcement methods were compared

through subjective preference tests in the presence of binaural

noises. Additionally, subjective tests comparing the perceived loud-

ness of the reinforced speech in noise and the original noiseless

speech were also performed. It is noted that we had to conduct

subjective listening tests because the proposed algorithm is based

on a psychoacoustic phenomenon and therefore could not include

more various speech files and noise conditions due to listeners’ fa-

tigue and cost. The algorithms compared via subjective listening

tests are as follows: 
• the proposed algorithm based on the partial specific loudness

restoration utilizing both the power spectrum and the DoA of

the noise; 
• speech reinforcement based on the partial specific loudness

restoration exploiting only the noise power spectrum [13] ; and 

• near-end listening enhancement based on the SII optimization

[16] with relaxed power constraint. 

The original algorithm in [16] has a strict power constraint that

eeps the reinforced speech power the same as the input power.

or a fair comparison, we relaxed the “power budget” by a multi-

licative factor κ > 1 to match the reinforced speech power of the

roposed method. [16] tries to maximize the SII first and then re-

uce the speech distortion using the remaining power within the

power budget”, which could be increased in the experiment. 

To simulate a situation in which a person is having a conver-

ation using a mobile phone in the handset mode in noisy con-

itions, four noise signals need to be generated by passing the

oise signal through four different paths to the two microphones

nd two eardrums. The microphone signals are used to estimate

he power spectrum and DoA of the noise, while the binaural

oise signals are used for the listening test after being mixed with

onaural reinforced speech. 

The binaural noise signals were generated using the binaural

oom impulse response (BRIR) in a similar way to the proof-of-

oncept experiment in Section 2 for three directions ( −90 ◦, 0 ° and

90 ◦). The BRIRs for the Room A of the University of Surrey BRIR
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(a) (b)

(c) (d)

Fig. 4. Histograms for the DoA estimates for the time-frequency bins in (60 0 Hz, 430 0 Hz) range that are dominated by the signals from −40 ◦ (left) and 20 ° (right), respec- 

tively. Reverberation time: RT 60 = 0 s (top) and RT 60 = 0 . 32 s (bottom). The locations of the noise sources were both −40 ◦ and 20 °. 
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l  

f  
easurement 1 [40] were utilized. The reinforced far-end speech

ignals were mixed only for the left ear signals of the binaural

oises to generate the binaural listening materials. 

The noise signals at two microphone locations of a mobile de-

ice were simulated using the image method [41] , assuming that

he effect of the listener and the mobile phone itself on the power

pectrum and DoA estimation is negligible. We simulated a rever-

erant room with dimensions 6.64 m × 5.72 m × 2.31 m and the

everberation time T 60 = 0 . 32 s as shown in Fig. 5 , which is the

ame specification with the room for the BRIR. The location of the

enter of the listener’s head was at (3.78 m, 1.5 m, 1.71 m), and the

oise sources for DoAs −90 ◦, 0 ° and +90 ◦ were located at (2.28 m,

.5 m, 1.71 m), (3.78 m, 3.0 m, 1.71 m) and (5.28 m, 1.5 m, 1.71 m),

espectively, 1.5 m away from the head. The microphone locations

ere (3.68 m, 1.57 m, 1.64 m) and (3.72 m, 1.57 m, 1.64 m), which

orrespond to the position on the front surface close to the bottom

dge and the one on the back surface about 3.5 cm away from the

ottom edge, respectively. The distance between microphones be-

omes 4 cm as a result. The noise power spectrum and DoA were

irectly computed from the simulated primary microphone signal

nd two microphone signals, respectively. 

As for the noise signal, a competing talker was considered. Both

he speech and noise signals were selected from the clause B.3 of

he ITU-T P.501 database [30] for the experiment. Speech materi-
1 The BRIRs are available at https://github.com/IoSR-Surrey/RealRoomBRIRs . 

a  

t  

c  

c  
ls consisted of four English sentences spoken by two male and

wo female speakers, while two English sentences spoken by dif-

erent male and female speakers were used as the binaural noises.

he sampling rate of the speech signal was 16 kHz, while that for

oise was 48 kHz, which simulates mobile communication with

 wideband codec. Each speech file was 8 s long. In addition, we

ested with diffuse noise using four independent white noise sig-

als of 8 kHz bandwidth from the NOISEX-92 database at the same

evel for two microphone signals and binaural noise signals. The

nput SNRs at the left ear used in the experiments were −10 , −5 ,

nd 0 dB. Fifteen listeners (11 males and 4 females, aged 23 - 34)

articipated in the experiment. We performed two experiments to

ompare the loudness of reinforced speech signals obtained from

einforcement algorithms (i.e., the proposed method and [13] ) and

ssess the subjective listening preference depending on the rein-

orcement methods. 

.1. Loudness comparison test 

To verify that the proposed algorithm restores the perceived

oudness of monaural speech in the presence of binaural noises

rom various directions more effectively than the method in [13] ,

 subjective loudness comparison test was conducted. It is similar

o the ITU-T P.800 comparison category rating (CCR) test [42] , ex-

ept that each participant was asked to give scores from −3 to 3

omparing the perceived loudness of the monaural speech in each

https://github.com/IoSR-Surrey/RealRoomBRIRs
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Fig. 5. Simulated environment with monaural desired speech and binaural noise. 

Fig. 6. Results of the loudness comparison test averaged over all SNRs: A positive 

score indicates the reinforced speech in noise was louder than the original noiseless 

speech. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 1 

Subjective preference test result comparing the proposed algo- 

rithm with the one using noise power spectrum only [13] . 

Noise DoA 

SNR −90 ◦ 0 ° +90 ◦ Diffuse Average 

−10 dB 0.37 −0 . 03 0.12 −0 . 08 0.09 

−5 dB 0.17 0.03 0.08 0.13 0.10 

0 dB 0.10 0.02 −0 . 03 −0 . 02 0.02 

Average 0.21 0.01 0.06 0.01 0.07 
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s  
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m  

t  

c  
pair of files consisting of one original noiseless speech and one re-

inforced speech in noise. 

The test results averaged over all SNRs are shown in Fig. 6 in

which a positive score indicates that the reinforced speech was

perceived as being louder. The output reinforced speech produced

by the algorithm in [13] turned out to be weaker than the original

noiseless speech for the noise coming from the same direction as

the speech ( −90 ◦) and louder for the noise coming from the op-

posite direction (90 °), while that obtained using the proposed ap-

proach was perceived to have loudness similar to the clean speech

for all directions. It is noted that the loudness difference of the

output speech produced by the algorithm in [13] depending on the

DoA of the noise was not as big as the experiment in Section 2 be-

cause the SNRs for the output reinforced speech were not very low

for any input SNR. The experimental results verified that the pro-

posed approach can compensate for the decrease of the perceived
oudness of speech caused by noises from various directions more

onsistently than the algorithm in [13] . 

.2. Subjective preference test 

To compare the overall subjective quality of the output speech

einforced by different algorithms in noise, two subjective prefer-

nce tests analogous to the ITU-T P.800 CCR test [42] were per-

ormed. Similar to the loudness comparison test, each listener was

sked to provide scores from −3 to 3 comparing the overall pref-

rence regarding the reinforced speech signals in noise considering

arious attributes, including the quality, intelligibility, listening ef-

ort, tone color, and artifacts. Unlike the standard CCR test, the far-

nd speech signal without noise was also provided as a reference. 

Table 1 summarizes the results of the subjective preference test

omparing the proposed algorithm with the speech reinforcement

ased on partial specific loudness restoration using only the noise

ower spectrum [13] in which the positive scores mean that the

roposed algorithm was preferred. It is noted that for the DoA

f 0 °, the frontal direction, two algorithms resulted in almost the

ame output, and therefore the preference score should be close to

. For the DoA of −90 ◦, which is the same direction as the far-end

peech signal, the proposed algorithm was preferred, especially at

he low SNR (i.e., −10 dB) as the spectral gains were underesti-

ated for the conventional algorithm. As for the DoA of +90 ◦,
he conventional method produced reinforced speech that was per-

eived as being a bit louder in noise than the original far-end
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Table 2 

Subjective preference test result comparing the proposed 

and SII-based algorithm [16] with relaxed power constraint. 

Noise DoA 

SNR −90 ◦ 0 ° +90 ◦ Diffuse Average 

−10 dB 1.67 1.70 1.65 1.37 1.60 

−5 dB 1.57 1.80 1.90 1.37 1.66 

0 dB 1.93 1.90 1.95 1.63 1.85 

Average 1.72 1.80 1.83 1.46 1.70 
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peech in a quiet environment, which was preferred by some of

he listeners, resulting in a small average score. Under the diffuse

oise environment, there was no significant difference between the

wo algorithms, as expected. It is noted that the SNR after speech

einforcement is much higher than the input SNR, which made the

enefit of the use of binaural unmasking less distinct than in the

roof-of-concept experiment in Section 2 . Although the average

core was only 0.07, it is considered to be statistically significant

n terms of the t -test, as the p -value was 5 . 70 × 10 −5 . 

The results of the preference test comparing the proposed

ethod with the SII optimization-based method [16] are shown

n Table 2 . Listeners showed a clear preference for the proposed

lgorithm, perhaps because they considered the quality, pleasant-

ess, and tone color preservation more important than speech in-

elligibility, while the method in [16] mainly aims at improving

peech intelligibility. Indeed, the output of the SII optimization-

ased method demonstrated better intelligibility than that for the

roposed method in terms of the short-time objective intelligibil-

ty (STOI) [43] (0.634 vs. 0.615). In addition, it was reported in

44] that [16] or [18] could not improve subjective intelligibility

or the competing talker case. 

. Conclusions 

In this paper, we proposed the speech reinforcement algorithm

hat utilizes not only the power spectrum but also the DoA of the

ear-end noise to incorporate the binaural advantage of the hu-

an auditory system. Based on binaural unmasking, the speech

ignal needs to be boosted more for noise coming from the same

irection as the speech signal than for noise coming from a sig-

ificantly different direction. We modified the reinforcement tech-

ique based on partial loudness restoration in [13] so that the

pectral gain is determined by the equivalent frontal noise level

nstead of the noise level itself, which is a function of the power

pectrum and the DoA of noise in each frequency band. Exper-

mental results showed that the proposed algorithm was pre-

erred to the conventional reinforcements based on partial loud-

ess restoration [13] and SII optimization [16] . 
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