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Abstract - The fundamental frequency estimation from noisy speech is a challenging problem for speech and signal 
processing. In this paper,we propose a pitch estimation algorithm based on the analysis of the voiced speech cepstrum by the 
multiscale product (MP) using continuous wavelets (CAMP) for noisy environment. The CAMP method consists in framing 
the voiced signal, calculating the real cepstrum of each frame and then computing the MP of the obtained cepstrum. Our 
CAMP approach is evaluatedonthe COOK database.Experiments show that our approach substantially outperforms state-of-
the-art 

 
Index Terms - speech, real cepstrum, wavelet transform, Multi-scale Product, pitch, noise 
 
I. INTRODUCTION 
 
The fundamental frequency is considered as one of 
the most important prosodic parameters. Thus, a 
reliable pitch estimation is a challenging problem in 
speech processing. It plays an eminent role in the 
speech perception and production. It is 
criticalformany speech application such ascoding [2], 
analysis or speech recognition [3]. 
Speech signals are seldom available in pure form for 
speech processing applications, and are often 
corrupted by acoustic interference like background 
noise, simultaneous speech from another speaker, 
distortion etc.Therefore, the problem of estimating 
the fundamental frequency from noisy speech has 
attracted a variety of researchesover the last few 
decades but is still a challenging problem.Great 
number of algorithms have been proposed for 
estimating the fundamental frequency of speech 
signals [4][5][6]. Most of them provide good results 
on good quality speech signals, but their performance 
degrades when dealing noisy signals. 
This paper is concerned with fundamental frequency 
estimation when speech is severely corrupted by 
noise or interfering speakers. A number of studies 
have investigated this problem. Gu[7] propose a 
speech separation via frequency bin nonlinear 
adaptive filtering.Tolonen [8] propose a model for 
multipitch and periodicity analysis of complex audio 
signals. The model essentially divides the signal into 
two channels, computes a “generalized” 
autocorrelation of the low-channel signal and of the 
envelope of the high-channel signal, and sums the 
autocorrelation functions. The summary 
autocorrelation function (SACF) is further processed 
to obtain an enhanced SACF (ESACF).  
In this paper, we propose and evaluate a new 
algorithm for pitch estimation operated in corrupted 
speech. Our algorithm is based on the MP of the 
voiced speech cepstrum using a wavelet having two 
vanishing moment.Our approach is compared toother 
states of arts. 
The paper is organized as follows. The next section 

describes the proposed algorithm. Results and 
comparisons are given in Section 2, followed by a 
conclusion section. 
 
II. THE PROPOSED METHOD 
 
In this section, we present our 
approach for the fundamental 
frequency estimation. 
 

A. Stage 1  
The first stage consists in framing the voiced signal 

and multiplying each frame by a Hamming window. 
Then, we proceed to calculate the real cepstrum for 
each frame [9]. 

 
s(n) = e(n) ∗ θ(n)     (1) 

 
Where s (n) is the speech signal, e (n) is the 

excitation signal and θ (n) is the contribution of the 
vocal tract. 

The cepstral analysis consists in ensuring the 
deconvolution[10]. The real cepstrum is defined as: 

 
c[n]

=
1

2π
log |S(w)|e

π

π
dw  (2) 

 
 
Where: 
 

S(w) = ∑ s(n)e∞
∞  (3) 

 
B. Stage 2 

The second stage of the algorithm is to calculate the 
WT [11][12] [13] [14] and [15] of the cepstrum at 
three scales, operate the product of WT coefficient 
[16] and [17], and then detect the maxima, whose 
position gives the pitch estimation.  

 

푝(푛) = 푊 푐[푛]                 (4) 
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Where W c[n] is the WT of the real cepstrum at the 
scales . 
This approach is applied using the second derivative 
of a Gaussian as a wavelet having two vanishing 
moments.  
 

C. Stage 3 
The third stage is to operatea post-processing phase 

[18]. 
The focus of the post-processing is to reduce the F  
estimation error under noisy conditions in order to 
have more reliable pitch detection algorithm.  
This smoothing phase consists in comparing each 
value of the F   by its previous and next one and if 
there is a difference bigger than 30 Hz, we consider 
that is a false measure and is replaced by the average 
of the last two ones.  
The hamming window has a length of 2048 samples, 
whereas the frame shift is fixed to 200 samples. The 
three scales (s1, s2 and s3) are (0.5, 1 and 2). 

 
Figures 1 and 2 shows the robustness of our method 
in the elimination of noise even when it is a second 
speaker 

 
Figure 1the speech signal corrupted by an impulse noise, the 

reference signal and the CAMP 

 
Figure 2the speech signal with competitive noise, the reference 
signal and the CAMP for speech corrupted by an impulse noise 

III. EXPERIMENTS AND RESULTS 
 
To evaluate the performance of our algorithm, we use 
the Cooke speech database[14] which contains 100 
noisy utterances constructed by mixing 10 voiced 
speech utterances with 10 different types of 
interference signals. This corpus is commonly used 
for evaluating PDA performance. This database is a 
collection of composite sounds obtained by mixing 
ten male voiced speech signals with ten other signals 
representing a variety of sounds called interferences 
that can be classified into three categories: 
 

 Interferences without pitch (N1: White 
noise and N2: Impulse noise), 

 Interferences having a pitch quality (N0: 
Pure frequency of 1 Khz, N3: Cocktail 
party noise, N4: Rock music, N5: Siren 
and N6: Ringtone). 

 Speech interferences (N7: Speech signal 
uttered by a woman 1, N8: Speech signal 
uttered by a man 2 and N9: Speech signal 
uttered by a woman 2). 

For pitch estimation and according to Rabiner [4], the 
gross pitch error (GPER) denotes the percentage of 
frames at which the estimation and the reference pitch 
differ by more than 20%. 
Tables 1, 2 and 3 summarizes the performance of the 
CAMP for the threecategories 

 
Table1The performances of the CAMP method in 

the presence of Interferences without pitch 

SNR 
N1: White noise N2: Impulse noise 

GPE (%) GPE (%) 

V0 5,73 0 

V1 4,23 0 
V2 0 0 
V3 3,52 0 

V4 0 0 

V5 1,62 0 

V6 3,96 0 
V7 4,05 0 

V8 3,03 0 

V9 1,44 0 

Average 2,758 0 
 
For the first category, in the presence of impulse 
noise, all speakers have no gross pitch error. On the 
other hand, in an environment contaminated by a 
white noise our method is less efficient. 
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Table 2The performances of the CAMP method in 
the presence of Interferences having a pitch 

quality 

 
For the second category, most speakers have no gross 
pitch error. 

 
Table 3The performances of the CAMP method in 

the presence of Speech interferences 

RSB 
N7: voix 
femme 1 

N8: voix 
homme 

N9: voix 
femme 2 

GPE GPE GPE 
V0 6,25 0 8,88 
V1 0 0 25 
V2 0 0 16,6667 
V3 0 0 3,125 
V4 0 0 0 
V5 0 0 2,08 
V6 0 0 0 
V7 3,57 0 0 
V8 0 0 0 
V9 0 0 0 

Average 0,982 0 5,57517 
 
For the third category, as shown in the table the 

proposed method remains efficient even in the 
presence of a second speaker. 
 
COMPARISON 
 
Our algorithm is compared to Gu [6] and TOLONEN 
[7] algorithms for the three categories. 
The comparison of our method with other state of the 
art is tabulated in Table 1 
Table 4Comparison of our approach with existing 
methods using the Cooke basis for all categories 

 CAMP GU TOLONEN 
Category 1 1.39 0.36 2.38 
Category 2 1.18 2.10 4.53 

Category 3 2.29 7.7 4.28 
For the first category, in the presence of Interferences 
without pitch, the CAMP and Gu methods shows a 
perfect noise robustness while the Tolonen method is 
less efficient 
For the second category, in the presence of 
Interferences having a pitch quality, CAMP method 
surpasses Gu and Tolonen methods. It shows the 
efficiency of our algorithm. 
For the third category, in the presence of competitive 
noise, CAMP method has the lowest gross pitch error 
rate compared to Tolonen and Gu methods 
 
CONCLUSION 
 
Perfect Pitch estimation is a tricky problem in speech 
analysis particularly in noisy environment.In this 
paper, we propose a noise robust pitch detection 
algorithm based on the analysis of the voiced speech 
cepstrum by the multiscale product (MP) using 
continuous wavelets (CAMP). 
The algorithm has been developed with the aim of 
estimating the fundamental frequency from speech 
corrupted by any kind of interference. 
The proposed method showed better performance 
compared to other method in speech corrupted with 
different colored noise with the lower values of 
%GPEs. These results show that the proposed method 
is satisfactory to extract the fundamental frequency of 
voiced speech signals accurately in noisy conditions 
The proposed method will be evaluated on a larger 
dataset in the future. 
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