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Abstract
This study proposes a polynomial based feature transferring
(PFT) algorithm for acoustic feature conversion. The PFT pro-
cess consists of estimation and conversion phases. The estima-
tion phase aims to compute a polynomial based transfer func-
tion using only a small set of parallel source and target features.
With the estimated transfer function, the conversion phase con-
verts large sets of source features to target ones. This study
evaluates the proposed PFT algorithm using a robust automatic
speech recognition (ASR) task on the Aurora-2 database. The
source features were MFCCs with cepstral mean and variance
normalization (CMVN), and the target features were advanced
front end features (AFE). Compared to CMVN, AFE provides
better robust speech recognition performance but requires more
complicated and expensive cost for feature extraction. By PFT,
we intend to use a simple transfer function to obtain AFE-like
acoustic features from the source CMVN features. Experi-
mental results on Aurora-2 demonstrate that the PFT generated
AFE-like features that can notably improve the CMVN perfor-
mance and approach results achieved by AFE. Furthermore, the
recognition accuracy of PFT was better than that of histogram
equalization (HEQ) and polynomial based histogram equaliza-
tion (PHEQ). The results confirm the effectiveness of PFT with
just a few sets of parallel features.
Index Terms: acoustic feature conversion, feature transforma-
tion, robust feature extraction, robust speech recognition.

1. INTRODUCTION
In recent years, advances in acoustic event [1, 2], music [3–5],
and speech [6, 7] recognition have led to a wide range of main-
stream applications. For these applications, feature extraction
schemes play a critical role for optimizing performance. Suit-
able acoustic features should be representative of audio sig-
nals and robust to distortions caused by environments or acous-
tic devices [8–10]. For previous feature extraction techniques,
high performance can be achieved, but often at high computa-
tional cost or requiring authorization. Therefore, we propose
a PFT algorithm to enable ASR deployment with limited re-
sources while allowing flexible conversion between different
types of acoustic features. Using the PFT algorithm, higher
quality acoustic features can be obtained from standard features
without a complex feature extraction procedure.

The concept of acoustic feature conversion has been previ-
ously used in robust automatic speech recognition (ASR) [11]
and voice conversion (VC) [12]. For robust ASR, a class of

approaches design a model to characterize the mismatch be-
tween the training and testing speech features. The model is
computed based on some optimality criterion and is used to
compensate testing features for handling the mismatch to thus
improve recognition accuracy. Notable examples include the
codeword dependent cepstral normalization (CDCN) algorithm
[13], cepstral mean and variance normalization (CMVN) [14],
histogram equalization (HEQ) [15], polynomial-fit histogram
equalization (PHEQ) [16] and the stereo-based piecewise linear
compensation environments (SPLICE) technique [17]. Simi-
larly, feature-space maximum likelihood linear regression (fM-
LLR) [18] and feature space minimum phone error (fMPE) [19]
calculate transformations to compensate noisy features based on
the maximum likelihood (ML) and MPE criteria, respectively.
VC is another successful application of acoustic feature conver-
sion. The goal of VC is to transform a source speaker’s voice
to that of a specific target speaker [12, 20, 21]. Gaussian mix-
ture model (GMM) are widely used to model the conversion of
two speakers. The mapping process is performed by the min-
imum mean-square error (MMSE) [20], maximum likelihood
(ML) [21], or maximum mutually information (MMI) [22] cri-
teria.

The PFT algorithm provides two distinct features that are
different from the previous acoustic feature conversion ap-
proaches. First, PFT does not assume a model, such as code-
book, GMM, or HMM, but rather designs a polynomial based
transfer function to directly convert the source features to tar-
get ones. Second, the goal of PFT is to convert different types
of acoustic features, such as from Mel-frequency cepstral co-
efficients (MFCC) to advanced front end features (AFE) [23]
or to an even more complex feature type. A direct extraction
of large amounts of exquisite acoustic features can require high
computational cost and may not be accessible for ASR systems
with limited resources. Therefore, PFT provides a feasible so-
lution to overcome these limitations. The PFT process consists
of estimation and conversion phases. The estimation phase first
prepares the same speech utterance but with a small set of par-
allel source and target features generated from two distinct fea-
ture extraction algorithms. Then, a polynomial based transfer
function is estimated by the parallel feature set using the mean
square error (MSE) criterion. In the conversion phase, large
sets of source features are converted to target ones using the
estimated transfer function.

To evaluate the proposed PFT algorithm, we conducted a ro-
bust speech recognition experiment using the Aurora-2 database
[24,25]. In our experiment, MFCC-based CMVN feature is ap-



plied as the source feature and AFE as the target feature. The
polynomial based transfer function is estimated using a small
set of parallel CMVN and AFE features. With the estimated
transfer function, a large set of CMVN features are further con-
verted into AFE-like features. Recognition results show that
the PFT generated AFE-like features can notably improve the
CMVN performance and approach results achieved by AFE.
The recognition accuracy of PFT performed better than other
methods for feature transfer such as HEQ and PHEQ.

The remaining sections are arranged as follows. Section
2 briefly introduces conventional HEQ and PHEQ algorithms.
The details of the proposed PFT is shown in section 3. Exper-
imental results and analyses are listed in section 4. Section 5
shows our conclusions.

2. HISTROGRAM BASED
EQUALIZATION

In this section, the HEQ and PHEQ are introduced. HEQ is
constructed by a mapping function and proved to have better
performance with a simple table lookup algorithm. However,
the table lookup algorithm uses a large amount of volume to
preserve all the parameters. Therefore, PHEQ is proposed to
solve this issue. By applying polynomial function to approxi-
mate the mapping function, the PHEQ can efficiently save the
parameter number and volume. The following subsections will
briefly introduce the HEQ and PHEQ algorithms.

2.1. Histrogram Equalization

The HEQ technique normalizes the probability distribution
function (PDF) of both training and testing acoustic features
into a common referenced distribution. The referenced PDF
can be obtained from the target feature or any other well-defined
PDF such as normal distribution. By viewing a source feature
sequence s = {s | s ∈ s1, s2, · · · , sN}, where N is the to-
tal frame number, as a random variable S with PDF FS(s), the
HEQ applies the mapping function in eq. (1) to transfer the
source feature sequence to the referenced/target speech feature
{t1, t2, · · · , tN} through the referenced PDF Fref (·).

ti = F−1
ref (FS(s)), 1 ≤ i ≤ N. (1)

2.2. Polyminal-Fit Histrogram Equalization

Based on HEQ, PHEQ applies a polynomial function with
degree-R to approximate the mapping function.

ti = F−1
ref (FS(s))

= a0s
0 + a1s

1 + · · ·+ aRs
R

=

R∑
r=1

ars
r,

1 ≤ i ≤ N, s ∈ s1, s2, · · · , sN ,

(2)

where a = {a0, a1, · · · , aR} are coefficients for a polynomial
function. The coefficients of a polynomial function can be de-
rived by minimizing mean square error (MMSE) algorithm as
show in eq. (3).
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Figure 1: The overall procedure of the proposed PFT frame-
work.

3. POLYNOMIAL BASED FEATURE
TRANSFERRING

The overall PFT framework is illustrated in figure 1, which con-
sists of estimation and conversion phases. In the estimation
phase, we prepare a small set of parallel source (SE in figure
1) and target (TE in figure 1) acoustic features. By using this
set of parallel features, a polynomial based transfer functions is
estimated. In the conversion phase, we convert the source fea-
ture set, SC , to target features, TC , using the estimated transfer
function. In what follows, we introduce the two phases of PFT
in more detail.

3.1. Estimation Phase

As shown in figure 1, the estimation phase first prepares a pair
of source and target feature sets extracted from the same speech
utterances with two distinct feature extraction algorithms. We
will refer to the set of paired source and target features as the
estimation data set in the PFT framework. Then, the source
and target feature sets are concatenated into two large matrices,
SE ∈ RNS×D and TE ∈ RNT×D , respectively, where NS

and NT are the total frame numbers for SE and TE ; and D is
the dimension of each feature vector. For the d-th dimension
in SE and TE , we have two long vectors SE,d ∈ RNS×1 and
TE,d ∈ RNT×1. Then, we applied SE,d and TE,d to estimate
a transfer function, Φd(·), such that

TE,d = Φd(SE,d), d = 1, 2, · · · , D. (4)

However, an issue arises that must be handled in advance: the
lengths of the two feature sequences may be unequal (NS 6=
NT in eq. (4)). To handle this issue, we adopt the dynamic
time warping (DTW) while assuming that the feature pairs
{SE ,TE} and {SC ,TC} have similar acoustic structures.

3.1.1. Dynamic time warping

The DTW technique is applied to align the frame length of two
features, SE and TE .

{S̃E , T̃E} = DTW (SE ,TE), (5)

where S̃E ∈ RNW×D and T̃E ∈ RNW×D are matrices of
length-normalized source and target features, both containing
NW feature frames. Based on the eqs. (4) and (5), we have

T̃E,d = Φd(S̃E,d), (6)

where S̃E,d ∈ RNW×1 and T̃E,d ∈ RNW×1, and S̃E,d and
T̃E,d are the d-th column of S̃E and T̃E , respectively.



3.1.2. Transfer function estimation

The transfer function, Φd(·), can be modelled by any partic-
ular parametric function, either linear or non-linear. In this
study, a polynomial function with the parameters set Pd =
[ϕd,0 ϕd,1 · · ·ϕd,R]

′ is adopted for the transfer function Φd(·).
Then, eq. (6) can be represented as

T̃E,d = Φd(S̃E,d)

= QS̃,dPd,
(7)

where

QS̃,d =

(s̃E,d[1])
0 · · · (s̃E,d[1])

r · · · (s̃E,d[1])
R

...
...

...
(s̃E,d[nW ])0 · · · (s̃E,d[nW ])r · · · (s̃E,d[nW ])R

...
...

...
(s̃E,d[NW ])0 · · · (s̃E,d[NW ])r · · · (s̃E,d[NW ])R


,

R represents the degree of the polynomial function, and
s̃E,d[nW ] represents an element belonging to the d-th dimen-
sion and nW -th frame of the S̃E feature. To estimate the pa-
rameter set Pd in eq. (7), the entire set of parallel source and
target estimation data is used by minimizing the sum of squared
error. The objective function is shown in eq. (8).

P̃d = argm
P̃d

in{||T̃E,d −QS̃,dP̃d||2} (8)

The solution of eq. (8) is provided in eq. (9):

P̃d = (Q′S̃,dQS̃,d)
−1Q′S̃,dT̃E,d, (9)

where the superscript, ′, represents the transpose operation and
(·)−1 is an inverse operation of the matrix.

More details about the MSE for a polynomial function Φd(·)
can be found in [16, 26].

3.2. Conversion Phase

As demonstrated in figure 1, the conversion phase of PFT con-
verts the source features to form the target-like ones. We call
the source features in this phase the conversion data set in the
PFT framework. To perform conversion, we first concatenate
the entire set of conversion data into SC ∈ RNC×D , where
NC is the total frame number. The Φd(·) in eq. (6) is then
applied for feature conversion.

For the d-th row in SC , we have SC,d ∈ RNC×1. Then the
estimated Φd(·) (from eq. (6)), is used to perform conversion
by

TC,d = Φd(SC,d), d = 1, · · · , D (10)

where TC,d, d = 1, · · · , D denotes the converted target fea-
tures. Based on TC,d, we obtain the converted features TC ∈
RNC×D .

4. EXPERIMENTS
This section introduces the experimental setup and results. A
robust ASR experiment was conducted on Aurora-2 to evaluate
the proposed PFT algorithm. Word error rate (WER) is used
to evaluate the performance. Lower WER represents a better
recognition result.

4.1. Experimental Setup

Aurora-2 is a standard noise-robust speech recognition task.
The original clean speech material in the Aurora-2 database
was acquired from the TIDIGITs corpus [27]. Noisy training
data was generated by artificially adding noise instances into
the clean data. There are three test sets in Aurora-2: Sets A, B,
and C. Noisy speech data in Set A and Set B were contaminated
by eight distinct additive noises, and noisy speech data in Set
C were distorted by two additive noises with additional chan-
nel interference. The noise instances were added to the clean
speech at six SNR levels (-5 dB, 0 dB, 5 dB, 10 dB, 15 dB,
and 20 dB). Finally, there are 70 specific test conditions. Two
training sets were provided by Aurora-2: clean- and multi- con-
dition training sets. The clean-condition training set includes
8,440 clean speech utterances, and the multi-condition training
set includes the same 8,440 utterances artificially contaminated
by the same four types of noise as those used in Set A, at 5 dB,
10 dB, 15 dB, and 20 dB, along with the clean speech data. In
this paper, the multi-condition training set along with a complex
back-end model topology [28] suggested in [29] was adopted to
train acoustic models. The acoustic models include 11 whole
word digit models with silence and short pause models. Each
digit model was characterized by 16 states, with 20 Gaussian
mixture components per state. Silence and short pause models
are characterized by three and one states, respectively, both with
36 Gaussian mixture components per state.

In the experiment, we designed the CMVN features based on
MFCCs (denoted as CMVN for simplicity) as the source feature
and AFE as the target feature. Previous studies have reported
that AFE provides high-level recognition performance, with no-
tably better performance than CMVN in Aurora-2 [22,24]. This
study intends to verify the effectiveness of PFT by converting
CMVN features to AFE ones. First, we prepared a set of train-
ing data consisting of parallel CMVN and AFE features gener-
ated from the same utterances. Then, we extracted the CMVN
features for the entire training and testing sets in Aurora-2. By
estimating a polynomial-based transfer function, CMVN fea-
tures for both training and testing sets were converted to gener-
ate AFE-like features. Furthermore, the same utterances were
applied to the HEQ technique as the sample set of a random
variable with referenced PDF. Next, the referenced PDF is ap-
plied to both training and testing sets to retrieve the HEQ-based
AFE-like features. Both PFT and HEQ generated AFE-like fea-
tures corresponding to training and testing sets, respectively,
and were then used to train acoustic models and test recogni-
tion.

Finally, utterances, which were prepared for the parallel
CMVN and AFE features were collected by a random selection
from the training sets that evenly covered the four noise types,
four SNRs plus clean condition, and two genders. The DTW in-
troduced in Sections 3 was implemented. For both CMVN and
AFE, each feature vector contains 39 components including 13
dimensional statistic features, and their first- and second-order
dynamic features.

4.2. Experimental Results and Analysis

We first applied 40 utterances as the estimation set for PFT and
show the recognition results under different polynomial degrees
in figure 2. Each WER result in figure 2 represents the average
result over test Sets A, B, and C over 0- to 20 dB SNRs in
Aurora-2. Several degrees of the polynomial function (P̃d in
eq. (6)) were evaluated. From figure 2, the WER result using
degree 3 was optimal while degree 5 produced similar perfor-



mance. However, WER increased when a higher degree was
used, suggesting that using too many parameters in the poly-
nomial functions can cause over-fitting. Based on figure 2, we
select the polynomial function of degree 3 for the PFT technique
in the following experiments.
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Figure 2: WER (%) of PFT using various polynomial degrees.

Table 1 shows the detailed WER results on the three test
sets obtained using the PFT-converted features. The number
of parallel training utterances was 40. The PFT process was
performed by using a polynomial of degree 3. In addition, the
results achieved using the original CMVN and AFE features
are also listed for comparison. The results of Sets A, B, C, and
overall (denoted as Avg.), over 0- to 20 dB SNRs are shown in
Table 1. In addition, the recognition results of CMVN and AFE
is also listed to consider lower and higher bounds, respectively.

Table 1: WER (%) for various test Sets in Aurora-2
Set Set A Set B Set C Avg.

CMVN 6.87 7.50 7.31 7.21
PFT 6.64 7.13 6.73 6.86
AFE 5.86 6.65 7.06 6.42

From Table 1, The PFT process provides better results than
CMVN for three test sets, with a significant 4.85% WER re-
duction (from 7.21% to 6.86%). The results indicates that the
robustness of the PFT-generated features is notably improved.
Moreover, if we consider the AFE result to be the performance
upper bound, the improvement by PFT is 44.30% (from 0.79
to 0.44), where 0.79 = 7.21 − 6.42 (CMVN to AFE) and
0.44 = 6.86 − 6.42 (PFT to AFE). The result confirms the
effectiveness of PFT on feature conversion to robust ASR.

Furthermore Table 1 shows PFT outperforms AFE in Set
C. The result suggest the mean and variance normalization in
CMVN can effectively handle the channel interferences so that
the advantages of source features may be retained in the PFT
converted features. Future studies will be conducted to investi-
gate this direction further.

Recognition results of the proposed PFT were also compared
with those of HEQ and PHEQ, since these methods are also
based on designing mapping functions. For HEQ, PHEQ and
PFT, various utterances (40, 80, 180 and 8440 (denoted as “All”
in the following description)) randomly selected from noisy
training set in Aurora-2 are provided to obtain the polynomial
functions for PHEQ and PFT, and referenced distribution for
HEQ. To compute the PFT transfer function, parallel CMVN
and AFE features extracted from each selected utterances were
used for estimating polynomial coefficients of a polynomial
function. The polynomial function is further applied to transfer

the CMVN features of all Aurora-2 training and testing sets into
AFE-like features, and then these features were used to obtain
the recognition results. Four different polynomial functions are
obtained, so therefore four distinct recognition results are gen-
erated. In addition, each of the selected utterances were used to
extract the AFE features. Similar to PFT, the parallel CMVN
and AFE features extracted from the selected utterances were
used to get the polynomial function for PHEQ and referenced
distribution for HEQ; then, the polynomial function and the ref-
erenced distribution were applied to obtain the PHEQ-based and
HEQ-based AFE-like features, respectively. The recognized re-
sults for all algorithms and utterance sets are shown in figure
3. The recognized results for the three algorithms and utterance
sets are shown in figure
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Figure 3: WER (%) of PFT using several estimation utterances.

Figure 3 shows the performance of PFT was better than both
HEQ and PHEQ under all different developing sets. In addi-
tion, the recognition results of HEQ were all better than those
of PHEQ, implying that the polynomial function of degree 3
used by PHEQ can only provide a rough approximation of the
mapping function used by HEQ. The results of PFT, PHEQ and
HEQ algorithms show consistent performance under various es-
timation set. According to the figure, PFT, PHEQ and HEQ
algorithms can be operated with less estimation utterances.

5. CONCLUSION
This study proposes the PFT algorithm for acoustic feature con-
version via a polynomial based transfer function obtained by
MMSE. Results showed the degree of the polynomial function
could be optimized for robust speech recognition on the Aurora-
2 task. The PFT converted features achieved better recognition
results compared to CMVN and was able to approach AFE per-
formance using only a few parallel training utterances. Further-
more, PFT outperformed AFE on test sets with channel inter-
ference, suggesting the advantages of CMVN features can be
retained in order to reduce channel distortions. With just a few
estimation utterances, PFT outperformed other methods based
on designing mapping functions such as HEQ and PHEQ.

The PFT algorithm can also be used with other transfer func-
tions, optimality criterion, or even classification methods to
transfer features more precisely. Due to the simple and flexi-
ble feature conversion of the PFT algorithm, alternative pairs of
acoustic feature types can be applied in addition to CMVN and
AFE in future studies.
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