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Abstract 

Existing compressed-domain audio fingerprint algorithms have been able to be used to recognize audio information effectively 

according to hearing content, and are robust to common time-frequency domain distortion, including echo, noise, band-pass filtering, 

32Kbps@MP3 and so on. However, they are poor in resisting linear speed change, which is a very common method for audio processing. 

In this paper, we propose a novel compressed-domain audio fingerprint algorithm. It is robust to large linear speed change via using 

auto-correlation function to reduce unaligned degree of MDCT spectrum sub-bands’ energy. Besides, it is similar with existing 
compression-domain audio fingerprint algorithms on the other aspects. 
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1 Introduction 

 

As compressed format have become the main form in 

storage and transmission of audio files, extract fingerprint 

directly from compressed-domain audio for audio 

recognition appears more practical significance. Existing 

compressed-domain audio fingerprint algorithms [1-4] 

have owned good robustness to common time-frequency 

domain distortion, such as echo, noise, band-pass filtering, 

equalization, volume changing, 32Kbps@MP3, etc. 

However, they are insufficient for Linear Speed Change 

(LSC), which is an idiomatic mean of audio processing. 

Especially radio stations often play music with little of 

acceleration, the business reason is to shorten the time of 

playing music can bring more advertisements or other 

commercial purposes. On the other hand, most audiences 

maybe prefer the faster rhythm [5]. 

Nevertheless, it has not been seen in researching 

compressed-domain audio recognition after dealing with 

LSC. Only a handful of uncompressed-domain audio 

fingerprint algorithms [6-9] do it, and obtain good 

robustness. But this isn’t conform to the status that 

compressed format has been mainstream. 

In the remainder of this paper, Section 2 discusses the 

trouble caused by LSC, and introduces implementation 

process of the proposed compressed-domain audio 

algorithm. Section 3 expounds why auto-correlation 

function can be used to resist LSC. Section 4 utilizes 

experiments to test the performance of novel algorithm. 

Section 5 summarizes the full text. 
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2 Audio fingerprint scheme for resisting LSC 

 

2.1 THE DIFFICULTY IN RECOGNITION DERIVED 

FROM LSC 

 

Assume that original audio signal is x(t), and its 

corresponding Fourier spectrum is X(w). After dealing 

with LSC, the time-domain signal and frequency-domain 

signal will become x′(t) and X′(w) respectively. 

0'( ) ( / )x t x t t  , (1) 

0'( ) '( ) ( / )jwt jwtX w x t e dt x t t e dt     . (2) 

ρ is the scalability factor of LSC, and t0 is the translational 

time. 

After a series of calculation, the energy of X′(w) can be 

expressed as follows: 

'( ) ( )X w X w  . (3) 

To a large extent, MDCT spectrum is a linear 

approximation of Fourier spectrum, especially when only 

consider its energy [10]. Exactly, MDCT spectrum energy 

is selected to extract fingerprint in the proposed 

compressed-domain audio fingerprint algorithm. So 

hypothesize that δ indicates the linear relationship between 

MDCT spectrum and Fourier spectrum. Use M(w) and 

M′(w) individually denote the MDCT frequency-domain 

signal of original audio and distorted version leaded by 

LSC. 

( ) ( )M w X w , (4) 
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'( ) '( ) ( )M w X w X w    . (5) 

Synthesize the above analysis, due to LSC will make 

the playing speed of audio faster or slower, which result in 

the change of MDCT spectrum energy. Worse, energy 

migration also happens as the variation of frequency of 

audio signal. However, most compressed-domain audio 

fingerprint algorithms extract audio fingerprint based on 

MDCT spectrum. This will induce that extracted audio 

fingerprint will have biggish difference before and after 

the distortion, which causes to reduce recognition rate. 

Although all compressed-domain audio fingerprint 

algorithms have a large overlap degree between adjacent 

MDCT blocks [1-4], which will ensure that, even in the 

worst scenario, the unaligned extent of relevant blocks’ 

border is very small. In other words, the sub-fingerprints 

of unknown audio clip waited to be identified are still very 

similar to the sub-fingerprints of the same clip in the 

database. Thus, algorithms can withstand a certain range 

of LSC. However, LSC will cause that MDCT coefficients 

are not aligned along time-axis and frequency-axis, and the 

unaligned degree would have a cumulative effect as times 

goes on. So that audio recognition will become more 

difficult with the increase of LSC degree. 

 

2.2 THE PROPOSED COMPRESSED-DOMAIN 

AUDIO FINGERPRINT ALGORITHM 

 

As shown in Figure 1 is the overview of the proposed 

compressed-domain audio fingerprint algorithm. In fact, 

for almost all compressed-domain audio fingerprint 

algorithms, most of their steps are similar, in addition to 

the fingerprint feature, which is derived from MDCT 

spectrum energy. In general, the eventual audio fingerprint 

is directly obtained by fingerprint feature with a chain of 

simple calculation. F(n,m) denotes one bit fingerprint, n 

generally refers to a sub-band. And the fingerprint 

extracted from a sub-band is called a sub-fingerprint, 

whose length is m. 
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FIGURE 1 Overview of the proposed compressed-domain audio fingerprint algorithm 

The proposed compressed-domain audio fingerprint 

algorithm will be started to introduce after MDCT 

coefficients originated from audio codec which can be 

accomplished according to reference [11]. At first, 12 

frames MDCT coefficients acquired from the audio with 

MP3 format or wave format consist of one block with the 

length is about 0.31 seconds (when sampling rate is 44.1 

KHz). The overlap degree is 95.83% between adjacent 

blocks, i.e., there is a section of hop distance because a 

MP3 frame contains two sections. Secondly, every section 

of MDCT spectrum (contains 576 coefficients) is divided 

into 288 sub-bands on the basis of logarithmic scale in the 

range of 300~2000Hz (the most relevant frequency range 

with the proposed fingerprint algorithm), and calculate the 

energy of each of them. Then sum these sub-bands’ energy 

which locate in the same frequency range and pertain to an 

identical block. Assume that SEN(i, j) represents the 

energy of the j-th sub-band which is belong to the i-th 

block, S(m,n) indicates the energy of the n-th MDCT 

coefficient in the m-th section, MDCTp and MDCTq 

respectively represents the upper and lower bounds of 

MDCT coefficients which belong to the same sub-band. 

Therefore, the SEN(i, j) can be calculated by Equation (6). 

Thus, in any block, an energy sequence composed of 288 

sub-band’s energy. 

p

12 0.5( 1)
2

0.5( 1)

( , ) ( , )
qMDCTi

m i n MDCT

SEN i j s m n
 

  

   . (6) 

As has been analyzed in Section 2.1, LSC will lead to 

shift for the energy of MDCT sub-band. It is well known 

that auto-correlation function has the invariance to shift. 

Thus, it can be used to handle sub-band energy sequence 

of each block in order to resist LSC. And after this, the 

length of energy sequence reduced to 252. In order to 

improve the robustness, the results from auto-correction 

operation should be processed by a low-pass filter. Finally, 

the 252 energy values will be decreased to 23 energy data 

by down-sampling process. The purpose to shorten the 

length of energy sequence is to simplify the computational 

complexity at the time of fingerprint matching. 
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Suppose that Ena(i,m) (i is the number of MDCT block, 

m=0, 2,..., 21) represents the final 22 energy value. The 

fingerprint of an audio clip is actually a set of binary bit 

stream, and every bit of it defined by the Equation (7). 

1 ( , ) ( , 1) ( 1, ) ( 1, 1) 0
( , )

0 ( , ) ( , 1) ( 1, ) ( 1, 1) 0
if Ena i m Ena i m Ena i m Ena i m

F i m
if Ena i m Ena i m Ena i m Ena i m

       


       
, (7) 

1 2

1

( ) ( ) ( ) 1
M

ee

j

x e k j e x j x N M


      . (8) 

As a result, a sub-fingerprint contains 22 bits can be 

extracted from a block. It does not own enough 

information to identify the corresponding complete audio 

clip. But fingerprint sequence, which is often referred to as 

a query fingerprint block, can do it. In the compressed-

domain audio fingerprint algorithm of this paper, the 

length of audio fragment corresponds to a query 

fingerprint block is about 3s (114 MP3 frames). And a 

fingerprint block includes 204 sub-fingerprints, which has 

a total of 4488 bits. For example, if there is an audio clip 

with the length of 5 minutes, the length of unknown audio 

needed to index it in the fingerprint database only is 3s. Of 

course the unknown audio must be a part of original audio 

clip. 

The Bit Error Rate (BER) is used to estimate the 

similarity between two audio clips. If the BER between 

query fingerprint block and one fingerprint block stored in 

the database beforehand is lower than the threshold T, it is 

considered to be a reliable match. A large number of 

experiments have proved that when the BER is less than 

T=0.35, it is seen that matching result is effective. Detailed 

index and match process can be implemented according to 

reference [12]. 

 

3 The principle of resisting LSC 

 

Compared with the existing compressed-domain audio 

fingerprint algorithms, novel algorithm is added the auto-

correlation processing. This is because auto-correlation 

function has invariance to shift, which can be proved as 

follows. 

Suppose that f(t) represents audio signal, its auto-

correlation coefficient ρff (x) is: 

     ff x f t f t x dt   . (9) 

g(t)=f(t+a) generated by shift of f(t), its auto-correlation 

coefficient is ρgg(x). ρgg(x)= ρff(x) can be inferred from the 

characteristic of auto-correlation function. 

So, the auto-correlation coefficient of continuous 

function owns invariance to shift. But now is to deal with 

a discrete energy sequence. In order to approximate this 

characteristic of auto-correlation function, select a fixed 

sub-sequence e1 from the complete energy sequence e(n) 

of each block (contains 288 energy values) and utilize it to 

do correlation calculation with any sub-sequence e2 in the 

identical energy sequence. The auto-correlation 

coefficients ρgg(x) of e(n) can be computed by Equation (8). 

N stands for the length of entire energy sequence of 

each block, M represents the length of sub-sequence, and 

k denotes the starting position of a sub-sequence in the full 

sequence. In the proposed algorithms, M=36, k=54. 

 

4 The effect of proposed algorithm 

 

4.1 RESISTING LSC 

 

Randomly choose 1000 audio clips (MP3 or wav format, 

stereo, 16 bit quantification, 44.1 KHz sampling rate) 

which belong to 10 different types of music, including DJ, 

electronic, classical, blues, jazz, folk, light music, hip-hop, 

country, rock and so on. The length of each clip is 20 

seconds. Use various degree of LSC to distort each clip. 

Then severally extract fingerprint from the first 3 seconds 

in the distorted version and original version with existing 

algorithms and novel algorithm, and calculate each BER 

value between the fingerprints of an original version and 

its anamorphic version. Thus, 1000 BER data can be 

acquired for each treatment of LSC. The average value of 

these BER data embodies the ability of fingerprint 

algorithm to resist LSC. Figure 2 shows the relation 

between LSC and BER. It clearly shows that the proposed 

algorithm can resist LSC from –7% to +7%, which is 

obviously higher than the existing algorithms. In Figure 2 

and Figure 3, the curve marked by “+” expresses the result 

of novel algorithm; the other curves demonstrate the 

results of exiting algorithms. 

 



 

 

 

COMPUTER MODELLING & NEW TECHNOLOGIES 2014 18(10) 192-196 Wu Liming, Han Wei, Zhou Songbin, Luo Xin, Deng Yaohua 

195 

Information and Computer Technologies 
 

 
FIGURE 2 The robustness to LSC 

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
0

10%
20%
30%
40%
50%
60%
70%
80%
90%

100%
 
 
 
 
 
 
 
 
 

The Form of Distortion

C
o

rr
e

c
t 

R
e

c
o

g
n

it
io

n
 R

a
te

 

 

The proposed algorithm

The algorithm of reference [1]

The algorithm of reference [2]

 

E
ch

o
 (

D
el

a
y
 +

0
.5

s)

W
h

it
e 

N
o
is

e 
(+

1
0
d

b
)

B
a
n

d
-p

a
ss

 F
il

te
r

3
2
K

b
p

s@
M

P
3

1
2
8
K

b
p

s@
M

P
3

S
k

ew
in

g
 (

+
0
.2

)

V
o
lu

m
e 

(±
1
.5

d
b

)

T
o
n

e 
(+

3
%

)

T
o
n

e 
(-

3
%

)

S
p

ec
tr

a
l 

F
il

te
r

L
S

C
 (

-3
%

)

L
S

C
 (

+
3
%

)

L
S

C
 (

+
4
%

)

L
S

C
 (

+
5
%

)

L
S

C
 (

-4
%

)

L
S

C
 (

-5
%

)

 
FIGURE 3 The comparison about recognition rate 

4.2 THE ROBUSTNESS TO OTHER DISTORTION 

PROCESSING 

 

Recognition rate, which reflects the reliability of algorithm, 

is the most important indicator to evaluate an audio 

fingerprint algorithm. Apply the following experiment to 

compare the recognition ability among novel algorithm, 

algorithm [1] and [2]. Experimental samples are the same 

as Section 4.1. Do 17 different distortion operations for 

each clip, including echo (delay 0.5s), noise (+10db), 

band-pass filter (300Hz~300Hz), 32Kbps@MP3, 

128Kbps@MP3, offset (+0.2), volume (+1.5db), volume 

(–1.5 db), pitch (+3%), tone (-3%), spectrum filter 

(+1.0db), LSC (+3%), LSC (–3%), LSC (+4%), LSC (–

4%), LSC (+5%), LSC (–5%). Randomly intercept a 

fragment with a length of 3s (or 114 MP3 frames) from 

each distorted audio clip. Thus there are 17000 unknown 

audio clips. Construct the fingerprint database according 

to the method of literature [12] for the fingerprints of 

original 1000 samples. And use the fingerprint of these 

17000 unknown audio clips to search the homologous 

audio information in the database, the statistics of 

identification results are shown in Figure 3. The results 

clearly show that the novel algorithm is similar to or better 

than the existing algorithms for most of time-frequency-

domain distortion. Besides LSC, novel algorithm also has 

better robustness to Tone change. This is due to Tone 

change is just a special case of LSC. 

 

5 Conclusions 

 

This paper proposes a novel compressed-domain audio 

fingerprint scheme. Experimental results show that the 

robustness of novel algorithm is similar to exiting 

algorithms for most audio distortion. But novel algorithm 

has better performance to deal with LSC, can resist it at the 

range from -7% to 7%. Generally, this is enough to handle 

the LSC in radio. Follow-up work of this paper will 

increase the resistance range to LSC, and improve the 

robustness for other common distortion. 
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