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Abstract
In this paper, the acoustic characteristics and recognition of 
whispered speech are discussed. A Mandarin digits database 
is built both in normal speech and whispered speech. The 
collected speech materials of normal and whispered speech 
are analyzed to verify the characteristics and differences for 
the two kinds of speech. Cross recognition is carried out 
using normal and whispered speech as training data and 
testing data respectively, and the detailed recognition results 
are analyzed by using the confusion matrices. The results 
show that it’s not suitable to recognize whispered speech 
using models trained by normal speech, and the word correct 
rate of the whispered speech is in close relation with its 
acoustic characteristics. Some possible solutions are also 
suggested.
Index Terms: whispered speech, connected digits, speech 
recognition, confusion matrix 

1. Introduction

Whispering is a common mode of speaking to communicate 
quietly or privately. Early research on whispered speech was 
mainly in the fields of basic phonetics and medicine. Now in 
order to help the patients who have their throats cut, 
whispered speech recognition system can be used as 
electronic laryngoscope to provide a more convenient way 
for communicating. In the areas of public security and justice, 
it can help to identifying criminals through deciphering 
speech. When using Man-machine dialogue system in a quite 
environment, people usually whisper to the phone so as to 
reduce the amount of speech being spilled out. Recently, as 
the use of cellular phone spreads widely, whispered speech 
that does not disturb the environment and preserve the 
privacy of the user is needed. So in a word, whispered speech 
recognition has great research value and broad application 
prospects [1]. 

Although the importance of processing whispered 
speech is increasing in the above-mentioned background, 
there is relatively low amount of research on this topic. In 
this paper, we report on a study of the acoustic characteristics 
and recognition results for whispered speech. For this study, 
we constructed a database having parallel utterances of the 
normal and the whispered speech for Mandarin digits. We 
use the database to analyze the special acoustic 
characteristics of whispered digits. Then speech recognition 
experiments have been carried out using normal and 
whispered speech database as training data and testing data 
respectively. Throughout the experiments, we have got the 
recognition rates for the normal and the whispered digits. 

2. Physiological and acoustical 
characteristics of whispered speech 

2.1. Physiological characteristics 

“A dictionary of Phonetics and Phonology” [2] claims that 
the essential physiological characteristic of whisper lies in 
the configuration of the glottis and epilarynx. The vocal folds 
remain opening for whispering, thus friction is produced 
when the airstream from the lungs is forced through the 
passage. In normal speech, however, the vocal folds have 
opening and closing that produces quasiperiodic pulses of 
airflow which is called sonant [3]. The source of whispered 
speech, therefore, is the aperiodic noise rather than 
quasiperiodic voice due to the lack of quasiperiodic airflow. 

In one sense, breathiness is similar to whispered speech, 
and even in some literatures, they are described to be the 
same. Actually, they are different [4]: firstly they have 
different physiological characteristics. For breathiness, 
gristles decline lower. Secondly they have different purposes. 
Whispered speech is used to meet the need for private 
communication, however breathiness is an abnormal 
speaking mode which is always used when the speakers are 
relaxed or influenced. 

2.2. Acoustical characteristics 
There are no significant differences between normal and 
whispered speech in voiceless fricative, affricate and stop, 
but their vowels are very different, so they have distinct 
acoustical characteristics [5]: 
� Considering that the essential physiological 

characteristic of whispered speech is the lack of vocal 
fold vibration, the most significant acoustic 
characteristic is the absence of fundamental frequency 
and consequent harmonic relationships. 

� The energy and Signal-to-Noise (SNR) of whispered 
speech are lower than that of normal speech. 

� Whispered speech needs abundant air, small vital 
capacity and low trachea pressure, so it has slower 
speed, longer length and more pauses. 

� Normal speech follows a rule that sonnet’s energy is 
higher than surd’s, and sonnet’s zero-crossing rate is 
smaller than surd’s. However, because the source of 
whispered speech is the aperiodic noise, it doesn’t 
follow this rule. 

� The change of vocal track brings extra zeros and poles. 
At the same time, it also causes formant positions and 
bandwidths to change: especially the first two formats 
tend to be higher in frequency and their bandwidths 
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broaden; some whispered speech’s first formant 
amplitude is smaller than that of the second formant. 

� Whispered speech’s spectrum is more flat than that of 
normal speech, and its energy below 500Hz is very 
small [6]. 
People’s sensitivity to whispered speech is also different 

from normal speech [7]. For whispered speech, the sense 
frequency is around 1500~2000Hz, and the frequency range 
which is important for whispered speech recognition is about 
500~4000Hz.

3. Experiments

3.1. Database
We constructed a small-scale whispered speech & normal 
speech database for Mandarin in Communication Lab of BIT 
(Beijing Institute of Technology). For the database, each 
speaker (10 male and 10 female) whispered for 30mintues 
and then the same corpus were recorded using a normal 
speaking style. The database was mainly composed of 3~5 
connected digits (2124 connected digits for normal and 
whispered speech each) and isolated digits from 0~9 (20 
times in normal and whispered speech for each digit). All 
numbers were produced by the toolkit HTK in order to keep 
them phonetically balanced. Speech data were digitized into 
16 bits with 16 kHz sampling frequency. 

3.2. Acoustic analysis of whispered speech 
Using the database, we can verify the different acoustic 
characteristics between whispered and normal speech. The 
spectrograms of the digit “5” in normal and whispered 

speech are showed in figure 1. We can see the tonal track 
(lowing falling) can be found obviously in the spectrogram of 
normal speech, while is very weak in that of whispered 
speech. Since the recognition rate is in close relationship 
with tones [8], the loss of tonal information causes the 
correct rate of whispered “5” to decrease, which is verified in 
the recognition experiments below.

Figure 2 shows the waveform, short-time energy and 
zero-crossing rate graphs of the digit “7”. The energy of 
whispered speech is lower than that of normal speech, and 
for whispered speech the energy peak lies in initial consonant, 
but for normal speech it lies in vowel. The zero-crossing rate 
(ZCR) of whispered speech is larger than that of normal 
speech, and in the vowel part, normal speech’s ZCR falls 
rapidly, while whispered speech’s ZCR falls more slowly. 

3.3. Recognizing whispered speech 
Recognition experiments of whispered speech have been 

carried using the devised database. As for training data, 1262 
digits uttered by the first 10 speakers are used whereas the 
rest 1262 digits are used for the evaluation task. Then we 
divide training data into two groups: A set is normal speech 
of 531 connected digits and 100 isolated digits; B set is 
whispered speech of 531 connected digits and 100 isolated 
digits. In the same manner, we divide testing data into two 
groups: C set is normal speech of 531 connected digits (noted 
by E set) and 100 isolated digits (G set) and D set (whispered 
speech, F for 531 connected digits and H for 100 isolated 
digits). At last, we cross A and B as training data to do 
recognition experiments (shown in table 1). 

(a)                                                                                 (b) 

Figure 1: The spectrograms of “5”for whispered (a) and normal speech (b).
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Figure 2: The waveform, short-time energy and zero-crossing rate graphs of “7” for whispered (a) and normal speech (b).
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The acoustic model is trained using HTK and the model 
unit is syllable. Each model has an 18-state left-to-right 
topology, because through doing experiments using different 
numbers of state we find that it can get the best recognition 
results. Here the acoustic feature is 26-dimension MFCC_0_D, 
and the output probability distributions for each syllable are 
modeled by a mixture of 4 Gaussians with diagonal 
covariance. Word loop is the only language model used here 
for connected digits.

Table 1. Cross recognition experiment.

testing data training
data isolated digits connected digits 

G E
A

H F
G E

B
H F

3.3.1. Recognition results 

The cross recognition results are shown in Table 2.

Table 2. Recognition results (correct rate, %). 

testing whispered 
speech  

testing normal
speech training data 

isolated 
digit

connected
digits

isolated 
digit

connected
digits

whispered
speech 90.91 83.71 67.05 48.23

normal
speech 32.95 31.81 95.45 94.97

When the model trained by the normal speech (normal 
model) is applied directly to the whispered speech, no matter 
for the isolated digits or the connected digits, the correct rates 
are very low (32.95% and 31.81% respectively), while using 
the HMMs trained by the whispered speech (whisper model) 
to recognize normal speech attains higher correct rates, 
especially for isolated digits (67.05% and 48.23%). This is 
because the whispered speech’s length is longer and speed is 
slower than normal speech, so the whisper model is closer to 
the isolated digit model and gets a relatively high accuracy for 
this mismatched training (67.05%). However, because of 
different pronouncing characteristics (there are no significant 
differences between normal and whispered speech in voiceless 
fricative, affricate and stop, but their vowels are very 
different), the normal model can’t match whispered digits 
accurately.   

When using whisper model to recognize whispered 
numbers, comparing with normal numbers, the dispersion 
between the correct rates of isolated digits and connected 
digits is bigger (90.91% and 83.71% for whispered speech, 
95.45% and 94.97% for normal speech). This is because to a 
certain extent whispered speech is similar to noise and it is 
difficult to divide the different words in the waveform, so as 
to make mistakes in word segmentation and forced alignment. 

In a conclusion, using existing coefficients (MFCCs) to 
train a normal model for recognizing whispered speech is not 
suitable at all. Constructing a big-scale database and using 
adaptation which only needs a small quantity of whispered 

materials are necessary to improve the correct rates of 
whispered speech. 

3.3.2. Analyzing detailed recognition results 

Through analyzing the confusion matrices of connected digits, 
we can explain the reason for low accuracies of whispered 
digits. Table 3 shows the recognition rates of whispered digits 
using whisper model (labeled as ‘whispered speech
whispered speech’). Table 4 shows the recognition rates of 
whispered digits using normal model (labeled as ‘whispered 
speech  normal speech’). The bold data in tables mean the 
correct rate of each digit. Digits in the two tables are marked 
with Pingyin.  

Index: 0  “ling”, 1  “yi,yao”, 2  “er”, 3  “san”, 4
 “si”, 5  “wu”, 6  “liu”, 7  “qi”, 8  “ba”, 9  “jiu”. 

“Del” stands for deleting error. Here we should notice the 
digit “1”, different from English, in Chinese, it has two 
pronunciations: “yi” and “yao”. 

Table 3. Confusion matrix of “whispered  speech
whispered speech” (recognition rate, %). 

ling yi yao er san si wu liu qi ba jiu Del
ling 95.1 0 0 0 0 0 0.5 0 1.1 0 0.5 2.7
yi 1.7 83.1 0 0 0 0 1.7 0 10.2 0 1.7 1.7

yao 0 0 86.4 0 0 0.8 0 5.1 0.8 1.7 4.2 0.8
er 0.4 0 1.2 70.5 0.8 0 0.8 0.8 0 22.4 0 2.9

san 0 0.5 1 0 94.5 0.5 0 0 0 1 0 2.5
si 0.4 0.8 0 0 0.8 80.2 0.4 0 14.5 0.8 0 2.1

wu 9.6 0 0 0 1.8 0 71.1 1.2 3 0.6 0.6 12
liu 18.7 0 6.9 0 0.5 0 0.5 70.4 0 0.5 1 1.5
qi 0 1.5 0 0.5 0.5 1 0 0.5 92.3 0 0.5 3.1
ba 0 0.5 0 3.1 0.5 0.5 0 0 0.5 91.3 0.5 3.1
jiu 0.5 1 1.5 0 0 0 2 2 1 0 89.2 2.9

Table 4. Confusion matrix of “whispered speech
normal speech”. 

ling yi yao er san si wu liu qi ba jiu Del
ling 2.2 0 0 27.5 0 0.5 0 0.5 1.6 6 2.2 59.3
yi 0 5 0 16.7 0 3.3 5 0 11.7 1.7 0 56.7

yao 0 0 0.8 53.4 0 0.8 0 0 0.8 1.7 6.8 35.6
er 0 0 0.4 92.1 0 0 0 0 0 0.4 0.4 6.6

san 0 0 0 41 1.5 1 0 0 1 4 0.5 51
si 0 0 0.4 5 0 53.3 0.8 0.4 1.2 4.5 0 34.3

wu 0 0 0 23.5 0 0.6 9.6 0.6 0.6 1.2 7.8 56
liu 0 0 1 22.2 0 0 0 10.8 0.5 4.4 6.9 54.2
qi 0 0 0 7.6 0 5.1 2 0.5 41.1 2.5 2 39.1
ba 0 0 0 28.1 0 0 0 0 0.5 39.8 0.5 31.1
jiu 0 0 0 12.3 0 0 0 0 0 1 51 35.8

From table 3 we can see the benefit from matched 
training: using whispered model to recognize whispered digits, 
the correct rate of each digit is high. We get some conclusions 
as below:
� The deleting error rate of “5” is 12%, because its 

amplitude is lower, so it’s hard to segment its waveform. 
� Because of similar pronunciations, “1(yi)” is easily 

recognized as “7” (10.2%), “4” is easily recognized as 
“7” (14.5%), and “6” is easily recognized as “0” (18.7%). 
Because of the similar acoustical characteristics, “2” and 
“8” can be easily confused, too. 
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From table 4 we can see the influence from mismatched 
training:
� The deleting error rates of all digits (expect “2”) increase 

heavily, so for most digits the correct rates are very low. 
For “0”, “1 (yi and yao)”, “5” and “6”, their initial 
consonants are semivowels, so according to the acoustic 
characteristic of whispered speech, their whisper are very 
different from normal speech; for “3”, after the phoneme 
“s”, there is a fall in amplitude, and it results in 
vagueness of vocabulary, so it is not easy to segment “3” 
from connected digits.

� At the same time the correct rates of “4”, “7” and “9” are 
higher comparing to other digits (53.3%, 41.4% and 
51%), because the initial consonants of “’4”, “7” and “9” 
are voiceless fricatives and affricates, so their amplitudes 
are higher even in whispered speech. 

� The correct rate of “2” is the highest in all digits (92.1%), 
and other digits are also easily recognized as “2”, 
because “2” are only composed of vowels and semivowel 
which brings its special acoustical characteristics. 

� Because of similar pronunciations, “1(yi)” is easily 
recognized as “7”, “6” is easily recognized as “9”, and 
“7” is easily recognized as “4”.  

� Comparing table 3 and table 4, we can get some 
conclusions as follows: 

� The mismatched training model brings high deleting 
error rates. The normal model would easily ignore the 
weak whispered speech, so the correct rates of whispered 
digits are quite low. 

� In whispered speech, “1” and “7”, “4” and “7, “8” and 
“2” can be easily confused, like the same situation in 
normal speech. 

� Because of their different pronouncing characteristics, 
mismatched training causes the correct rates of some 
digits to fall much lower than that of matched training, 
like “0”,”1”,”3”,”5” and “6”.   

4. Summary

In this paper, we report on a study of the acoustic 
characteristics and recognition results for whispered speech. 
The recognition results show that when the normal model is 
applied directly to whispered speech, the correct rates are 
mainly determined by the changed acoustical characteristics. 
There are no significant differences between normal and 
whispered speech in voiceless fricative, affricate, stop and 
other initial consonants, but their vowel and voiced consonant 
are very different, so the correct rates of the digits containing 
voiced initial consonants are lower than other digits. 
Therefore, when we build a model to recognize whispered 
digits, we should take the characteristics of each digit into 
consideration, and then modify HMMs to improve the 
capability of the model in order to enhance the accuracies. 

Whispered speech recognition has great research value 
and broad application prospects. Because of its special 
characteristics different from normal speech, the traditional 
recognizing methods may not fit for whispered speech, so 
some further work is necessary (1) constructing a big-scale 
database; (2) using multi-channel mode and multi-mode to 
record whispered speech, like using gas-conductive 
microphone + bone-conductive microphone +other contact 
microphones to replace normal microphones; (3) expect for 

amplitude envelope, length and formant, adding other features 
for recognition, like audio parameters, lip movements and 
other new features. At the same time, we must pay attention to 
how to choose these features, integrated approaches and their 
proportions.
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