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Abstract

This paper proposes a DNN-based preprocessing method for

speech coding and automatic speech recognition applications.

The method proposed here maps noisy log power spectra to

“clean” smoothed log power spectral envelopes using DNN pre-

diction. The proposed method has the advantage of combining

feature extraction with DNN-based enhancement, thus reducing

computational time and resources. The TIMIT speech database

with various additive noise types was used to train the DNN,

and the NN prediction results are compared to the target clean

log power spectral envelopes using log spectral distortion. The

proposed method is found to have lower log spectral distortion

measurements compared to similar neural networks that map

noisy power spectra to clean power spectra.

Index Terms: Deep neural networks, speech coding, prepro-

cessing, automatic speech recognition, power spectra.

1. Introduction

This paper investigates the use of a neural network (NN) as a

preprocessing method for speech coding and automatic speech

recognition (ASR). Various types of noise are often present in

recorded speech, which can have a degrading effect on speech

coding and ASR algorithms.

Many approaches to reducing the effects of noise on ASR

have been investigated over the years. One approach is to use

speech enhancement as a preprocessor, prior to extracting any

features necessary for coding or recognition [1]. Another ap-

proach is to extract more robust features to begin with, such

as Mel Frequency Cepstral Coefficients (MFCCs) or Perceptual

Linear Prediction (PLP) coefficients, which exploit the human

ear’s perceptual properties to reduce noise interference [2][3].

Yet another approach to increasing the robustness of ASR is

known as feature enhancement, which subjects the noisy fea-

tures to some kind of processing after extraction but before

recognition [4][5].

Many of the above techniques involve framing, processing,

and reconstructing noisy speech files into enhanced intelligible

speech, before processing again to extract features for speech

coding or ASR. If the noisy speech only needs to be used for

coding or recognition purposes, however, then it does not ac-

tually need to be reconstructed fully – it is only necessary to

estimate parameters that represent the power spectrum of the

speech, such as Linear Prediction Coefficients (LPCs). If it is

possible to achieve an estimate of clean power spectra when

presented with noisy speech, these predicted clean power spec-

tra parameters could be directly utilised by the speech coding or

recognition system.

Previous work has investigated the use of a deep neural

network (DNN) to map noisy log power spectra to clean log

power spectra as a speech enhancement method, resulting in

improved quality and intelligibility in the reconstructed speech

[6][7]. Speech coding and ASR, however, only require the

smoothed power spectral envelope. For this reason, the method

proposed here is the mapping of noisy log power spectra to

clean smoothed log power spectral envelopes using a deep neu-

ral network (DNN).

As the smoothed log spectral envelope contains less fine

detail than the log power spectra, the proposed method offers

less computational and numerical complexity – essentially an

“easier” prediction for the DNN – with the added advantage of

combining feature extraction with DNN-based enhancement.

The rest of this paper is organised as follows: Section 2.1

outlines the feature extraction method used to create the NN

training set; the NN architecture is described in Section 2.2; the

speech database and evaluation method are discussed in Sec-

tion 3; and experimental results are shown in Section 4.

2. Method

This paper proposes training a NN to map noisy log power spec-

tra to clean smoothed log power spectral envelopes. As shown

in fig. 1, the training stage begins with noisy and clean speech

samples from a speech database training set, from which log

power spectra and smoothed log power envelope features are

calculated. The NN is then trained using noisy log power spec-

tra as input and clean smoothed log power envelopes as the tar-

get output, resulting in a NN model. In the testing stage the NN

model is used to predict clean smoothed log power envelopes

when given new noisy log power spectra extracted from the test

set. Linear Prediction Coefficients (LPCs) are then derived from

the NN prediction.

2.1. Feature extraction

To begin with, the time domain speech samples are segmented

into frames of length 25ms with 5ms overlap, followed by the

application of a hamming window and then a pre-emphasis filter

(α = 0.97) to remove the spectral tilt. The autocorrelation of

each frame is then found,

Rxx(k) =
1

N

N -1-k
∑

n=0

x(n)x(n+ k), (1)

where N is the frame length in samples, k is the sample lag, and

x(n) is the signal. The next step is to estimate the parameters

of an autoregressive (AR) model [8], whose system function is
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Figure 1: Block diagram of the proposed NN-based preprocessing method, encompassing feature extraction,

NN training, NN prediction, and evaluation of results.

given by:

H(z) =
Gp

1 +

p
∑

k=1

apkz
-k

(2)

Applying the Levinson-Durbin algorithm [9],the apk values are

determined. Thus we find the AR coefficients (or LPCs) of each

frame, and the excitation variance G2

p.

In order to get the feature vectors to train the neural net-

work, it is necessary to get an estimate of the log power spec-

trum, which will then be used as the input to the NN, and the

smoothed log power spectral envelope will then function as the

target output. For this application the periodogram Pxx(ω) is

used for the estimate of the power spectrum [9],

Pxx(ω) =
1

N

∣

∣

∣

∣

∣

N -1
∑

n=0

x(n)e-jωn

∣

∣

∣

∣

∣

2

, (3)

where N is the frame size. The LPC values calculated earlier

are used to find the smoothed power spectral envelope P̂xx(ω),

P̂xx(ω) =
G2

p
∣

∣

∣

∣

∣

N -1
∑

k=0

apke
-jωk

∣

∣

∣

∣

∣

2
, (4)

where ap0 = 1. The power spectra and smoothed envelopes are

then converted into the log domain.

After training on these features, the NN prediction deliv-

ers estimated smoothed log power spectral envelope parameters.

From these predicted features it is possible to first apply a log

to linear conversion to each parameter vector, then perform an

inverse FFT to get the autocorrelation coefficients, and use the

Levinson-Durbin algorithm to estimate the LPCs and excitation

variance.

2.2. Neural network architecture

The NN architecture and naming scheme are outlined briefly in

Table 1 and Table 2, based on a similar architecture arrangement

proposed in previous works [6][7], which have been simulated

here for the sake of comparison. In each case represented in

Table 1 the depth (number of hidden layers) and width (number

of nodes per layer) varied, but all other parameters remained

constant. In each case represented in Table 2, the depth and

width were the constant elements. All NNs used either Stochas-

tic Gradient Descent (SGD) or Adam [10] as an optimiser with

a learning rate of 1 × 10-5. Type C shown in Table 2 is the

proposed method.

The model type used was ‘sequential’, the layer type was

‘dense’, and the initialisation for each layer was ‘uniform’. The

activation for each hidden layer was either sigmoid (Type A)

or rectified linear [11][12][13](‘ReLU’, Types B & C), and the

activation for the output layer was ‘linear’. Input and output

layers had 1539 nodes (Type A) or 513 nodes each (Types B &

C). The model was fitted using 50 epochs with a mini-batch size

182

Table of Contents
for this manuscript



Table 2: Summary of neural network architecture naming scheme, showing input dimension, number of epochs, learning rate, optimiser,

hidden layer activation, input features, and target output (power spectra or smoothed envelope). Type C is the proposed method.

NN Type I/P Dim. No. Epochs Learning Rate Opt. Activation I/P Features Target O/P

Type A 1539 50 1× 10-5 SGD Sigmoid Pxx(ω) Pxx(ω)

Type B 513 50 1× 10-5 Adam ReLU Pxx(ω) Pxx(ω)

Type C 513 50 1× 10-5 Adam ReLU Pxx(ω) P̂xx(ω)

Table 1: Summary of neural network architecture naming

scheme, showing number and size of hidden layers (HL).

NN Type No. HL Size HL

SNN 1 6144

DNN1 1 2048

DNN2 2 2048

DNN3 3 2048

of 128, and mean squared error (MSE) was used as a cost func-

tion metric. It is worth noting that in this particular case MSE

is equivalent to log spectral distortion (LSD) [14] due to the use

of log power spectra as feature vectors. Later on LSD is utilised

as an evaluation metric for the NN predicted features, since it is

frequently used in speech coding and ASR evaluations.

3. Speech corpus & evaluation

The experiments presented in this paper were done using the

TIMIT speech database [15], which contains 6300 utterances

by 630 speakers, both male and female, from various dialect re-

gions in the United States. The database was sampled at 16 kHz

and has been divided into a training set and a test set. The en-

tire speech corpus was processed to include six types of additive

noise from the Noisex-92 noise database (babble, F16, factory,

pink, volvo, and white)[16] at various levels of SNR (0dB, 5dB,

10dB, 15dB, 20dB). This created a dataset of several hundred

hours of multi-condition training and testing data. The com-

plete training set was used for NN training, consisting of 4620

utterances in their original clean state, with the addition of the

noise types and SNRs mentioned above, for a total of 194,040

utterances, or 88 million training vectors.

The complete test set (1680 utterances) was used for test-

ing and prediction, consisting of the original clean utterances in

addition to the six noise types mentioned above, though only at

SNR levels of 10dB, 15dB, and 20dB. This amounted to a total

of 35,280 test utterances, or 18.7 million test vectors.

Log spectral distortion (LSD) [14] was chosen as the eval-

uation method for this project due to its frequency of use in

speech coding and ASR evaluations. LSD has been shown to be

equivalent to the squared error of two cepstra, and since the cep-

strum is the feature set used in speech recognition, this allows

LSD to be interpreted as an indicator of ASR performance [17].

With regards to speech coding applications, past investigations

have found that LSD is a good indicator of speech quality [18].

4. Results

A summary of LSD measurements for a selection of noise types

and input SNRs is given in Table 3. The noise type and SNR

reflects the additive noise with which the original DNN input

features were corrupted. All output predicted vectors were com-

pared to unprocessed clean smoothed power spectral envelopes,

giving LSD values in dB. With the exception of the clean col-

umn (in which Type B-DNN3 has the lowest LSD), Types C-

DNN2 and C-DNN3 contain the LSD values that are the low-

est in their respective columns, indicating the improved quality

of the DNN predictions from the proposed method. Note that

many of the LSD values in the clean column are higher than

those in the subsequent noisy columns, which is a result of train-

ing the NN on both clean and noisy vectors so as to not over-fit

the model to the clean or ‘ideal’ training situation.

LSD values for DNN Type A are shown in the first segment

of Table 3. Type A was based on the method proposed by Xu et

al. [6][7], and is shown here for the purpose of comparison with

the proposed method. Three feature vectors were concatenated

to create input vectors of width 1539, SGD was the learning rate

optimiser, sigmoid was the activation function, and the target

output was clean power spectra. The LSD values for Type A

are the highest in the table, indicating the poor quality of the

DNN-predicted vectors.

Type B represents a halfway point between previous works

(represented by Type A) and the proposed method, Type C.

DNN Type B still maps noisy power spectra to clean power

spectra, as in Type A, but it uses single input vectors of width

513 and the same optimiser (Adam) and activation function

(ReLU) as Type C. The LSD values for Type B demonstrate the

improvement gained by simply changing the optimiser and ac-

tivation function, supporting the general consensus that Adam

and ReLU improve DNN performance [10][11][12][13].

The proposed method is shown as Type C, in which Adam

was the optimiser and ReLU was the activation function, as in

Type B, but this time input power spectra were mapped to target

clean smoothed power spectral envelopes. Most LSD values are

lowest for Type C, indicating the higher quality of the DNN pre-

diction, and suggesting that an improvement in ASR rates may

be gained through the use of this approach. Comparing Type C

LSD values to those of Type B also shows that it is not just the

change in optimiser and activation function that improves the

DNN prediction, but mapping to smoothed power envelopes in-

creases the DNN’s performance yet again.

5. Conclusions

The method proposed here suggests the use of a DNN to map

noisy log power spectra to clean smoothed log power spectral

envelopes, as an alternative preprocessing method for speech

coding or ASR applications. Since the smoothed power enve-
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Table 3: Log Spectral Distortion scores for NN predictions of smoothed power envelopes, for various input noise types and SNRs.

Mean LSD (dB)

NN Type
Noise Type Clean Volvo Babble Factory

SNR (dB) - 10 15 20 10 15 20 10 15 20

Type A

A-SNN 6.09 6.20 5.99 5.96 7.75 7.17 6.83 8.37 7.52 7.01

A-DNN1 8.14 8.03 7.78 7.80 9.54 9.04 8.73 9.55 8.97 8.66

A-DNN2 7.28 6.61 6.61 6.67 7.76 7.40 7.23 8.03 7.45 7.17

A-DNN3 8.49 8.20 8.12 8.14 9.35 8.96 8.80 9.85 9.54 9.41

Type B

B-SNN 5.82 3.48 3.64 3.94 6.18 5.19 4.66 6.73 5.51 4.84

B-DNN1 6.58 3.48 3.55 3.73 5.85 5.03 4.58 6.46 5.36 4.72

B-DNN2 7.45 3.69 3.92 4.26 5.81 5.17 4.84 6.34 5.42 4.94

B-DNN3 4.33 3.44 3.72 3.99 5.81 5.01 4.69 6.71 5.56 4.96

Type C

C-SNN 5.11 3.64 3.68 3.85 6.30 5.45 4.85 6.72 5.68 4.94

C-DNN1 8.65 8.58 7.28 6.64 6.42 6.03 5.86 6.82 6.01 5.63

C-DNN2 5.91 3.01 2.96 3.14 5.85 4.87 4.27 6.06 5.00 4.32

C-DNN3 5.20 4.07 4.14 4.23 5.52 4.70 4.43 5.90 4.87 4.37

lope contains less fine detail than the power spectra, the pro-

posed method offers the advantage of a less numerically com-

plex computation for the DNN.

The proposed method was compared to two other DNN

methods that map noisy power spectra to clean power spec-

tra, and the resulting predictions were all measured using LSD.

The proposed method performed well when compared to the

other two, as evidenced by an improvement in LSD values for

many of the noise types and SNRs used for testing. This would

seem to suggest that the proposed method shows promise when

it comes to feature enhancement for speech coding and ASR.
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