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Abstract

Recently, deep neural networks (DNNs) were successfully introduced to the

speech enhancement area. Conventional DNN-based algorithms generally pro-

duce over-smoothed output features which deteriorate the quality of the en-

hanced speech. In addition, their performance measures calculated in the linear

frequency scale do not match the human auditory perception where the sensi-

tivity follows the Mel-frequency scale. In this paper, we propose a novel objec-

tive function for DNN-based speech enhancement algorithm. In the proposed

technique, a new objective function which consists of the Mel-scale weighted

mean square error, and temporal and spectral variations similarities between

the enhanced and clean speech is employed in the DNN training stage. The

proposed objective function helps to compute the gradients based on a percep-

tually motivated non-linear frequency scale and alleviates the over-smoothness

of the estimated speech. In the experiments, the performance of the proposed

algorithm was compared to the conventional DNN-based speech enhancement

algorithm in matched and mismatched noise conditions. From the experimen-

tal results, we can see that the proposed algorithm performs better than the
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conventional algorithm in terms of both the objective and subjective measures.

Keywords: Monaural speech enhancement, deep neural network, objective

function

1. Introduction

For a few decades, monaural speech enhancement from additive noise signal

has been widely studied to improve various communication and signal process-

ing systems [1, 2]. Though considerable performance improvements have been

achieved by various approaches, speech enhancement in realistic noise environ-5

ments still remains a challenging problem.

Early studies on monaural speech enhancement are mostly based on the

minimum mean-square error (MMSE) criterion [3, 4] which has improved the

perceptual speech quality with an affordable amount of musical noise. The qual-

ity of the enhanced speech was further improved by adopting various techniques10

estimating minimum statistics of the acoustic environments minima controlled

recursive averaging noise estimation [5, 6, 7, 8]. However, algorithms based on

this approach have difficulties in tracking non-stationary or speech-like noises

which cause speech quality degradation in real-world applications.

In order to enhance the noisy speech in various noise environments, deep15

neural networks (DNNs) which can learn complicated inter-dependencies be-

tween the input variables [9, 10, 11, 12, 13] were successfully introduced to the

speech enhancement area [14, 15, 16]. In these approaches, the DNN provides a

mapping between consecutive noisy speech frames and the corresponding clean

speech frame with its deep hidden structure. Furthermore, in [17], global vari-20

ance (GV) equalization post-filter, dropout training, and noise-aware training

techniques were incorporated to DNN-based speech enhancement to improve

the speech quality in mismatched noise conditions.

Many studies have applied the DNN-based approaches to speech enhance-

ment and target speaker separation with various new ideas. Huang et al. pro-25

posed a technique to jointly optimize all the sources with a discriminative ob-
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jective function for DNN and recurrent neural network (RNN) [18]. Han et

al. applied a DNN-based method for joint dereverberation and denoising fol-

lowed by iterative signal reconstruction [19]. The training targets of the DNNs

were studied in [20], and the phase-sensitive filter and complex ratio masking30

were also proposed [21, 22]. Zhang et al. investigated the performance of the

mapping- and masking-based training targets both theoretically and experimen-

tally in [23] where they also proposed the multi-context stacking networks for

deep ensemble learning. The multi-objective learning scheme was adopted to

utilize secondary targets in [24]. Finally, the divide and conquer strategy was35

applied by hierarchical DNN and SNR-based progressive learning algorithms

[25, 26].

Conventional DNN-based speech enhancement algorithms generally apply

the objective functions which are related to the mean square error between the

enhanced and clean speech features [15, 16, 17, 18, 19, 20, 21, 22, 23, 24, 25, 26].40

Since these measures compute the errors from various frequency bins with linear

frequency scale, they do not align with the human auditory perception where

the sensitivity follows the Mel-frequency scale. The perceptual quality of the

enhanced speech would be improved if the cost function of DNN reflects rela-

tive importance of frequency components considering this nonlinear frequency45

sensitivity.

In addition, it is well-known that the estimated speech trajectories obtained

from the DNN-based algorithms are usually over-smoothed compared to those

of the clean speech, since the conventional mean square error measures are

derived from each time-frequency bin separately rather than from whole spectral50

trajectory [17]. The speech generated from these enhancement algorithms may

result in muffled sound quality and decreased intelligibility [17, 27, 28]. Several

studies have applied the element-wise weight function and the penalty term to

the conventional mean square error [29, 30]. However, their works were not

closely related to the human auditory perception.55

In this paper, we propose a novel DNN-based speech enhancement algorithm

which computes the gradients based on a perceptually motivated non-linear fre-
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quency scale and alleviates the over-smoothness problem by equalizing tempo-

ral and spectral variations of the enhanced speech to match those of the clean

speech. The main contributions of the proposed algorithm are summarized as60

follows:

First, we apply the Mel-scale weight to fit the objective function to the crit-

ical frequency bands of hearing. Similar to the human auditory perception, the

network trained using the Mel-scaled gradients is more sensitive to the perceptu-

ally important frequency bins. The Mel-frequency scale was adopted to speech65

enhancement in [31] to smooth the gain function over spectral coefficients. In

contrast, the Mel-scale is introduced to prioritize the gradients according to the

perceptual importance in the proposed algorithm.

Second, the objective function for DNN training is modified to incorporate

the temporal and spectral variation similarities between the enhanced and clean70

speech. By equalizing the temporal and spectral variations, the enhanced speech

could have the spectral peaks and valleys distributed similarly to those of the

clean speech. The proposed objective functions are motivated by the relation

between the human intelligibility and short-time analysis on one-third octave

band trajectory [32]. We adopt variation similarity over short-time trajectories75

and spectral coefficients into the DNN-based speech enhancement framework

and analyze their effect on the naturalness and intelligibility of the enhanced

speech. While the long short-term memory (LSTM) [33] and gated recurrent

unit (GRU) [34] can learn the temporal relations of the consecutive input frames,

they cannot directly compensate the lack of output feature structure as the80

proposed approach, and thus these approaches can be jointly applied [35].

The rest of this paper is organized as follows: an overview of the conventional

DNN-based speech enhancement technique is given in Section 2 and the Mel-

scale weighted mean square error and variation similarities are described in

Section 3. Then, the performance evaluation of DNNs with various training85

algorithms are provided in Section 4. Finally, conclusions are drawn in Section

5.
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2. Conventional DNN-based speech enhancement

The task of DNN-based speech enhancement can be divided into the training

and test stages. In the training stage, the noisy speech features and the cor-90

responding clean speech features are respectively fed to the input and output

nodes of the DNN, and the network is optimized to minimize the mean square

error between the enhanced and clean speech features. After the training stage,

the clean speech features are estimated from the noisy speech features through

the DNN and a GV equalization post-filter is applied to compensate the over-95

smoothed output trajectory. In this section, we present the feature structures

and training scheme of the conventional DNN-based speech enhancement algo-

rithm.

2.1. Training Stage

In the training stage, the input and output features of the DNN are re-100

spectively extracted from the noisy speech utterances and corresponding clean

speech utterances. The input and output features of the DNN are usually nor-

malized to have zero mean and unit variance before being fed to the network.

For the input and output features, we extract log-power spectra of the noisy

and clean speech as in [17, 19, 36]. Recent studies have compared the perfor-105

mance of the mapping-based method which directly estimates the clean speech

to the masking-based method which produces the binary or ratio mask targets

[20, 23, 36, 37]. It is controversial which method results in better performance

[23, 36]. Although this paper focuses on the mapping-based method, the pro-

posed algorithm can also be applied to the masking-based method with slight110

modification to generate the masked clean speech features.

Let us denote F -dimensional normalized log-power spectra of the noisy

speech and clean speech at the t-th frame as zt and yt, respectively. Then,

the input feature vector v0
t is generally constructed as follows:

v0
t = [z†t−K , z†t−K+1, · · · , z†t+K ]† (1)
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Figure 1: Scheme of the DNN with three hidden layers.

where K denotes an input context expansion parameter and z†t denotes the115

transpose of a vector zt.

Fig. 1 shows the structure of a typical DNN with three hidden layers. The

DNN consists of an input layer, a few hidden layers and an output layer which are

fully connected to their adjacent layers. For the sake of notational simplicity, the

number of hidden layers is assumed to be L and the input and output layers of120

the DNN are denoted as the 0-th and (L+1)-th layers of the DNN, respectively.

The number of nodes in the l-th layer is denoted by nl. The nl-dimensional

activation vector vlt is generated as

vlt = g(alt) = g(W lvl−1t + bl) (2)

where alt, W
l, and bl denote the nl-dimensional pre-activation vector, nl×nl−1-

dimensional weight matrix and nl-dimensional bias vector, respectively, and g(·)

represents an element-wise activation function. In this paper, all hidden layers

of the DNN are assumed to use the rectified linear function which can prevent

the vanishing gradient problem [38], i.e.,

g(alt(i)) = max(alt(i), 0) (3)

where alt(i) denotes the i-th element of a vector alt.
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After all the hidden layer activations are computed, the F -dimensional out-

put vector xt is produced by

xt = WL+1vLt + bL+1. (4)

In this paper, the parameters of the DNN are initialized randomly [39] and

optimized using the stochastic gradient descent algorithm. In the training stage,

the mean square error between the network output xt and the target feature yt

is minimized, which is given by

Cmse =
1

TF

T∑
t=1

F∑
f=1

(xt(f)− yt(f))2 (5)

where T denotes the total number of frames of the given training data.

2.2. Test Stage

In the test stage, the clean speech estimate xt is obtained from v0
t through

the standard feedforward processing. In the speech enhancement algorithm

without GV equalization, xt is de-normalized to x̄t as follows:

x̄t = xt ⊗ s + m (6)

where m and s are respectively the mean and standard deviation vectors used125

to normalize the output feature of the DNN, and ⊗ denotes element-wise mul-

tiplication between two vectors. In this paper, only the magnitude spectrum

of the speech is estimated while the phase parts of the noisy speech are kept

intact.

One of the significant drawbacks of the conventional DNN-based speech en-130

hancement algorithm is that it usually results in over-smoothed spectral trajec-

tories of the enhanced speech. In order to alleviate this phenomenon, the GV

equalization post-filter which modifies the variance of xt to match that of yt

is usually employed. In this paper, the frequency-independent GV equalization

method which has been known to perform better than the frequency-dependent135

approach [17] is applied as a conventional post-filtering technique.
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In the frequency-independent GV equalization, the global variances of xt

and yt are computed as follows:

GV (x) =
1

TF

T∑
t=1

F∑
f=1

(xt(f)− 1

TF

T∑
t=1

F∑
f=1

xt(f))2, (7)

GV (y) =
1

TF

T∑
t=1

F∑
f=1

(yt(f)− 1

TF

T∑
t=1

F∑
f=1

yt(f))2. (8)

Based on (7) and (8), the frequency-independent GV factor α is given by

α =

√
GV (y)

GV (x)
, (9)

and it is multiplied to xt before de-normalization as follows:

x̄t = α xt ⊗ s + m. (10)

In the GV equalization post-filter, multiplying the GV factor to the output140

feature can be viewed as imposing an exponential factor in the linear spectral

magnitude domain. By this post-filter, the variance of the spectral trajectory is

enlarged or diminished depending on the value of α. In most cases, α is bigger

than 1 and the lack of dynamics in xt is alleviated to some extent.

3. Perceptually-Motivated Criteria145

In this section, we propose a novel speech enhancement algorithm that is

based on DNN. We introduce the proposed objective function which consists of

the Mel-scale weighted mean square error, and the temporal and spectral vari-

ation similarities between the enhanced and clean speech over adjacent frames

or frequency bins.150

3.1. Perceptually Motivated Objective Function

Our framework to incorporate the perceptually motivated criteria is to re-

place the conventional mean square error Cmse given in (5) by a modified ob-

jective function C defined as

C = λmCwmse + λt(1− ρtemp) + λs(1− ρspec) (11)
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Figure 2: Scheme of the proposed objective function which incorporates Mel-scale weighted

mean square error, temporal and spectral variation similarities.

where λm, λt and λs denote the weights controlling the contributions of the

three separate sub-costs, Cwmse, (1− ρtemp), and (1− ρspec). Fig. 2 shows the

procedures for computing these three sub-costs given {xt} and {yt}.

In the training stage, parameters of the network are optimized so as to155

minimize C via the stochastic gradient descent algorithm. The test stage of the

DNN remains the same to that of the conventional DNN approach. Note that

the only difference of the proposed method from the conventional DNN-based

speech enhancement algorithm is that it applies a new objective function for

DNN training. Now, we will give the detail on how to derive Cwmse, ρtemp, and160

ρspec which jointly specify the objective function. While the proposed objective

function is derived from the normalized log-power spectra features, they can

also be obtained from other DNN output features such as ratio masks in similar

ways.

3.2. Mel-Scale Weighted Mean Square Error Cwmse165

We modify the original mean square error Cmse in (5) to take the Mel-

frequency scale into consideration. In this paper, the Mel-frequency scale is

adopted to determine weights for the errors from various frequency bins dis-

criminatively. The Mel-frequency is defined as follows [40]:

$ = 2595 log10(1 +
ζ

700
) (12)
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where $ and ζ denote the Mel-frequency and the corresponding linear frequency,

respectively. The relative importance of each spectral coefficient can be deter-

mined by the derivative of the Mel-frequency at the corresponding frequency,

i.e.,

d(f) = min

(
d$

dζ
|ζ=f , η

)
(13)

where η is a constant setting the minimum weight value. In (13), d(f) is pro-170

portional to the frequency sensitivity of the human auditory system for the

frequency f .

The Mel-scale weighted mean square error Cwmse is defined by multiplying

the normalized weight w(f) with each element of Cmse as follows:

w(f) =
d(f)∑F
f=1 d(f)

, (14)

Cwmse =
1

T

T∑
t=1

F∑
f=1

w(f)(xt(f)− yt(f))2. (15)

Compared to Cmse, Cwmse emphasizes the errors in frequency bins which are175

more crucial for human auditory perception.

In [20], the gammatone filterbank was directly adopted to generate the target

feature of the DNN. It aligns with the proposed algorithm in that human per-

ception properties are incorporated. The proposed method employs Mel-scale

weights in the objective function while the target feature remains unaltered.180

3.3. Temporal Variation Similarity ρtemp

It has been known that the similarity in frequency band trajectories between

the enhanced and clean speech is related to the intelligibility of the enhanced

speech [27, 28]. In [32], the short-time objective intelligibility (STOI) which is a

speech intelligibility metric using temporal variation over the one-third octave185

band trajectory is presented. The one-third octave band domain was adopted

since the formant fluctuation within frequency bands should be ignored for

temporal variation analysis. Motivated by these studies, we attempt to equalize
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the temporal variation of the one-third octave band trajectory of the enhanced

speech during the DNN training session.190

The comparison in temporal variation between the enhanced and clean speech

is performed similarly to [32]. In the DNN training stage, the output feature

vectors are transformed into the one-third octave band domain before the short-

time segmentation and variation analysis are performed to obtain the temporal

variation similarity for each slice of frames. Then, we incorporate the temporal195

variation similarity values to the objective function and compute the gradients

from them.

The de-normalized versions of the enhanced and clean log-power spectra x̄t

and ȳt are transformed to the H-dimensional one-third octave band vectors x̃t

and ỹt as follows:200

x̃t =
√
B exp(x̄t), (16)

ỹt =
√
B exp(ȳt) (17)

where B denotes the H × F -dimensional one-third octave band matrix, and

exp(x) and
√

x denote the element-wise exponential and square root functions

of a vector x, respectively. The temporal variation similarity is computed only

for the speech active frames. To remove the speech absence frames from the

variation analysis, a simple decision rule is applied to ỹt as in [32].205

The variation analysis is performed for each one-third octave band and each

slice of N speech active frames. Let us denote the vectors stacking the h-th

one-third octave band coefficients from the t-th frame to the t+N − 1-th frame

of the enhanced and clean speech as x̆t,h and y̆t,h. Then, the temporal variation

similarity between x̆t,h and y̆t,h is defined as follows:210

ρtemp(t, h) =
(x̆t,h − µx̆t,h1N )†(y̆t,h − µy̆t,h1N )

||x̆t,h − µx̆t,h1N || ||y̆t,h − µy̆t,h1N ||
(18)

where ||·|| is an l2−norm, 1N denotes an N -dimensional vector with all elements
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being 1 and

µx̆t,h =
1

N

N∑
i=1

x̆t,h(i), (19)

µy̆t,h =
1

N

N∑
i=1

y̆t,h(i). (20)

The proposed objective function incorporates the variation similarity ρtemp(t, h)

averaged over a time-frequency window as given by

ρtemp =
1

(T −N + 1)H

T−N+1∑
t=1

H∑
h=1

ρtemp(t, h). (21)

By training the DNN while considering this sub-cost, the short-time trajectories

of the enhance speech would have temporal variation more similar to those of

the clean speech.215

3.4. Spectral Variation Similarity ρspec

The speech generated by the enhancement algorithms would suffer from

the muffling effect when the spectral peaks and valleys are over-smoothed [17].

In order to improve the spectral dynamics of the enhanced speech, we also

introduce a variation over the frequency bins, which results in a better contrast220

between the spectral peaks and valleys.

The spectral variation similarity ρspec is derived in a similar manner to ρtemp.

However, compared to ρtemp, ρspec is different in two aspects. First, ρspec is

derived in the spectral magnitude domain without the frequency warping, since

full frequency resolution is desirable to restore spectral dynamics. Second, while225

ρtemp considers speech trajectory and disregards the variation over different

frequency bins, ρspec aims to adjust the spectral peaks and valleys in the same

time frame.

The F -dimensional enhanced and clean speech magnitude spectra x̃′t and ỹ′t

are obtained as follows:230

x̃′t =
√
exp(x̄t), (22)

ỹ′t =
√
exp(ȳt). (23)
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The spectral variation similarity is computed only over the speech active frames.

The variation similarity ρspec(t) computed at the t-th frame is given by

ρspec(t) =
(x̃′t − µx̃′

t
1F )†(ỹ′t − µỹ′

t
1F )

||x̃′t − µx̃′
t
1F || ||ỹ′t − µỹ′

t
1F ||

(24)

with

µx̃′
t

=
1

F

F∑
i=1

x̃′t(i), (25)

µỹ′
t

=
1

F

F∑
i=1

ỹ′t(i). (26)

Then, ρspec is obtained by averaging ρspec(t) over all frames i.e.,

ρspec =
1

T

T∑
t=1

ρspec(t). (27)

3.5. DNN Training with the Proposed Objective Function

In the training stage with the proposed objective function, the derivative of235

the objective function with respect to each network output ∂C
∂xt(f)

is computed

and used to derive the gradient with respect to each parameter through back-

propagation. In Appendix, we provide the details on the derivation of ∂C
∂xt(f)

.

4. Experiments

In order to evaluate the performance of the proposed algorithm, we con-240

ducted experiments in matched and mismatched noise conditions. In the ex-

periments, 4,620 utterances of clean speech data were taken from the TIMIT

training database to train the DNN. The {con mono 1, met mono 1, off mono 1,

car mono 1, rai mono 1, res mono 1, train, traffic} noises from ITU-T recom-

mendation P.501 database [41] and the {white, factory, babble, machinegun}245

noises from NOISEX-92 database [42] were used for training to simulate various

noise environments including more realistic conditions. Each noise waveform

was re-sampled to 16 kHz, and we chose the left channel of the binaural noise

recordings in ITU-T recommendation P.501 database. For each pair of the clean
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speech utterance and noise waveform, a noisy speech utterance was artificially250

generated with an SNR value randomly chosen from {-5, 0, 5, 10, 15, 20} dB.

As a result, 55,440 utterances (about 47 hours) were used in total. According

to [17], the size of training data barely affects the quality of enhanced speech

when the training data is more than 20 hours. A 512-point Hamming window

with 50% overlap was applied. K and τ were fixed to 257 and 5, respectively255

(feature vectors extracted from 11 consecutive frames were concatenated simi-

larly to [17, 19]). The context expansion parameter K was decided according to

[17] which showed that the context windows longer than K = 5 do not increase

the performance.

For the test set, 30 utterances of clean speech data were taken randomly260

from the TIMIT test database. The {con mono 1, res mono 1} noises from ITU-

T recommendation P.501 database and the white noise from NOISEX-92 DB

were used for the experiment in matched noise conditions. For the experiment

in mismatched noise conditions, the {cafeteria, kids, street} noises from ITU-

T recommendation P.501 DB were chosen. For each pair of the clean speech265

utterance and the noise waveform, the noisy speech utterances were artificially

generated with the SNR ranging from -5 to 10 dB with 5 dB step.

The DNNs were implemented using the Theano neural network toolkit [43].

The DNNs were constructed by stacking 3 hidden layers with 2048 nodes each.

The numbers of the input and output nodes were 257× 11 = 2827 and 257, re-270

spectively. All networks were trained through 50 epochs. The learning rate was

fixed to 0.003 in the first 10 epochs and decreased by 10% after each subsequent

epoch. The momentum rate was 0.5 for the first 5 epochs and increased to 0.9

afterward. The dropout rates of the input layer and all hidden layers were set

to 0.1 and 0.2, respectively. Each utterance in the training data was treated275

as a mini-batch in the training stage. The average value of mini-batch size was

190.6, and N was fixed to 30.

In the experiments, the enhanced speech signals obtained from DNNs with

various training objective functions and GV equalization post-filter were com-

pared in both objective measures and subjective test. The performance of the280
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DNN-based algorithm with the proposed techniques was compared to that with

the conventional mean square error and frequency-independent GV equalization

post-filter [17].

The perceptual evaluation of speech quality (PESQ) score [44], STOI value

[32] and the speech to distortion ratio (SDR) [45] were used as objective mea-285

sures. For the subjective measures, a preference test was conducted with the

enhanced speech obtained in the mismatched noise conditions.

4.1. Performance Evaluation with Various Weight Parameters

First, we evaluated how the variation similarities ρtemp and ρspec affect the

performance of the enhancement algorithm by varying weight parameters λm,290

λt and λs in (11). In this experiment, we measured PESQ scores and STOI

values of the enhanced speech while varying λm, λt and λs.

Table 1: Results of PESQ scores and STOI values with various objective functions and GV

equalization post-filter averaged over various SNR values and matched noise conditions.

Objective function λm λt λs PESQ STOI SDR

Cmse (5) - - - 2.55 0.80 9.96

C (11)

1 0 0 2.64 0.81 10.83

1 0.5 0.5 2.72 0.84 11.41

1 1 1 2.76 0.84 11.50

1 2 2 2.78 0.85 11.54

1 5 5 2.80 0.85 11.56

1 10 10 2.80 0.86 11.50

C (11) 0 5 5 2.49 0.84 7.82

Table I shows the PESQ scores and STOI values averaged over all SNR

values and noise types in the matched noise conditions. The results show that

both the PESQ scores and STOI values gradually increased as λt and λs became295

larger. From the results, we can see that the proposed variation similarities are
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useful for the DNN to generate more natural and intelligible speech. In all

the following experiments, we fixed λm, λt, λs = {1, 5, 5} which demonstrated a

good performance, and used {1, 0, 0}, {1, 5, 0}, {1, 0, 5}, and {0, 5, 5} to isolate

the performance improvement achieved by each contribution.300

Table 2: Results of PESQ scores, STOI and SDR values of various algorithms in matched

noise conditions.

SNR (dB) -5 0 5 10

Ob. function λm λt λs Post-filter White Res. Con. White Res. Con. White Res. Con. White Res. Con.

unprocessed 1.24 1.32 1.28 1.53 1.64 1.63 1.87 2.04 2.08 2.23 2.42 2.39

PESQ

MMSE − LSA 1.56 1.41 1.33 2.00 1.80 1.77 2.41 2.26 2.25 2.73 2.61 2.56

Cmse - - - - 1.91 1.70 2.06 2.41 2.14 2.48 2.76 2.55 2.84 3.03 2.88 3.04

Cmse - - - GV 1.91 1.69 2.07 2.45 2.19 2.54 2.85 2.64 2.95 3.15 3.01 3.15

C 1 0 0 GV 2.03 1.77 2.15 2.55 2.31 2.64 2.91 2.74 3.04 3.22 3.11 3.25

C 1 5 0 GV 2.13 1.91 2.29 2.58 2.40 2.72 2.93 2.81 3.07 3.23 3.14 3.28

C 1 0 5 GV 2.11 1.88 2.22 2.62 2.43 2.71 2.97 2.84 3.15 3.31 3.22 3.34

C 1 5 5 GV 2.18 2.02 2.38 2.65 2.52 2.82 3.00 2.92 3.16 3.32 3.24 3.39

C 0 5 5 GV 1.99 1.82 2.15 2.36 2.26 2.52 2.66 2.58 2.81 2.92 2.86 3.01

unprocessed 0.58 0.51 0.56 0.71 0.64 0.67 0.82 0.75 0.78 0.91 0.85 0.85

STOI

MMSE − LSA 0.58 0.45 0.52 0.68 0.58 0.61 0.78 0.71 0.73 0.85 0.80 0.81

Cmse - - - - 0.66 0.61 0.69 0.78 0.74 0.81 0.86 0.83 0.86 0.91 0.88 0.90

Cmse - - - GV 0.66 0.61 0.69 0.79 0.75 0.82 0.87 0.84 0.87 0.92 0.89 0.91

C 1 0 0 GV 0.68 0.62 0.70 0.80 0.77 0.83 0.88 0.85 0.89 0.93 0.91 0.92

C 1 5 0 GV 0.75 0.71 0.76 0.83 0.81 0.86 0.90 0.87 0.90 0.94 0.92 0.93

C 1 0 5 GV 0.71 0.63 0.72 0.82 0.78 0.84 0.89 0.86 0.90 0.94 0.92 0.93

C 1 5 5 GV 0.75 0.71 0.77 0.84 0.82 0.87 0.90 0.88 0.91 0.94 0.92 0.94

C 0 5 5 GV 0.75 0.71 0.77 0.83 0.81 0.85 0.89 0.87 0.90 0.93 0.91 0.92

MMSE − LSA 5.25 −0.53 −1.94 8.53 3.65 2.05 11.13 8.14 6.80 13.31 11.31 10.97

SDR

Cmse - - - - 6.06 2.06 6.44 8.99 5.68 8.59 11.02 8.65 10.65 12.27 10.76 11.97

Cmse - - - GV 6.61 2.64 7.23 9.94 6.52 9.82 12.58 9.91 12.45 14.66 12.70 14.44

C 1 0 0 GV 7.21 3.40 7.86 10.51 7.17 10.64 13.40 10.74 13.51 15.88 13.94 15.70

C 1 5 0 GV 6.83 3.46 7.58 9.88 7.09 10.25 12.60 10.45 13.03 15.01 13.45 15.13

C 1 0 5 GV 7.52 4.07 8.33 10.82 7.91 11.16 13.81 11.31 14.20 16.77 14.75 16.70

C 1 5 5 GV 7.68 4.79 8.57 10.75 8.34 11.32 13.60 11.53 14.21 16.43 14.77 16.71

C 0 5 5 GV 5.10 2.13 5.57 7.57 5.55 7.91 9.60 8.10 9.77 11.16 10.19 11.14

4.2. Performance Evaluation in Matched Noise Conditions

In this experiment, the performances of the MMSE-log spectral amplitude

(LSA) estimation algorithm [3] and various configurations of the DNN were

compared in the matched noise conditions. Table II shows the PESQ scores,

STOI values and SDR values obtained in matched noise conditions. From the305
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results, the DNN-based algorithms outperformed conventional MMSE-LSA al-

gorithm especially in non-stationary noise environments. Also, it is shown that

employing the Mel-scale weighted mean square error improved both the pre-

dicted perceptual quality and intelligibility of the enhanced speech. This result

demonstrates that adopting perceptually motivated non-linear frequency scale310

to the objective function improves the quality of the enhanced speech.

Moreover, incorporating the variation similarities into the DNN training

objective function further improved the performance in terms of both PESQ

score and STOI value. In the case of PESQ score, the performance of the

DNN was improved with the use of ρtemp and ρspec. On the other hand, it315

turned out that ρtemp played more important role to improve the STOI values

particularly in low SNR conditions than ρspec. These results were consistent

with the previous studies which reported that the temporal variation is more

important in speech intelligibility.

In contrast, the SDR values were improved by adopting ρspec while ρtemp320

decreased them. Since the one-third octave bands do not discriminate the fre-

quency bins in each band, detailed spectral representation might be muffled

by applying ρtemp. However, when both variation similarities were adopted,

the SDR performances of the enhanced speech were also improved compared to

those with simple mean square error-based objective function.325

Finally, the objective function without Cwmse showed worse performance

than the conventional objective function Cmse. This result shows that while

matching temporal and spectral variation similarities improves the enhanced

speech quality, the mean square error between enhanced and reference speech

time-frequency bins still has crucial role to train the model.330

4.3. Performance Evaluation in Mismatched Noise Conditions

In this experiment, the performances of various algorithms were compared in

the mismatched noise conditions. Table III shows the PESQ scores, STOI val-

ues, and SDR values obtained in various mismatched noise conditions. From the

results, we can see that the DNN-based algorithm were more robust to the dis-335
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tortion from realistic noise environments such as Cafeteria and Kids compared

to the MMSE-LSA algorithm. In these conditions, the MMSE-LSA algorithm

did not separated speech component from the input signal correctly.

The amount of improvement in both the quality and intelligibility were less

than that achieved in the matched noise condition. However, the DNN-based340

speech enhancement algorithm with the proposed objective function still out-

performed the conventional algorithm in unseen noise conditions. The PESQ,

STOI, and SDR performances of the enhanced speech were improved by em-

ploying the Mel-scale weighted mean square error and variation similarities.

It is interesting to see that the incorporation of the spectral variation sim-345

ilarity ρspec slightly decreased the enhancement performance in the Kids noise

environment. This may be due to the characteristics of the Kids noise which has

similar spectral shape to the target speech. Since ρspec emphasizes the spectral

peaks and valleys, it made the speech-like noise slightly more noticeable after

speech enhancement. In terms of PESQ scores, applying the Mel-scale weight350

contributed the largest performance improvement while temporal and spectral

variation similarity showed equal contribution.

As shown in Table III, the STOI values were enhanced by incorporating

ρtemp to the objective function while other techniques did not show any signif-

icant effects on predicted intelligibility score. This result once again confirms355

that the temporal variation of the enhanced speech is more crucial than the

spectral variation in terms of the speech intelligibility. The human intelligibility

prediction was significantly improved by adopting the temporal variation sim-

ilarity. Among the rest two sub-costs, Mel-scale weight contributed more than

the spectral variation similarity.360

Similar to the results in matched noise conditions, the SDR values were

increased by adopting Cwmse and ρspec while they were decreased by adding

ρtemp. Note that the SDR values of proposed algorithm with λm, λt, λs =

{0, 5, 5} showed worse SDR performance than conventional algorithm in high-

SNR conditions. The results shows that the objective function which combines365

all the three sub-costs showed best performance with various objective measures.
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Figure 3 shows the spectrograms of an utterance enhanced by conventional

and proposed DNN-based algorithms. From this figure, it is shown that the

proposed algorithm effectively reduced the noise from the original speech while

the speech distortion was minimized. We also uploaded several audio files in370

(https://mspl.gist.ac.kr/wp-content/uploads/2017/10/Demo.zip).

Table 3: Results of PESQ scores, STOI and SDR values of various algorithms in mismatched

noise conditions.

SNR (dB) -5 0 5 10

Ob. function λm λt λs Post-filter Cafe. Kids Str. Cafe. Kids Str. Cafe. Kids Str. Cafe. Kids Str.

unprocessed 1.43 1.27 1.66 1.75 1.71 1.99 2.13 2.11 2.25 2.50 2.38 2.63

PESQ

MMSE − LSA 1.43 1.09 1.95 1.86 1.54 2.29 2.28 1.98 2.53 2.62 2.36 2.83

Cmse - - - - 1.61 1.66 1.86 2.04 1.98 2.35 2.50 2.46 2.63 2.86 2.68 2.96

Cmse - - - GV 1.63 1.68 1.87 2.09 2.06 2.42 2.59 2.55 2.74 2.97 2.79 3.08

C 1 0 0 GV 1.69 1.74 1.95 2.21 2.11 2.51 2.67 2.62 2.83 3.06 2.86 3.18

C 1 5 0 GV 1.72 1.78 2.04 2.24 2.14 2.56 2.66 2.59 2.87 3.03 2.86 3.20

C 1 0 5 GV 1.74 1.72 1.91 2.28 2.08 2.55 2.73 2.56 2.89 3.12 2.85 3.26

C 1 5 5 GV 1.80 1.73 2.09 2.31 2.11 2.62 2.74 2.54 2.91 3.10 2.84 3.26

C 0 5 5 GV 1.74 1.66 2.04 2.12 1.96 2.38 2.49 2.32 2.62 2.79 2.58 2.91

unprocessed 0.54 0.57 0.66 0.65 0.70 0.76 0.77 0.83 0.83 0.85 0.89 0.90

STOI

MMSE − LSA 0.48 0.48 0.63 0.59 0.62 0.72 0.72 0.75 0.79 0.80 0.82 0.86

Cmse - - - - 0.58 0.65 0.65 0.72 0.77 0.80 0.82 0.86 0.85 0.88 0.90 0.91

Cmse - - - GV 0.58 0.65 0.66 0.73 0.78 0.81 0.83 0.88 0.86 0.89 0.91 0.92

C 1 0 0 GV 0.59 0.66 0.67 0.74 0.79 0.82 0.84 0.89 0.88 0.90 0.93 0.93

C 1 5 0 GV 0.63 0.67 0.74 0.77 0.80 0.85 0.86 0.89 0.89 0.91 0.93 0.94

C 1 0 5 GV 0.60 0.65 0.68 0.76 0.79 0.83 0.86 0.89 0.89 0.91 0.93 0.94

C 1 5 5 GV 0.64 0.66 0.74 0.78 0.79 0.86 0.87 0.89 0.90 0.92 0.93 0.94

C 0 5 5 GV 0.65 0.66 0.76 0.77 0.78 0.85 0.85 0.87 0.89 0.9 0.91 0.93

MMSE − LSA −1.24 −4.85 1.80 3.91 0.13 7.59 8.16 4.89 9.90 11.49 9.64 13.11

SDR

Cmse - - - - 0.31 0.77 4.99 4.79 4.95 7.87 8.05 8.40 10.07 10.55 10.47 11.65

Cmse - - - GV 0.96 1.12 5.78 5.59 5.77 9.15 9.35 9.69 11.76 12.50 12.60 14.16

C 1 0 0 GV 1.71 1.48 6.39 6.39 6.19 10.06 10.14 10.53 12.77 13.74 13.93 15.59

C 1 5 0 GV 1.05 0.86 6.27 5.76 5.49 9.60 9.50 9.68 12.34 12.95 13.29 15.08

C 1 0 5 GV 2.97 1.17 6.74 7.13 5.83 10.63 10.72 10.05 13.46 14.43 13.89 16.86

C 1 5 5 GV 2.14 0.64 7.27 6.68 5.27 10.55 10.50 9.63 13.46 14.17 13.89 16.68

C 0 5 5 GV -0.47 -0.53 4.04 3.69 3.3 6.86 6.94 6.69 9.14 9.57 9.33 10.94

4.4. Subjective Test Results

Additionally, we performed a subjective listening test to compare the perfor-

mance of the proposed techniques with the conventional objective function. Ten

listeners participated and were presented with 45 randomly selected sentences375
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Figure 3: The spectrogram of original speech with cafeteria noise (-5 dB SNR), enhanced

speech by conventional DNN-based algorithm, enhanced speech by the proposed algorithm,

and the corresponding clean speech, respectively.

in the SNR range of {-5, 0, 5} dB corrupted by the {cafeteria, kids, street}

noises. In the test, each listener was provided with speech samples enhanced by

the network with the conventional objective function and the proposed objective

function with λm, λt, λs = {1, 5, 5}. Listeners were asked to choose the preferred

one for each pair of speech samples in terms of perceptual speech quality. Two380

samples in each pair were given in arbitrary order.

The results are shown in Figure 4. It can be seen that the quality of the

speech enhanced by the proposed algorithm was better than that using the con-

ventional algorithm in all SNR values. These results imply that the proposed

algorithm enhances not only the objective measures but also the perceived qual-385

ity.
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Figure 4: Results of preference test (%) comparing the speech quality for the conventional

and proposed algorithms with various SNR values.

5. Conclusions

In this paper, we have proposed a novel objective function for DNN-based

speech enhancement to equalize the temporal and spectral variations of the en-

hanced speech. The proposed algorithm incorporates a perceptually motivated390

non-linear frequency weight and variation similarities between the enhanced and

clean speech spectral trajectories. From the experimental results, it has been

found that the proposed algorithm outperformed the conventional DNN-based

speech enhancement algorithm in terms of the objective measures as well as the

subjective listening quality.395

The future work will focus on employing novel model structures and training

techniques. The recent studies show that the performance of the deep learning

models could be further improved by the proper training scheme [46, 47, 48].

Also, as in speech recognition, the sequence-to-sequence model such as the

LSTM or GRU may be better to describe the speech characteristics. Finally,400

the spatial information of the target and background noise will be useful to

improve the speech quality in the interfering speaker environments such as the

Kids noise.
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Appendix

In this Appendix we present the detail on deriving ∂C
∂xt(f)

. The gradient of

the proposed objective function is given by the sum of the separate gradients of

the three sub-costs as follows:545

∂C

∂xt(f)
=
∂Cwmse
∂xt(f)

− λt
∂ρtemp
∂xt(f)

− λs
∂ρspec
∂xt(f)

. (28)

Similar to the conventional mean square error, ∂Cwmse∂xt(f)
is given by

∂Cwmse
∂xt(f)

=
2

T
w(f)(xt(f)− yt(f)). (29)

The gradients of the second and third sub-costs are given by (30)–(32) and

(33)–(35), respectively.

After { ∂C
∂xt(f)

} are derived, the gradient of the proposed objective function

with respect to each network parameter θ is obtained as550

∂C

∂θ
=

T∑
t=1

F∑
f=1

∂C

∂xt(f)

∂xt(f)

∂θ
(36)

and the usual back-propagation algorithm is applied.
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∂ρtemp
∂xt(f)

=
1

(T −N + 1)H

T−N+1∑
τ=1

H∑
h=1

∂ρtemp(τ, h)

∂xt(f)

=
1

(T −N + 1)H

T−N+1∑
τ=1

H∑
h=1

∂ρtemp(τ, h)

∂x̃t(h)

∂x̃t(h)

∂xt(f)
(30)

∂ρtemp(τ, h)

∂x̃t(h)
=


ỹt(h)−µy̆τ,h

||x̆τ,h−µx̆τ,h
1N || ||y̆τ,h−µy̆τ,h

1N || − ρtemp(τ, h)
x̃t(h)−µx̆τ,h

||x̆τ,h−µx̆τ,h
1N ||2 , if x̃t(h) ∈ x̆τ,h,

0, otherwise.

(31)

∂x̃t(h)

∂xt(f)
=


1

2x̃t(h)
s(f) exp(xt(f)s(f) + m(f)), B(h, f) = 1,

0, B(h, f) = 0.

(32)

∂ρspec
∂xt(f)

=
1

T

∂ρspec(t)

∂x̃′t(f)

∂x̃′t(f)

∂xt(f)
, (33)

∂ρspec(t)

∂x̃′t(f)
=

ỹ′t(f)− µỹ′
t

||x̃′t − µx̃′
t
1F || ||ỹ′t − µỹ′

t
1F ||

− ρspec(t)
x̃′t(f)− µx̃′

t

||x̃′t − µx̃′
t
1F ||2

, (34)

∂x̃′t(f)

∂xt(f)
=

1

2x̃′t(f)
s(f) exp(xt(f)s(f) + m(f)). (35)
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