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Abstract. The paper presents a new algorithm for efficient compression of 
front-end feature extracted parameters used in distributed speech recognition 
systems (DSR). In the proposed method the source encoder is mainly based on 
discrete time Fourier series (DTFS) by interpolation using Fourier coefficients 
with conventional vector quantization. The system provides a compression bit 
rate as low as 4 kbps; the experiments were carried out on the TIDigits Aurora2 
database [1]. The simulation results show good recognition performance with-
out dramatic change comparing with ETSI STQ-AURORA standard front-end 
feature compression algorithm with quantized features at 4.4 kbps [2].  

Keywords: Distributed speech recognition, Vector quantization, Discrete time 
Fourier series, Aurora2 database.  

1 Introduction 

The growth in wireless communication and mobile devices has supported the devel-
opment of distributed speech recognition systems. Being developed and standardized 
by ETSI [2]. The basic idea of DSR consists of using a local Front end (FE) from 
which speech features are extracted and transmitted through a data channel to a  
remote Back end (BE) or remote server recognizer. The speech features used for rec-
ognition are the first 12 mel frequency cepstral coefficients (MFCCs) (c1-c12), the 
zeroth cepstral coefficient (c0) and the log energy (log E) in the frame. The 14-
dimentional feature vector is split into seven sub vectors; each of the sub vectors is 
encoded with a different 2-dim VQ. 

The standard computes a feature vector every 10ms and allocates 44 bits to each 
vector to achieve a total bit rate of 4400 bps [2]. The number of bits allocated to each 
sub vector is shown in Table 1; with 8 bits are allocated to the (c0-log E) sub vector 
and 6 bits are allocated to the rest of each sub vector. 

The Aurora 2 database consists of connected digit sequences for American English 
Talkers. It provides speech samples and scripts to perform speaker independent 
speech recognition experiments in clean and noisy conditions. This database has been 
prepared by down sampling to 8 kHz, filtering with the G.712 characteristic; noise is  
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Table 1. Bits allocation used by Aurora 

Sub-vector c1, c2 c3, c4 c5, c6 c7, c8 c9, c10 c11, c12 c0, log E 

Bits allocated 6 6 6 6 6 6 8 

artificially added to the filtered TIDigits at a desired SNR (clean, 20, 15, 10, 5, 0, -
5dB) and eight different noise conditions - Subway - Babble - Car - Exhibition hall – 
Restaurant - Street - Airport - Train station. Furthermore, a full description of the 
Aurora2 database is given in [1]. 

Various schemes for compressing the MFCC vectors have been proposed in the li-
terature. Among these methods are the coding based on discrete cosine transforms 
(DCT) [3] [4], another method that uses the predictive vector quantization [5]. Also, 
by analysis the statistical properties of the MFCC vectors a series of quantization 
schemes have been described in [6].            

In this paper we have derived an interpolation method which operates in discrete 
time Fourier series domain (DTFS). This transform is widely used in signal 
processing such as spectral analysis and filter design.  

In the proposed algorithm we exploit the temporal correlation characteristic be-
tween consecutive MFCC vectors extracted at regular period and transformed into 
DTFS domain, suggests that we do not have to transmit every spectral component 
(magnitudes and phases) of MFCC vector to the decoder; instead, we could transmit 
only one part of the spectral component at regular interval. However, at the decoder, 
the non transmitted spectral component could then be derived by means of linear in-
terpolation from the adjacent components.  

2 Overall Description of the Algorithm 

At the client side, speech is first segmented into frames; features are computed for 
each frame of 10 ms. As shown in figure 1 a normalized DTFS is performed and con-
verted to the polar form with N=14 (c1,…, c12, c0, log E) and k=0, …, N/2, where the 
phase spectrum is discarded according to the following equations [7] [8] and [9]: 
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The polar components are S= (s0, s1,… , s7 ) and Φ= (φ0, φ1,…, φ7 ). Since the equa-
tion (2), for k=0, we can demonstrate that φ0 = 0. For the set of two successive feature 
vectors MFCCn and MFCCn+1 we transmit both phase and amplitude spectra for 
MFCCn and just the phase spectrum for MFCCn+1. 
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Fig. 1. DTFS transforming and quantization block 

The choice to transmit the phase instead of the amplitude in the case of  MFCCn+1 

is approved by an experiment with comparing the SNRs average (sets A, B and C) for 
interpolated DTFS components without quantization; as shown in figure below for the 
following cases: 1) Both amplitude and phase interpolation. 2) Amplitude interpola-
tion. 3) Phase interpolation. 
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Fig. 2. SNR measurements average without quantization 
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The SNRs average for the case of amplitude interpolation shows a greatest value 
comparing with the two other cases. We have also compared the SNRs average be-
tween interpolated amplitude spectra and Aurora encoder [2]. It can be seen from 
figure 3 that the SNR degrees in the case of amplitude interpolation are higher than 
the Aurora encoder for the first four coefficients (c1-c4) and are decreasing from the 
coefficient c5; for (c0, log E) the values are smoothly increased comparing with Au-
rora encoder. As it is well known that the lower feature coefficients provide the great-
est contribution to the recognition performance [10]; therefore a DTFS transform with 
amplitude interpolation can lead to a minor influence in the recognition performance. 
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Fig. 3. SNR measurements average comparing with aurora encoder 

In the quantization step, for two successive MFCC vectors the amplitude spectrum 
vectors (s0, s1,… , s7 ) are encoded using split vector quantizer SVQ with the same 
codebooks, in which each vector is split equally into four sub-vectors and each one is 
quantized using its own VQ codebook trained with LBG algorithm [11] with code-
books of size 128 each.    

The phase spectrum (φ1,…, φ7 ) is encoded using SVQ quantizer in which the vec-
tor is split into three sub vectors of ranks 2, 2 and 3 respectively, with codebooks of 
size 256 each in the case of 3.8 kbps and 512 each in the case of 4.1 kbps. 

The reason to choose more bits for encoding the phase of Fourier transform coeffi-
cients than encoding of spectral amplitude it’s proved in reference [12]. The Table 2 
shows the bits allocation for both cases of 3.8 and 4.1 kbps.  

The decoding process at the back end consists of the inverse operations of the en-
coding in reverse order. However, the non-transmitted spectral component could then 
be derived by means of linear interpolation from adjacent components by: 
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Table 2. Bits allocation at 3.8 & 4.1 kbps 

  Bits allocation at 3.8 kpbs Bits allocation at 4.1 kpbs 
Polar form Sub-vector MFCCn  MFCCn+1  MFCCn MFCCn+1 

Phase 
(φ1, φ2) 8 8 9 9 
(φ3, φ4) 8 8 9 9 

(φ5, φ6, φ7) 8 8 9 9 

Amplitude 

(s0, s1) 7 - 7 - 
(s2, s3) 7 - 7 - 
(s4, s5) 7 - 7 - 
(s6, s7) 7 - 7 - 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Fig. 4. DTFS de-quantization and interpolation block 

3 Recognition Results 

The experiments were carried out on the TIDigits Aurora corpus (sets A, B and C) 
with MFCCs extracted using the Aurora2 front-end [2] for both multi-condition and 
clean trainings. In the figure 5 we compared the SNR results for the following cases: 
• Aurora encoder working at 4.4 kbps [2]. 
• Proposed DTFS working at 3.8 kbps. 
• Proposed DTFS working at 4.1 kbps. 
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SNR average for test set A, B and C (Quantized features)
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Fig. 5. SNR measurements average with quantization 

It can be noticed a minor degradation from SNR levels after quantization; but for 
the first five MFCC coefficients we got an acceptable SNR values comparing with 
Aurora encoder. We note likewise when comparing (c0, log E). 

The recognition were done using HTK 3.4 speech recognizer [13] to the coded 
MFCCs, while the c0 and log E coefficients are both used in the recognition task; 
however, the results are compared for both compressed and uncompressed Aurora 
recognition.  

In order to confirm our alternative the recognition accuracies average were firstly 
preformed on the uncompressed  DTFS features, the Tables 3 and 4 show that trans-
mitting DTFS coefficients with amplitude interpolation can lead to the good recogni-
tion performance.  

Table 3. Recognition Accuracies in multi condition (uncompressed features) 

 Test set A Test set B Test set C 

Aurora 89.60 88.31 86.24 

Aurora encoding 89.58 87.91 85.30 
Amplitude interpolation 89.02 88.00 85.56 
Phase interpolation 80.09 78.13 80.60 

Amplitude & phase interpolation 79.56 77.84 79.81 

Table 4. Recognition Accuracy in clean condition  (uncompressed features) 

 Test set A Test set B Test set C 

Aurora 67.62 62.96 71.62 

Aurora encoding 66.65 62.29 69.80 
Amplitude interpolation 66.92 62.31 70.46 
Phase interpolation 57.63 52.36 65.41 

Amplitude & phase interpolation 57.49 52.40 64.62 
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We can see from Table below, in comparison with the compressed Aurora features, 
the proposed DTFS encoder with amplitude interpolation working at 3.8 and 4.1 kbps 
maintains the same word level accuracies in the case of multi-condition, and the rec-
ognition accuracies are slightly inferior in the case of clean-condition.  

Table 5. Word accuracy average (SNR: 0-20 dB), for test Sets A,B and C 

 Set  Training mode Aurora standard Aurora at 4.4 kbps DTFS at 3.8 kbps DTFS at 4.1 kbps 

A 
Clean 67.62 66.65 65.70 65.70 
Multi 89.60 89.58 88.70 88.69 

B 
Clean 62.96 62.29 61.07 61.15 
Multi 88.31 87.91 87.49 87.54 

C 
Clean 71.62 69.80 68.90 69.17 
Multi 86.24 85.30 85.22 85.34 

 
The experiment results show that the proposed algorithm at low bit rates slightly 

affect the final speech recognition accuracy only by less than 1% , so there is no sig-
nificant difference in term of recognition accuracy.  

4 Conclusion 

The proposed algorithm working on DTFS domain focuses on reducing bit rate lower 
than 4 kbps; generally this encoder maintains the recognition performance without 
dramatic change comparing with Aurora encoder, with relatively more computational 
cost.  

Also, the proposed technique can be extended to compress another kind of parame-
ters that highly correlated with each other like LPC coefficients. Further work will 
involve improving both computational cost by proposing a new quantization tech-
niques for the DTFS coefficients and recognition performance. 
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