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Iván López-Espejo, Aditya Joglekar, Antonio M. Peinado, Jesper
Jensen

IBERSPEECH 2024
Aveiro, Portugal

amp@ugr.es

Wednesday 13th November, 2024

I. López-Espejo et al. (UGR) Pre-emphasis to Boost Speech Enhancement Wednesday 13th November, 2024 1 / 15



Overview

1 Introduction

2 Speech Enhancement Framework

3 Speech Pre-emphasis Integration

4 Speech Dataset

5 Experimental Results

6 Conclusions and Future Work

I. López-Espejo et al. (UGR) Pre-emphasis to Boost Speech Enhancement Wednesday 13th November, 2024 2 / 15



Introduction

Speech is characterized by a spectral tilt stemming from glottal excitation
due to vocal fold vibration

Spectral tilt may lead to speech processing systems “overlooking” higher
frequencies

Perceptually-relevant speech elements such as fricatives, affricates, and some
plosives have higher energy at higher frequencies!
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Introduction

Pre-emphasis filtering is a simple yet effective pre-processing step that
compensates high-frequency components by flattening the speech spectrum

Pre-emphasis filtering is a default consideration in classical ASR and speech
coding systems
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Introduction

We study pre-emphasis filtering for DNN-based speech enhancement

How?
We explore pre-emphasizing the estimated and actual training clean speech during
DNN training so that speech is perceptually balanced for loss calculation

Our expectation is that the contribution of distinct speech frequency
components to the total loss better reflects their perceptual importance
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Speech Enhancement Framework

We use a spectral masking scheme for speech enhancement purposes

The mapping function f(·|θ) is deployed by a CRNN

The enhanced waveform is synthesized by using the phase of the noisy signal
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Fig. 1. Block diagram of the speech enhancement system employed in this paper. “Rec. Norm.” stands for time-recursive mean normalization [13]. See the
text for further details.

x(m) (for experimental purposes, we will consider in this work
an additive noise distortion model, y(m) = x(m) + ν(m),
where ν(m) is a background noise signal). This noisy signal
can be expressed in the short-time Fourier transform (STFT)
domain as Y (k, t), where k = 0, ...,K−1 and t = 0, ..., T −1
denote the frequency bin and time frame indices, respectively.
Besides, let

Y =

 |Y (0, 0)| · · · |Y (0, T − 1)|
...

. . .
...

|Y (K − 1, 0)| · · · |Y (K − 1, T − 1)|

 (1)

be a K × T matrix with the magnitude spectrum of y(m).
Following the spectral masking approach illustrated by Fig.

1, our goal is to estimate the clean speech magnitude spectrum
X (defined similarly to Y) by means of a time-frequency mask
M̂ ∈ [0, 1]K×T . This mask is applied to Y via point-wise
multiplication, specifically,

X̂ = M̂⊙Y, (2)

where the ⊙ operator denotes the Hadamard product, and ·̂
means an estimate. To realize Eq. (2), we aim at learning
a mapping function f (·|θ) : RK×T → [0, 1]K×T estimating
M̂ from the noisy speech log-magnitude spectrum, after
application of time-recursive mean normalization [13], as in

M̂ = f
(
logY|θ

)
, (3)

where θ is the set of learnable parameters of the mapping
function, the log operator is applied element-wise, and ·
denotes time-recursive mean normalization.

The mapping function f(·|θ) is deployed by the CRNN
depicted in Fig. 1 [10]. This architecture is comprised of an
encoder with 5 convolutional layers followed by 2 long short-
term memory (LSTM) layers and a decoder with 5 deconvolu-
tional layers. All the convolutional and deconvolutional layers
employ 3×1 kernels, a stride of (2, 1), and exponential linear
unit (ELU) activations (except for the output layer, which uses
a sigmoid activation function). The i-th convolutional layer,
Convi, has 2i+2 feature maps. Similarly, the i-th deconvo-
lutional layer, Deconvi, has 2i+1 feature maps (except for
Deconv1, which has 1 only). A skip connection serves to
concatenate the output of Convi to the input of Deconvi.
The LSTM hidden state dimension is set to 1,024.

Once X̂ has been obtained from Eq. (2), the enhanced
speech waveform x̂(m) is synthesized by calculating the

inverse STFT of X̂(k, t) =
∣∣∣X̂(k, t)

∣∣∣ · ej∡Y (k,t), where the
symbol ∡ denotes the phase value of the STFT coefficient.

It should be noted that recent speech enhancement efforts
(e.g., [14], [15]) employ spectral masking schemes similar to
the one described in this section.

A. Implementation Details

For STFT computation, we make use of a Hann window
with a length of 32 ms and a shift of 16 ms. Moreover, the
total number of frequency bins is K = 257.

Using Adam [16] with default parameters, the deep neural
network parameter set θ is optimized towards minimizing
the MSE between estimated and actual training clean speech
magnitude spectra:

LMSE =
1

KT

K−1∑
k=0

T−1∑
t=0

(∣∣∣X̂(k, t)
∣∣∣− |X(k, t)|

)2

. (4)

In addition, the mini-batch size is 8 training utterances, early-
stopping [17] with a patience of 15 epochs is employed, and
training runs for a maximum of 200 epochs.

III. SPEECH PRE-EMPHASIS INTEGRATION

We explore methods for pre-emphasizing the estimated
and actual training clean speech during deep neural network
training so that speech is perceptually balanced prior to loss
calculation [6], [8]. By doing this, our expectation is that
the contribution of distinct speech frequency components to
the total loss better reflects their perceptual importance, thus
boosting speech enhancement performance.

We consider two pre-emphasis variants that can be easily
integrated into the speech enhancement loss function: standard
pre-emphasis consisting of a first-order high-pass FIR filtering
(Subsec. III-A), and equal-loudness pre-emphasis (Subsec.
III-B). Besides, cubic-root amplitude compression is option-
ally considered to leverage pre-emphasis by further reducing
the speech spectral magnitude variation (Subsec. III-C).

Although the formulae below are particularized to the MSE
loss function of Eq. (4), it is important to note that the
pre-emphasis-based methodology under consideration can, in
principle, be adapted to any speech enhancement loss function.
Hence, this simple and cheap methodology may potentially
become a default add-on for training deep neural network-
based speech enhancement systems.

MSE loss function

LMSE =
1

KT

K−1∑
k=0

T−1∑
t=0

(
|X̂ (k, t)| − |X (k, t)|

)2
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Speech Pre-emphasis IntegrationSpeech Pre-emphasis Integration

1 We consider two pre-emphasis variants to be integrated into the loss function: standard
pre-emphasis (SP) and equal-loudness pre-emphasis (ELP)

2 Intensity-to-loudness conversion (I2L) is optionally used to leverage pre-emphasis

Equal-loudness Pre-emphasis (ELP)

ELP approximates the frequency-dependent sensitivity of
human hearing at about the 40 dB level:

|HELP(f )| =

√
(f 2 + β1)f 4

(f 2 + β2)2(f 2 + β3)((2πf )6 + β4)

|H̄ELP(f )| ∈ [0, 1] is a scaled version of |HELP(f )|

|H̄ELP(k)| is found by uniform sampling of |H̄ELP(f )|

Pre-emphasized MSE loss function

LELP
MSE =

1

KT

K−1∑
k=0

T−1∑
t=0

(
|H̄ELP(k)| ·

(
|X̂ (k, t)| − |X (k, t)|

))2
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Standard Speech Pre-emphasis (SP)

First-order high-pass FIR filter
|HSP(f )| =

∣∣1− αe−j2πf /fs
∣∣ = √

α2 − 2α cos(2πf /fs) + 1

|H̄SP(f )| ∈ (0, 1] is a scaled version of |HSP(f )|

|H̄SP(k)| is found by uniform sampling of |H̄SP(f )|

Pre-emphasized MSE loss function

LSP
MSE =

1

KT

K−1∑
k=0

T−1∑
t=0

(
|H̄SP(k)| ·

(
|X̂ (k, t)| − |X (k, t)|

))2
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Intensity-to-loudness Conversion (I2L)

Cubic-root amplitude compression simulates the non-linear relationship between the
intensity of sound and its perceived loudness

Pre-emphasized MSE loss function with I2L

LSP/ELP+I2L
MSE =

1

KT

K−1∑
k=0

T−1∑
t=0

((
|H̄SP/ELP(k)| · |X̂ (k, t)|

) 2
3 −

(
|H̄SP/ELP(k)| · |X (k, t)|

) 2
3

)2

Cubic-root amplitude compression can boost the effect of pre-emphasis by further
reducing the dynamic range of the speech magnitude spectrum
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Speech Dataset

For experimental purposes, we use the TIMIT-1C speech dataset
comprising clean and simulated noisy signals

Clean signals were artificially distorted by diverse types of additive noise

Training and validation sets: car, bus station, restaurant, and street (seen noises)
Test set: café, train station, pedestrian street, and bus (unseen noises) + seen
noises

The training, validation and test sets consider the same discrete set of
SNRs: {−5, 0, 5, 10, 15, 20} dB

Neither noise realizations nor speakers overlap across sets
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Experimental Results

SP Standard pre-emphasis | ELP Equal-loudness pre-emphasis | I2L Intensity-to-loudness conversion

TABLE I
SPEECH ENHANCEMENT RESULTS IN TERMS OF STOI AND PESQ. RESULTS ARE BROKEN DOWN BY SNR AND SEEN/UNSEEN NOISES. SP, ELP AND I2L
STAND FOR STANDARD PRE-EMPHASIS, EQUAL-LOUDNESS PRE-EMPHASIS AND INTENSITY-TO-LOUDNESS CONVERSION, RESPECTIVELY. THE SYMBOL ✗

MEANS THAT PRE-EMPHASIS OR INTENSITY-TO-LOUDNESS CONVERSION IS NOT APPLIED. BEST PESQ RESULTS ARE MARKED IN BOLDFACE. SEE THE
TEXT FOR FURTHER DETAILS.

SNR Metric Seen noises Unseen noises
(dB) Noisy Processed Noisy Processed

✗ +SP +ELP ✗ +SP +ELP
✗ ✗ +I2L ✗ +I2L ✗ ✗ +I2L ✗ +I2L

-5 STOI 0.64 0.74 0.74 0.74 0.74 0.74 0.65 0.73 0.73 0.73 0.73 0.73
PESQ 1.06 1.57 1.59 1.62 1.50 1.58 1.16 1.47 1.47 1.49 1.47 1.48

0 STOI 0.73 0.84 0.84 0.84 0.83 0.83 0.75 0.83 0.83 0.83 0.83 0.83
PESQ 1.11 1.86 1.90 1.93 1.81 1.89 1.27 1.76 1.76 1.81 1.78 1.78

5 STOI 0.82 0.90 0.90 0.90 0.90 0.90 0.83 0.90 0.90 0.90 0.90 0.90
PESQ 1.25 2.20 2.26 2.31 2.21 2.23 1.51 2.14 2.15 2.21 2.20 2.17

10 STOI 0.89 0.94 0.94 0.94 0.94 0.94 0.91 0.94 0.95 0.95 0.94 0.94
PESQ 1.53 2.61 2.67 2.72 2.65 2.64 1.84 2.56 2.59 2.66 2.66 2.62

15 STOI 0.94 0.97 0.97 0.97 0.97 0.97 0.95 0.97 0.97 0.97 0.97 0.97
PESQ 1.92 2.94 3.00 3.08 3.02 3.01 2.26 2.93 2.96 3.04 3.04 3.00

20 STOI 0.97 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.98
PESQ 2.45 3.30 3.35 3.45 3.38 3.38 2.84 3.32 3.37 3.44 3.43 3.40

V. EXPERIMENTAL RESULTS

In this section, we evaluate the pre-emphasis-based proce-
dures presented in Section III in terms of estimated quality
and intelligibility of the enhanced speech by means of PESQ
(Perceptual Evaluation of Speech Quality) [11], [12] and STOI
(Short-Time Objective Intelligibility) [22], respectively.

First of all, it is important to point out that preliminary
experiments revealed that, when considering standard speech
pre-emphasis (see Subsec. III-A), α = 0.6 is a good choice,
and, therefore, we use this parameter value in the rest of
this section. That being said, we also observed that the value
of α has a relatively low impact on speech enhancement
performance as long as it is not too close to either 0 or 1.

Table I displays STOI and PESQ results calculated from
speech signals processed by the speech enhancement system
of Section II when this system integrates no pre-emphasis
(baseline system), standard pre-emphasis (+SP) or equal-
loudness pre-emphasis (+ELP). In case pre-emphasis is in-
tegrated, results are broken down by whether (+I2L) or not
intensity-to-loudness conversion is applied. As a reference,
STOI and PESQ scores computed from the original noisy
(namely, unprocessed) speech signals are also shown. All the
results are broken down by SNR and seen/unseen noises. Note
that, in Table I, the symbol ✗ means that pre-emphasis or
intensity-to-loudness conversion is not applied.

On the one hand, we can see from Table I that, according to
STOI scores, pre-emphasis filtering has no impact on speech
intelligibility. On the other hand, we can also see from this

table that the integration of pre-emphasis yields, with respect
to the baseline system, equal or better speech quality (PESQ)
results for all the noisy conditions evaluated except for only
seen noises at -5 dB and 0 dB SNRs when equal-loudness pre-
emphasis is considered. In particular, the best speech quality
results are obtained when standard pre-emphasis is integrated
into the MSE loss function LMSE and intensity-to-loudness
conversion follows. On average, this approach achieves PESQ
relative improvements over the baseline of around 4.6% and
3.4% for seen and unseen noises, respectively.

The above results indicate that perceptually balancing the
estimated and actual clean speech signals prior to loss calcula-
tion allows for obtaining supplementary speech quality gains
over a conventionally-trained modern speech enhancement
system. Moreover, a major advantage of adopting the proposed
strategy to improve speech quality is the minimal additional
computational cost at training time, and no additional cost at
inference time. Altogether, these findings suggest that the pre-
emphasis-based methodology studied here may be potentially
adopted as a default add-on in modern speech enhancement,
similar to the case of pre-emphasis filtering being embraced
as a default pre-processing step in other kinds of speech
processing systems like classical automatic speech recognition
and speech coding systems.

VI. CONCLUSION

To the best of our knowledge, the present work constitutes
the first successful attempt to empirically demonstrate that

Evaluation carried out in terms of quality (PESQ) and intelligibility (STOI)

For standard pre-emphasis, α = 0.6 (limited impact)
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table that the integration of pre-emphasis yields, with respect
to the baseline system, equal or better speech quality (PESQ)
results for all the noisy conditions evaluated except for only
seen noises at -5 dB and 0 dB SNRs when equal-loudness pre-
emphasis is considered. In particular, the best speech quality
results are obtained when standard pre-emphasis is integrated
into the MSE loss function LMSE and intensity-to-loudness
conversion follows. On average, this approach achieves PESQ
relative improvements over the baseline of around 4.6% and
3.4% for seen and unseen noises, respectively.

The above results indicate that perceptually balancing the
estimated and actual clean speech signals prior to loss calcula-
tion allows for obtaining supplementary speech quality gains
over a conventionally-trained modern speech enhancement
system. Moreover, a major advantage of adopting the proposed
strategy to improve speech quality is the minimal additional
computational cost at training time, and no additional cost at
inference time. Altogether, these findings suggest that the pre-
emphasis-based methodology studied here may be potentially
adopted as a default add-on in modern speech enhancement,
similar to the case of pre-emphasis filtering being embraced
as a default pre-processing step in other kinds of speech
processing systems like classical automatic speech recognition
and speech coding systems.

VI. CONCLUSION

To the best of our knowledge, the present work constitutes
the first successful attempt to empirically demonstrate that

Pre-emphasis filtering has no impact on speech intelligibility

Best speech quality is achieved by LSP+I2L
MSE → PESQ rel. improv. over the

baseline of 4.6% (seen noises) and 3.4% (unseen noises)
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Conclusions and Future Work
Conclusions

Results indicate that perceptually balancing the estimated and actual clean
speech signals prior to loss calculation allows for obtaining supplementary
speech quality gains over a conventionally-trained modern speech
enhancement system

Minimal additional computational cost at training time, and no additional
cost at inference time

This simple and cheap methodology may potentially become a default
add-on for training DNN-based speech enhancement systems
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Conclusions and Future Work
Future Work

Investigating the generalizability of this pre-emphasis methodology

1 Different speech enhancement architectures/approaches
2 Different loss functions

Running listening tests to contrast what is predicted by objective speech
quality and intelligibility metrics to strengthen the conclusions drawn
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