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Abstract Fast audio retrieval is demanding due to the high dimension nature and increasingly larger
volume of audios in the Internet. Although audio fingerprinting can greatly reduce its dimension while
keeping audio identifiable, the dimension of audio fingerprints is still too high to scale up for big audio
data. The number of audios to be checked has to be small enough. This paper proposes a robust and
fast audio retrieval method for big audio data, which combines audio fingerprinting with filtering-and-
refining method. An audio middle fingerprint is devised with considerable small dimension for quickly
filtering most likely audios, by applying bag-of-features(BoF) technique on the classical Philips audio
fingerprint, which can reduce the search scope with a 130 times speed gain compared with the
Fibonacci Hashing retrieval. A matching algorithm is developed to reduce the computational
complexity by comparing the samples at fixed interval of two audios with thresholds, which results in
a maximal speed gain of 140 times. Experimental results show that the average time of retrieving
audio clips of different length in about 100000 audios is less than 1s. After applying MP3 conversion,
resampling, and random shearing, the recall rates are all above 99.47% , and the theoretical accuracy

is close to 100%.
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Process for extracting Philips audio fingerprint.
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Fig. 2 Process for efficient filtering-and-refining retrieval.
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Fig. 3 Process of matching sliding window method in audio fingerprint.
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Fig. 4 Average retrieval time with different audio
length in retrieval with three retrieval methods.
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240 7.962 99. 941 12. 164
300 4. 255 99. 947 8.796

Hi% 4 W LLA . MFR, EFRR ) & [ R 5
FHR (44 IS 7E 99. 47 % LA 1, BEWIAR SCHE
J7 A MP3 Beffe H R AR R BE AL RO B B i Y
PR T AR A [ B B A RE DT T vk i T
SO 2NN L CIPOBuR 3 e SREN RS A 0K NS
A TR ] ) A K A R B AR AE R O 2 e
A JIT A A0 Y B 2 0 AR ARG A I X Aip i 20 22
HOE WA A BRA 1i8 SUR AR BER A A
Table 4 Average Recall Rate for Different Audio Processing

R4 TEAFHAEBEERFNTEHEEE X

Audio

Processing FHR MFR EFRR
MP3 Convert 99. 87 99.73 99.73
Resampling 99. 87 99. 47 99. 47
Shearing 100 99. 87 99. 87

5 HRIE

2SI R IE L AR SO AR Y A e RO DR AR R
T3 EEAEDRAIE A (1] 5 M B R A9 1 D0 T K 3 3 1 A7
F P JF A R e ERRE CREAL BT V) R A A
AR B PR 5 R IRE A SC T B9 v 8] i SORITRE T 1 (B A9
16 G (1) B A A DL JE 5326 6 A R 2803 0 2 e B R
(82 M. 0 T 5 A 2 22 8 O BE B AR Y 3 0
Fr B KRB 22 . 3175 18 4 4 9 DU 8 2
Iy ET7 1k AR v v I i S0 Y X 73 JBE I AR v ) 4
SRS iR RS R A T



2032

HEHLTR S &8 2015, 52(9)

S TR A Y PR AR Ak BB R R R AT
TR AN ] B 2% LAk PRS2 56 56 AE A6 2R 5 0 7
b 75 1T 4 A

(1]

2]

(3]

[4]

[5]

[6]

[7]

(8]

[9]

[10]

2 % X #

Haitsma J, Kalker T. A highly robust audio fingerprinting
system [ C] //Proc of the 3rd Int Symp on Music Information
Retrieval ( ISMIR2002 ).
2002: 107-115

Cord M. Gorisse D, et al.

Paris: Ircam-Centre Pompidou,

Precioso F, Efficient bag-of-
features kernel representation for image similarity search
[C] //Proc of the 18th IEEE Int Conf on Image Processing
(ICIP2011). Piscataway, NJ: IEEE, 2011 109-112
Grosche P, Miiller M, Serra J. Audio content-based music
retrieval [J]. Multimodal Music Processing, 2012, 3: 157—
174

Diamantaras K I, Kung S Y. Principal Component Neural
Networks [ M]. New York: Wiley, 1996

Hu Yonggang, Wu Yi, Bu Jiang. Dimensionality reduction in
audio fingerprint based on weighted PCA []J]. Computer
Applications, 2006, 26(9): 2250-2254(in Chinese)
AR, S, ML, JEF AL PCA 195 3 35 S e e H R
0J1. IFBEHLBL A . 2006, 26(9) . 2250-2254)

Shen L, Guan Y, Wu Y, et al. Fast audio fingerprint search
strategy for song identification [C] //Proc of the 2009 Int
Conf on Networking and Digital Society ( ICNDS 2009 ).
Piscataway, NJ: IEEE, 2009, 2. 259-262

Guibin Z, Miao L, Jiqing H. et al. A fast audio retrieval
method based on negativity judgment [C] //Proc of the 5th
Int Conf on Intelligent Information Hiding and Multimedia
Signal Processing (ITH-MSP2009). Piscataway, NJ. IEEE,
2009: 1156-1159

Panagiotou V, Mitianoudis N. PCA summarization for audio
song identification using Gaussian mixture models [C] //Proc
of the 18th Int Conf on Digital Signal Processing(DSP 2013).
Piscataway, NJ:. IEEE, 2013. 1-6

Haitsma J, Kalker T. An efficient database search strategy
for audio fingerprinting [C] //Proc of the 2002 IEEE
Workshop on Multimedia Signal Processing. Piscataway,
NJ: IEEE, 2002. 178-181

Chen M, Xiao Q, Matsumoto K, et al. A fast retrieval

algorithm  based on Fibonacci Hashing for audio

fingerprinting systems [C] //Proc of the 2013 Int Conf on
Advanced Information Engineering and Education Science

(ICAIEES 2013). Paris: Atlantis Press, 2013 219-222

(11]

(12]

[13]

[14]

[15]

)

ment,

Kurth F, Ribbrock A, Clausen M. Identification of highly
distorted audio material for querying large scale databases
[C] [//Proc of the 112th Audio
Convention(AES112). Los Angeles: AES, 2002. 1-8
Kurth F, Muller M. Efficient index-based audio matching
[J]. IEEE Trans
Processing, 2008, 16(2) . 382-395

Vitola C P J, Sepulveda J, Martinez J I. Fast content-based

Engineering Society

on Audio, Speech, and Language

audio retrieval algorithm [C] //Proc of the 18th Image,
Signal Processing, and Artificial Vision ( STSIVA2013).
Piscataway, NJ: IEEE, 2013: 1-5

Shibuya T, Abe M, Nishiguchi M. Audio fingerprinting
robust against reverberation and noise based on quantification
of sinusoidality [C] //Proc of 2013 IEEE Int Conf on
Multimedia and Expo(ICME2013). Piscataway, NJ: IEEE,
2013: 1-6

Barnea D I, Silverman H F. A class of algorithms for fast
digital image registration [J]. IEEE Trans on Computers,
1972, 100(2): 179-186

Zhang Xingzhong, born in 1964. MSc and
associate professor in Taiyuan University
of Technology. His main research
interests include pattern recognition and

database management.

Wang Yunsheng, born in 1987. MSc

candidate. His research interests include
audio retrieval based on content. rights-
managed digital audio(wawa_yun_sheng@

163. com).

Zeng Zhi, born in 1981. PhD, associate
professor. His research interests include
multimedia content management, pattern

recognition(zhi. zeng@ia. ac. cn).

in 1964. PhD and

professor in Taiyuan University of Tech-

Niu Baoning, born

nology. His main research interests include

autonomic computing and performance

management of database system, data

e,

data management and knowledge engineering and

management in cloud computing environ-

pattern recognition(niubaoning(@ tyut. edu. cn).



