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This study presents a maximum a posteriori (MAP) based perceptual modeling ap-

proach to deal with the issue of recognition degradation in noisy environment. In this 
approach, MAP-based noise detection is first applied to identify the noise segment in an 
utterance. Subtractive-type enhancement algorithm with masking properties of the hu-
man auditory system is then used to reduce the noise effect. Finally, MAP-based incre-
mental noise model adaptation is developed to overcome the model inconsistencies be-
tween training and testing environments. For performance evaluation of the proposed 
approach, a Mandarin keyword recognition system was constructed. The experimental 
results show that the proposed approach achieves a better recognition rate compared to 
the audible noise suppression (ANS) and parallel model combination (PMC) methods. 
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1. INTRODUCTION 
 

Robust speech processing plays an essential role in the development of human ma-
chine communication interface and has a wide range of applications in multi-modal/ 
multi-media systems, mobile communication, car navigation systems, etc. In recent years, 
automatic speech recognition technologies have achieved promising performance. Un-
fortunately, while these systems are exposed to noisy environments, the performance 
degrades rapidly. The observed speech signals are subject to be distorted or noisy. For 
example, in car environment, these kinds of unwanted signal or interferences range over 
the acoustic background noise, radio-channel interference, vibration, moving cars, fans, 
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etc. Therefore, accurate modeling of noise patterns with both the temporal and spectral 
characteristics is the key task in this field. 

Current research into noise reduction and distortion removal focuses on robust fea-
ture extraction, acoustic matching between training and recognition conditions, and 
speech enhancement [1-15]. Speech enhancement techniques in the front end intend to 
recover either the waveform or specific parameters of clean speech from noisy speech. 
This involves the transformation of noisy speech into as close an approximation of the 
training environment as possible. Spectral subtraction is a well-known family of en-
hancement algorithm. It attempts to estimate the short-time power spectrum of clean 
speech by explicitly subtracting noise estimation from the noisy speech assuming that the 
noise and speech are uncorrelated and additive. However, this method needs to be im-
proved since it has a major drawback: the enhanced speech contains a “musical residual 
noise” with an unnatural structure. This perceptually annoying noise is composed of 
tones at random frequencies and has an increased variance [1-6]. Some methods have 
been recently developed with human perception [7-10].  

Moreover, some model compensation methods have been developed to overcome 
the inconsistencies between training models and noisy input. The model parameters are 
trained and adapted in accordance with the noisy conditions. Parallel model combination 
(PMC) [11] is a representative approach. The noisy observation is modeled before rec-
ognition. However, for nonstationary noise modeled by hidden Markov models (HMMs), 
the optimal combination of speech and noise has to be done in the decoding stage. An-
other compensation method is Training Data Contamination [12]. The noise components 
experienced under test conditions are added to the training data in order to reduce the 
mismatch. 

In this paper, a MAP-based perceptual speech model is proposed to deal with the 
issues of model inconsistencies. MAP-based noise detection is applied to identify the 
noise segment for accurate noise estimation. The auditory masking effect in the human 
perception phenomenon and the MAP-based adaptation algorithm are used to incremen-
tally adapt the noise model for improving the recognition rate. 

The rest of this paper is organized as follows. The next section gives theoretical de-
tails of the proposed MAP-based perceptual modeling framework. Section 3 summarizes 
experimental results. Finally, section 4 draws conclusions and offers suggestions for fu-
ture works. 

2. MATERIALS AND METHODS 

The framework for MAP-based perceptual modeling approach is shown in Fig. 1. 
First, the noise is detected by MAP-based noise detection. For the noise segment, noise 
spectrum can be estimated and used to evaluate the auditory masking threshold. Then, an 
enhanced speech can be calculated using perceptual weighting based speech enhanced 
algorithm with auditory masking threshold and segment information. Incremental noise 
model adaptation is suitable for both recognition and verification of speech signals in 
noisy environment. 
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Fig. 1. The framework for MAP-based perceptual modeling approach. 

 
2.1 Perceptual Speech Enhancement 
 
2.1.1 MAP-based noise detection 

 
For a speech utterance S with Ls feature vectors, it can be segmented into a sequence 

of speech segments denoted as 
 

S = {s1, s2, …, sB+1},                                                (1) 
 
where B is the number of boundaries. Moreover, the corresponding speech type sequence 
Ns and position information of boundaries Rs can be denoted as 

1 2 3 1{ ,  ,  ,  ,  ,  },s s s s s s
B BN n n n n n += …                                      (2) 

and 

1 2 3{ ,  ,  ,  ,  },s s s s s
BR r r r r= …                                            (3) 

where 1 2 31 s s s s
B sr r r r L< < < < < <…  and 

s
in  is the speech type for speech segment si.  

s
in∀ ∈ N̂ 1

ˆ{ ,N= 2
ˆ ,N ˆ,  }KN…  in which 

ˆ
iN  is the i-th predefined speech type label and  

K is the number of speech types. The speech type is the classification of noise and speech. 
The noise detection can be estimated by MAP as shown below: 

( ,  ,  | ) ( )
max ( ,  ,  | ) max

( )

                                  max ( ,  ,  | )

                                  max ( | ,  ,  ) ( | ,  ) ( | ),

s s
s s

s s

s s s s s

P N R S B P B
P N R B S

P S

P N R S B

P S N R B P N R B P R B

=

≈
=

        (4) 
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where P(Rs
 | B) is the conditional probability of position information of boundaries, Rs, 

given the number of boundaries, B. P(Ns
 | R

s, B) is the conditional probability of speech 
type sequence, Ns, given Rs and B. P(S | N

s, Rs, B) is the conditional probability of speech 
utterance S given Ns, Rs, and B. 

Since there is no prior knowledge for boundary positions and no permutation of po-
sitions by the constraint, 1 2 31 ,s s s s

B sr r r r L< < < < < <…  a uniform distribution is con-
sidered to estimate the conditional probability, as follows: 

1
( | ) ,

2
s

s

P R B
L

B

=
− 

 
 

                                               (5)  

where 
2sL

B

− 
 
 

 means that Ls − 2 possible positions are taken B positions for speech  

segment boundaries. For the conditional probability, P(Ns
 | R

s, B), speech type sequence, 
Ns, is independent of the speech position information of boundaries, Rs. Thus, a multi-  
nominal distribution estimation of speech type sequence is adopted and shown as 

1 2 1

1 2 3 1

1 2 1
1 2 1

( | ,  ) ( | ) ( ,  ,  ,  ,  ,  | )

                      ( ) ( )  ( ) ,
,  ,  ,  ,  

s s s
B

s s s s s s s s
B B

s l l ls s s
Bs s s s

B B

P N R B P N B P n n n n n B

L
P n P n P n

l l l l
+

+

+
+

= =

 =  
 

…

…

…

           (6) 

where li
s is the number of feature vectors for the i-th speech segment, si. P(ni

s) is the 
probability that speech segment si is ni

s and used to represent the a priori probability of 
speech type. It can be estimated from the training corpus by maximum likelihood estima-
tion as 

( | )
( ) ,

( )
j j i

i
j

C s s n
P n

C s

∈
=                                               (7) 

where C(sj) is the frequency of segments in the training corpus and C(sj | sj ∈ ni) is the 
frequency of segments with speech type ni. According to the boundary number, B, and 
position information of boundaries, Rs, the speech utterance S can be divided into a seg-
ment sequence S = {s1, s2, …, sQ+1}. Thus, P(S | Ns, Rs, B) can be simplified as 

1 2 1

1 2 1 1 2 3 1

( | ,  ,  ) ( ,  ,  ,  ,  | )

                           ( ,  ,  ,  | ,  ,  ,  ,  ,  ).

s s s
B B

s s s s s
B B B

P S N R B P s s s s N

P s s s n n n n n

+

+ +

=

=

…

… …

           (8) 

The approximation of Eq. (8) is based on the assumption that the probabilities of 
each speech segments si labeled as speech type ni

s are independent. Therefore, Eq. (8) 
can be represented as 

1

1 2 1 1 2 3 1
1

( ,  ,  ,  ,  | ,  ,  ,  ,  ,  ) ( | ).
B

s s s s s s
B B B B i i

i

P s s s s n n n n n P s n
+

+ +
=

= ∏… …             (9) 

Consider that a speech segment si can be represented as a vector sequence, si = 
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1 2  ... .i i i
s
i

s s s
m

o o o  P(Si | ni
s) can be written as 

1 2
1

( | ) (  | ) ( | ).

s
i

i i i i
s
i

m
s s s ss s s

i i i j im
j

P s n P o o o n P o n
=

= = ∏…                         (10) 

Based on the acoustic characteristics of sounds, a speech type can be modeled by 
different acoustic properties. P(oj

s
i | ni

s) can be written as 

( )
1

1

( | ) ,|

s sni nis
i i i

K K
s s s n
j i j k

k

P o n P o M
=

 
 =
 
 

∏                                   (11) 

where Kni
s is the number of models in speech type ni

s. Mk is the acoustic model clustered 
in speech type ni

s and can be modeled by Hidden Markov Models, Gaussian Mixture 
Models, etc. 
 
2.1.2 Estimation of auditory masking threshold 
 

Masking effects are usually described by a masking threshold function [10, 16]. In 
this paper, the mel-scale, which corresponds to the auditory sensation of tone height, is 
adopted instead of critical bands. After the mapping process of spreading function, which 
takes the masking effect over several adjacent critical bands into accounts, an alternative 
spectral flatness measure (SFM) function to further determine which speech frame is 
close to either noise-like or tone-like is proposed and defined as  

/
2

/
10 /

2

/

exp log ( )
2

10log ,

( )
2

T

t
T

dB T

t
T

T
E d

SFM
T

E d

π

π
π

π

ω ω
π

ω ω
π

−

−

  
  

    =  
 
 
  

∫

∫

                        (12) 

where Et(ω) is defined as 
 
Et(ω) = Yt(ω) − 

ˆ( ).Y ω                                               (13) 
 

ˆ( )Y ω  is the spectrum resulted from applying a low-pass filter over the noisy speech 
Yt(ω). The basic idea of maximizing the spectral flatness is used to eliminate the predic-
tion error in glottal inverse filtering process. But this is difficult to achieve automatically. 
We adopt the median filter as an alternative. The SFM was defined as the ratio of the 
geometric mean to the arithmetic mean of the power spectrum. The SFM was used to 
generate the “tonality factor” γ that aids in selecting the appropriate masking threshold 
for each frame:  

 max

min ,  1 ,dB

dB

SFM

SFM
γ

 
=  

 
                                          (14) 
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where SFMdb max is − 60dB. It is used to estimate that the signal is entirely tone like and 
an SFM with 0dB is used to indicate a signal that is completely noise-like. 

The resulted threshold is compared with the normalized, TN(i), and absolute auditory 
threshold, TA(i), [5]: 

 
TF(i) = max{TN(i), TA(i)},                                            (15) 

 
where TA(i) can be represented as 

( )2

1000

0.8 4
0.6 3.3 3( ) 3.64  6.5  10 .

1000 1000

i

A
i i

T i e
−

− − −   = − +   
   

                (16) 

The normalized auditory threshold is shown as follows: 

10
(14.5 ) 5.5(1 )

log ( )
1010

( ) ,
i

i
C

N
i

T i
P

γ γ+ + −−

=                                    (17) 

where Pi is the number of points in critical band i. Ci is the spread spectrum of the i-th 
critical band: 
 

Ci = Bi ⋅ SFi,                                                     (18) 
 
where Bi is the power energy of the i-th critical band. SFi is the spreading function and 
used to represent the masking between signals in different critical bands. A model that 
approximates the basilar membrane spreading function is defined as [16]: 

2
1010log 15.91 7.5 ( 0.474) 17.5 1 ( 0.474) .iSF i i= + ⋅ + − ⋅ + +            (19) 

Fig. 2 shows the power spectrum, AMT and the absolute hearing threshold for 
Mandarin speech/ling/(zero). 

 
Fig. 2. Comparison of the power spectrum, AMT and the absolute hearing threshold. 
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2.1.3 Perceptual weighting 

The traditional approach for estimating the clean speech is spectral subtraction. Sub-
tractive-type algorithm can be carried out using a second approach: filtering of noise 
speech with a time-varying linear filter dependent on the characteristics of the noisy sig-
nal spectrum and on the estimated noise spectrum. The noise suppression process be-
comes a multiplication of the short-time spectral magnitude of the noisy speech |Y(ω)| by  
a gain function G(ω) and an enhanced speech short-time magnitude 

ˆ| ( ) |S ω  can be ob-
tained by 

ˆ| ( ) | ( ) | ( ) | .S G Yω ω ω=                                             (20) 

The filter for power spectral subtraction is given by 

( )2
2 2 1/ ( ) 2

2

| ( ) |
1 if | ( ) |  | ( ) | | ( ) |

( ) ,| ( ) |

otherwise

v

vN
Y N k Y

G Y

k

ω
ωω ω α ω ωω ω

 
 − − >  =  



     (21) 

where |N(ω)| is the noise spectral magnitude estimated from the results of MAP-based 
noise segment detection. k is a minimum constant for avoiding the negative power spec-
trum. The transition shape of spectral filtering is controlled by v(ω). Obviously, large v(ω) 
implies a sharp transition [1, 5]. Motivated by this concept, the auditory masking effect is 
adopted as the non-linear spectral modification. Since frequency components below the 
masking threshold are inaudible, the audible noise power spectrum can be expressed as:  

 
An(ω) = Ay(ω) − As(ω).                                              (22) 
 
Examination of the expression for the audible noise spectrum implies that An(ω) is 

given by 

( )
( )

( )n

Y
A

Y

ω
ω

ω
−

=  −

ˆ( )

( )

Y

T

ω
ω

ˆif ( ) ( ) and ( ) ( ) 
.

ˆif ( ) ( ) and ( ) ( )

Y T Y T

Y T Y T

ω ω ω ω

ω ω ω ω

> >

> <
               (23) 

2.2 Recognition and Verification 

2.2.1 Incremental noise model adaptation 

Using HMMs for estimation of an input signal x(t) observed in an additive noise y(t), 
the posterior pdf from Bayes’ rule can be defined as follows [17] : 

|
|

( ( ) | ( )) 1
( ( ) | ( )) ( ( )) ( ( ) ( )) ( ( )).

( ( )) ( ( ))
Y X

X Y X N X
Y Y

f y t x t
f x t y t f x t f y t x t f x t

f y t f y t
= = −  (24) 

For a given observation, fY(y(t)) is a constant and the maximum a posteriori (MAP) 
estimate is obtained as follows: 
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( )
ˆ ( ) arg max ( ( ) ( )) ( ( )).MAP

N X
x t

x t f y t x t f x t= −                              (25) 

The MAP estimation of Eq. (25) requires the pdf models of the signal and the noise 
process. Stationary and continuous-valued processes are often modeled by a Gaussian or 
a mixture Gaussian pdf that is equivalent to a signal-state HMM. For a non-stationary 
process an n-state HMM can model the time-varying pdf of the process as a Markov 
chain of n stationary Gaussian subprocesses. Now assume that there is an n-state HMM, 
π, for signal and one state HMM, η, for noise. Given the observed state sequence Y, the 
noise model can be estimated as:  

signal noise

MAP
signal signal noisearg max(max  ( ,  ,  | ,  )),Y

s s
s f Y s s π η=                         (26) 

and 

noise signal

MAP
noise signal noisearg max(max  ( ,  ,  | ,  )).Y

s s
s f Y s s π η=                         (27) 

In the MAP-based noise detection, the speech and noise segments are detected and 
used to adapt the initial noise model as follows:  

1ˆ ,

q

i
i

n

y

q
µ

τ
==
+

∑
                                                     (28) 

where τ is a balancing factor between prior mean and the estimated mean and q is the 
number of the estimated noise frames. Therefore, the MAP signal estimate and the adap-
tive noise threshold θ are given by:  

2 2

2 2 2 2
ˆ( ) ( ( ) ) ,x n

n x
x n x n

x m y m
σ σµ µ

σ σ σ σ
= − +

+ +
                             (29) 

and 

.
2

x nµ µθ +
=                                                     (30) 

For a noise-free signal µn = σ n
2 = 0, we have ˆ( ) ( ).x m y m=  

 
2.2.2 Keyword recognition 
 

In the recognition process, the Viterbi algorithm is employed to find the most likely 
keyword Wk, where 

arg max ( | ),k j
j

W L O W=                                             (31) 

and L(O | Wj) is the likelihood of the observation sequence O given word Wj. In the con-
text of subsyllable recognition, Wk is a concatenation of subsyllable units that can be 
written as 
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( ) ( ) ( )
1 2   ,k k k

k NW ss ss ss= …                                             (32) 

where N is the number of subsyllables, and the subsyllable string 
( ) ( ) ( )
1 2 ...  k k k

Nss ss ss  is the 
subsyllable lexical representation of keyword Wk. 
 
2.2.3 Keyword verification 
 

Keyword verification can be treated as the problem of statistical hypothesis testing. 
The null hypothesis, H0, represented by the input speech containing a given keyword Ki 
is tested against the alternative hypothesis, H1, that Ki does not exist. According to the 
Neyman-Pearson Lemma [18], the optimal test is the likelihood ratio test such that the 
null hypothesis, H0, is accepted if 

0

1

( | )
( ;  ) ,

( | )i i
L O H

R O K
L O H

γ= >                                          (33) 

where γi is the critical threshold of the test. As a result, two types of errors can occur: 
false rejection (Type I) and false acceptance or false alarms (Type II) errors. 

For a subsyllable 
( )k
nss  of keyword k, the normalized confidence measure is defined 

as  

( ) ( ) ( )1 1 1

( )( ) ( )
( ) ( )

1 1
;  log | log ,|n n n

n n n

kt tk k t
nn nt tk k t

n n

LR O ss L O ss L O ss
T T− − −

  = −
    

      (34) 

where 
( )k
nss  is the anti-subsyllable model of 

( )k
nss  and 

( )k
nT  is the number of frames 

allocated for subsyllable 
( ) .k
nss  For an N-subsyllable string 

( ) ( ) ( )
1 2 ... k k k

Nss ss ss  corre-
sponding to the most likely keyword Wk, the whole word phonetic verification function is 
defined as follows: 

( )
1

1

( )

1

1
( ;  ) log exp ;  ,n

n

N
t k

k nt
n

D O W LR O ss
N

η
η

−
=

  = − ⋅   
∑                      (35) 

where η is a positive constant, and N is the number of subsyllable of the signal. 

3. EXPERIMENTAL RESULES 

3.1 Acoustic Model Training 
 

Among the database TCC 300 [19] collected in Taiwan area, 2676 sentence were 
selected and used as the training database. 817 words were defined as the keyword set. 
The testing speech database was pronounced by 14 speakers (12 males, 2 female) in 
clean, street, and car environments (70km/hr and 90km/hr in high way). In order to 
evaluate the performance for noise segment detection, 539 collected speech utterances in 
clean, street, and car environment were manually tagged with boundary information. The 
baseline system was built without auditory masking processing. A 26-dimension feature 
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vector with 12 Mel-Frequency Cepstrum Coefficients (MFCCs), 12 delta MFCCs, one 
delta log energy, and one delta delta log energy were adopted as features. 

In Mandarin speech, each syllable can be phonetically decomposed into an INITIAL 
followed by a FINAL. The INITIAL of a syllable is optional and comprises a single con-
sonant if it exists. The FINAL comprises a vowel or diphthong nucleus preceded by an 
optional medial, followed by an optional nasal. Based on the linguistic information of 
Mandarin, there are 21 INITIALs and 38 FINALs. The K-means clustering algorithm is 
used to perform group clustering based on minimizing the overall inter-subsyllable group 
distance. Thus, the INITIALs and FINALs can be clustered into 3 groups and 9 groups, 
respectively. The constituency of each group is given in Table 1. Based on those acoustic 
characteristic, 100 right context-dependent INITIAL and 37 context-independent FINAL 
HMMs were used to construct the keyword recognizer. Each INITIAL HMM consists of 
3 states and each FINAL HMM consists of 5 states, each with 10 Gaussian mixture den-
sities. In general, for each subsyllable model, a corresponding anti-subsyllable model 
was also constructed specifically for the word verification task [13]. 
 

Table 1. The constituency of subsyllable groups for (a) FINALs and (b) INITIALs. 

(a)                                         (b) 
Group 1 iai  Group 1 p, g, k, h  
Group 2 uei  Group 2 f, ji, chi, shi, j, ch, sh, tz, ts, s 
Group 3 eng, iou, iung  Group 3 b, m, d, t, n, l, r  
Group 4 ai, an, uai, uan, uen, uang  
Group 5 i, in, ing  
Group 6 o, ou, u, ua, uo, ueng  
Group 7 au, e, er  
Group 8 a, ang, ia, iau, iang  
Group 9 null, ei, en, ie, iou, iu, iue, iuan, iun  

 

 
3.2 Experiments on the Noise Segment Detection 
 

In this experiment, the proposed MAP-based noise segment detection was adopted 
for the identification of noise speech. Delta Bayesian information criterion (BIC) ap-
proaches was adopted for comparison [20]. Considering the variations in manually 
tagged boundaries, a tolerated boundary that the detected boundary falls into a predefined 
interval within an offset of 10 frames against manually tagged noise segment boundaries 
was defined. For the performance evaluation of noise segmentation, the harmonic mean 
F criterion was adopted [21]. This evaluation index also takes the precision and the recall 
rates into accounts [22] and is shown as follows: 

1 12 / ,
p r

F
r r

 
= + 

 
                                                 (36) 

in which rp and rr represent the precision and the recall rates, respectively. F ranges from 
0 to 1 and the greater F value represents the better accuracy of boundary detection. The 
detailed formulas are given as follows: 
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100%,a
p

R
r

R
= ×                                                  (37) 

100%,a
r

R
r

A
= ×                                                   (38) 

in which |A| is the number of total boundaries manually tagged in our collection; |R| is the 
number of total detected noise segment boundaries; |Ra| is the number of valid noise seg-
ment boundaries to be detected. The approach of delta BIC with penalty weight 0.7 and 
window size 0.5s can achieve a satisfactory result which the precision rate, recall rate 
and F value were 0.68, 0.41, and 0.51, respectively. Using MAP-based noise segment 
detection, the precision rate, recall rate, and F value were 0.75, 0.44, and 0.55, respec-
tively. The proposed approach outperformed than the delta BIC approach. However, 
some problems still arise in noise segment in different noisy environments. The most 
occurred problem contain shot noise, hubbubs, and vibration in either street or car envi-
ronment.  
 
3.3 Performance Evaluation and Comparison 
 

In this experiment, the optimal value of the parameter, v(ω), used in auditory noise 
suppression was examined. Table 2 show the experiment results in choosing optimal 
transient factor with respect to the average recognition rate in clean, street, and car envi-
ronments. Given v(ω) = 1, the system achieved the best recognition performance and was 
adopted in the following experiments. 
 

Table 2. Experimental results (%) for choosing transient factor v(ω). 

v(ω) 0.5 1 2 
Top 1 56.43 59.37 58.77 
Top 2 65.61 67.58 64.27 

 
The performances for parallel model combination (PMC) and auditory noise sup-

pression (ANS) proposed by Gales [11] and Virag [10] were compared using Receiver 
Operator Characteristic (ROC) plots. Fig. 3 shows the comparison of verification per-
formance in different false alarm rates and false rejection rates. It is clear that our pro-
posed approach outperformed the others. From this figure, the performance of PMC and 
that of ANS are similar. Furthermore, for the proposed approach in this paper, the false 
alarm rate achieved the lowest value, 32.73%, at 7.9% false rejection. Fig. 4 shows the 
keyword recognition rates for the baseline, PMC, ANS and the proposed approach in 
different environments. The average SNRs for clean, street, car with 70km/hr, and car 
with 90 km/hr environments are 20.1dB, 9.6dB, 10.3dB and 6.4dB, respectively. The 
experimental results show our proposed method achieves a better recognition rate. 
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Fig. 3. Experimental results of keyword verification. Fig. 4. Keyword recognition rates for different 

environments. 

4. CONCLUSION 

This study proposed a MAP-based perceptual modeling approach to deal with the 
model inconsistency issues. The weighting method based on the masking effect was used 
in speech enhancement. Instead of using the complex inverse filtering criterion, an alter-
native median filter based spectral flatness measure was conducted. Combining with a 
proposed speech segmentation approach for noise segment detection, a MAP-based 
model adaptation scheme was adopted to incrementally adapt the noise model. Experi-
mental results show the proposed perceptual modeling and incremental noise adaptation 
approaches are very promising in speech enhancement and achieves a better recognition 
rate than the traditional approaches. 
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