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Abstract: The present investigation will evaluate the impact of Mel Frequency Cepstral Coefficients (MFCC) and the Perceptual Linear Predictors (PLP) coefficients, in the word error rate (WER) of systems dedicated to Automatic Speech Recognition (ASR) for Spanish in scenarios with unknown noise levels using the state-of-the-art tool-kit Kaldi. Conclusions will be given on how the selection of the acoustic feature MFCC improves the WER for identical acoustic models, providing evidence on the robustness of the MFCC in the task of ASR in noisy scenarios.
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1. Introduction
Speech Recognition (ASR) is a research area that aims to solve the task of recognizing the speech contained in an acoustic signal given any speaker, environment or language. A fundamental problem in the area of the ASR is to obtain a compact coding of the waveform of the audio signal that contains speech, which minimizes information loss. The result of this coding is known as acoustic features and the scientific community, recognizes Mel-Frequency Cepstral Coefficients (MFCC) [1] and the Perceptual Linear Prediction coefficients (PLP) [2] as state of the art. The effectiveness of any ASR system can be measured in terms of errors committed in relation to the total number of elements to be recognized. In the case of the ASR, this measure is known as the wordrecognition error rate (WER), defined as:

where N is the number of words present in the phrase to be transcribed; INS, SUB and DEL are the number of errors made by insertion, substitution and omission of words in the transcript made by the ASR system. The current systems of ASR offer WER around 50% for the most complex tasks and about 1% for tasks of transcription of digits and letters, under controlled conditions. One of the unsolved problems of the ASR field is determined by the lack of consensus in the scientific community about which acoustic feature, MFCC or PLP coefficients, offer greater effectiveness. The theoretical value of the research presented here is that it provides evidence about the robustness of the MFCC as an acoustic feature used in the ASR in noisy scenarios compared to the PLP

2. Methodology

2.1  Speech Acoustic Features
Mel-Frequency Cepstral Coefficients Feature extraction begins with a sequence of transformations that begins with the windowing of the given speech segment through a Hamming Window of length 20 ms, and then a short duration Fourier analysis is performed. As a result we obtain a Discrete Fourier Transform (DFT) for the k-th frame. Then, the DFT values are grouped into critical bands and weighted by triangular weighting functions. The bandwidths of these functions are constant for central frequencies below 1 kHz and then increase exponentially to half the sampling frequency. A practical relationship commonly used is to use 8 filters per octave, resulting in the application of 24 filters for telephone signals and 40 filters for microphone signals. From each frame it is possible to extract the MFCCs by applying a decorrelation transform, the cosine transform (DCT), to the logarithm of the output magnitude of the Mel Filter Bank.  
Perceptual Linear Prediction Coefficients Feature extraction begins with the windowing of the speech segment given by a Hamming Window of length 20 ms. The DFT transforms each window of the speech segment to the spectral domain; the Fast Fourier Transform (FFT) is generally used. The real and imaginary component of the short-term spectrum of the signal are squared and summed to obtain the short-term power spectrum. The power spectrum is mapped from the spectral domain to the Bark frequency domain by means of the Bark Filter Bank. The mapped power spectrum is convolved with the power spectrum of a curve that simulates the critical bands of human hearing described in [3]; that discrete convolution tries to sample the critical bands of the power spectrum in intervals of approximately 1 bark. A cubic root compression of amplitude is performed to simulate the non-linear relationship between the intensity of the sound and the perception of its tone. The last operation of the PLP analysis consists in the approximation by LPC of the cubic root compression. The autoregressive coefficients obtained, can be transformed to another set of parameters such as the cepstral coefficients. 
Relative Spectral Technique (RASTA) The Relative Spectrum methodology (RASTA) is a transformation applied to the acoustic features of the observed speech signal developed by H. Hermansky et al. [9] that aims to strengthen the PLP (and possibly other spectral representations of short duration) to linear spectral distortions caused by the communication channel. It is then, RASTA, a channel normalization technique implemented in the form of a cepstral filter. This methodology manages to improve the accuracy of the spectral representations of speech signals when the training data and the data to be recognized are obtained from different microphones or channels [4].

2.3 Kaldi
Kaldi is a set of free and open source tools, developed by Daniel Povey et al. [5] for research in ASR area. Kaldi allows to build ASR systems through a series of well  documented shell command routines. ASR systems in Kaldi are based on weighted finite state transducers (WFST) that optimize training and decoding processes. 

2.4 Experiments
In order to evaluate the impact, of the chosen acoustic feature, on the effectiveness of an ASR task we decided to measure the WER obtained by several ASR systems facing different decoding scenarios for the acoustic features MFCC and PLP. The systems used in the experimentation were trained over the same training set, with the same Language Model (LM) and on the same set of test data; but in each system a new Acoustic Model (AM) and a transformation in the feature space was tested. This procedure was carried out for both acoustic features of interest to this investigation: MFCC and PLP. 
This will allow knowing if one or both acoustic features of interest enhance the performance of the ASR systems used in the experimentation. We have used a sequential approach in the conception of systems, taking advantage of the possibility offered by the ASR systems based on WFST to start the training of a new AM with the word lattices of an already trained AM.
Figure 1 shows the AM, the feature space transformation applied and the AM building sequence. The systems referred in figure 1 share the same 3-gram LM, and it shows also the acoustic features extraction process. 
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Fig 1. ASR systems.
For MFCC computation, a Mel Filter Bank with 40 filters (8 filter per octave) was used, discarding the value of the energy of the frame for a total of 13 coefficients. In the extraction of PLP, the Bark Filter Bank proposed was Feature Selection for Automatic Speech Recognition in Noisy Scenarios 5 replaced by a Mel Filter Bank with 40 filters (8 filters per octave), with a linear predictor order equal to 12 and a total of 13 PLP coefficients. The name of each system says the type of AM it uses: 
– mono: monophonic HMM-GMM.
– tri1: triphonic HMM-GMM.
– tri2: triphonic HMM-GMM.
– tri3: triphonic HMM-GMM, trained using speaker adaptive training.
 – sgmm: HMM-SGMM.
– sgmm + mmi: HMM-SGMM, trained by Maximizing Mutual Information.
– dnn: hybrid HMM-DNN.
– comb: combined architecture of dnn and sgmm + mmi systems.

 TC-STAR corpus
The TC-STAR project, funded by the European Commission, represents a longterm effort focused on advanced research in language technologies such as ASR, automatic speaker recognition, automatic speech translation and speech synthesis [6]. 






Table1. TC_STAR_USED corpus description.

The TC-STAR recordings used in the experimentation, which we will call from now TC_STAR_USED, correspond to sessions of the European Parliament or sessions of the Spanish Court where the announcers just speak in Spanish. Criterion 90-10 was followed for the creation of training and test sets; where the training data consists of a set of recorded sessions corresponding to 90% of the total time (including silences) of the TC_STAR_USED data and the remaining 10% test data. Table 1 provides a summary of the characteristics of TC_STAR_USED. The format of the audio files is the standard RIFF (.wav) encoded PCM, 16 bits signed, at 16 kHz without compression 

Noise Database and Fant tool-kit
We used a noise database and a tool to simulate noisy conditions with different signal-to-noise ratio (SNR) levels in the TC_STAR_USED test set, to evaluate the impact of the selection of MFCC or PLP in a system of ASR over the WER in noisy scenarios and in this way compare the robustness of the acoustic features to different levels of noise. The noise database selected in this research has been DEMAND for more detail see description in [7]. The selected tool to simulate the audio files of the test data of the TC_STAR_USED database with the noises of the DEMAND database was FaNT - Filtering and Noised Adding Tool [8].This tool allow us to add noise to speech sessions recorded with a desired SNR. The recordings to be used are re-sampled at 16 kHz.

3. Results and discussion
In this section the proposed experimentation scenarios will be described. To simulate noisy scenarios we used the two sets of the DEMAND noise database and Fant creating two data sets with both sets of noisy signals: TC_STAR_IN_DOOR and TC_STAR_OUT_DOOR. Both scenarios are composed of all the samples of the TC_STAR_USED test data simulated with a random selection of all interior or exterior stage noise. The level of the SNR with which the speech signals were simulated varied randomly in a range of 5-15 dB.

3.1 MFCC vs. PLP
The experimentation consisted of measuring the WER of the systems created when we obtain the transcription of the test data in the three proposed scenarios. As a base line of experimentation we will take the WER obtained in the decoding of TC_STAR_USED scenario shown in Table 2. The error types deletion (DEL), substitution (SUB) or insertion (INS) of words are referred in percentages to observe the distribution of the types of errors. A behaviour of possible generalization to both groups of systems is the decrease of the WER as the AMs become more complex. This behaviour is not of much interest because it is due more to the improvements introduced by the new AM than to an impact on the WER due to the selection of a type of acoustic feature. Another possible generalization, due to the small difference in the WER (less than 1%) of systems with equal AM but based on different acoustic features, it would be the fact that in low noise scenarios the selection of MFCC or PLP as an acoustic feature to be used by the system does not offer a considerable impact on the WER obtained in the decoding.
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Table2. WER for TC_STAR_USED.

Table 3 shows the difference between the WER obtained by the systems based on MFCC and those based on PLP. The general behaviour of the differences is to increase proportionally with the intensity of the existing noise in the scenario. This behaviour can be used as evidence in favour of the selection of MFCC as an acoustic feature to be used in noisy scenarios.
[image: ]Table3. WER difference between MFCC & PLP for all scenarios.

Temporary and storage efficiency
Table 2 and Table 3, offer information about the WER obtained by the systems in the different decoding scenarios. This information is very valuable for the objectives proposed in this investigation; but we would like to complement it with the times consumed by each ASR process, shown in Table 4. These times were realized in a laptop with operating system Linux Mint 18 ”Sarah”, with microprocessor Intel Core i3-380M @ 2.53 GHz x 4 y 2 GB of RAM. The most important conclusion derived of Table 4 is the higher efficiency of the PLP-based systems on the MFCC in Kaldi.










Table 4. Temporal Cost 
 One consideration to keep in mind when reading the data in Table 4 is that the decoding times are the most important, since the training of the models is totally independent of the decoding process. Both acoustic features, due to the need to evaluate their performance depending on the approach they use, and the applied linear transformations were used with identical configurations and thus the memory requirements they impose are also identical.

4. Conclusions
The research presented arrived at the following empirical generalization: the MFCC are more robust acoustic features than the PLP coefficients before the task of the ASR in the presence of noise. The main conclusions of the investigation are:
· The MFCCs are more robust to the task of the ASR in the presence of noise than the PLP coefficients, but offer similar WER facing the task of the ASR in scenarios without noise or low level noise. 
· PLP coefficients allow faster training and decoding in ASR systems than MFCC.
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								Training data		Test data		Total

						Sessions		17163		1908		19071

						Word		241413		33492		274905

						Unique Words		15722		4178		19900
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