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Abstract This paper proposes a robust audio fingerprinting system based on local spectral luminance maxima (LSLM) scheme using image processing approaches. Our approach treats spectrogram of an audio clip as a 2-D image and extracts the local luminance maxima of spectrum image as the discriminative characteristics. LSLM are selected due to resilience against quantization, compression, and noise addition, etc. Experimental results show that the proposed binary audio fingerprints outperform some of the state-of-the-art in the context of both robustness and reliability, especially in the noisy environment. Index Terms: audio fingerprints, local spectral luminance maxima



1. Introduction With the advancement of both computer and internet technology, information retrieval has become very popular in many fields. Audio retrieval as one of such applications has attracted a great of attention over the last decade. As for various distortions, such as quantization, compression, ambient noises, etc, there still exists an important issue on how to effectively and reliably retrieval. Audio fingerprints as one of the most promising solutions are proposed in recent years and defined as perceptual features of audio content, which aim to provide fast and reliable methods for content identification [1, 2, 3]. A good fingerprint implies robustness, discrimination, efficiency [1]. That is to say fingerprints of distorted signal should be similar with ones of the original, different perceptual audio clips have different fingerprints, and the fingerprints are conductive to retrieval. Many methods have been proposed recently [2, 4, 5], where histogram based on kd-tree algorithm [5] and binary fingerprints based on hashing algorithm[2, 4] are two major solutions. Hashing algorithm with fast retrieval gets more attentions. In addition, Philips scheme named robust hashing algorithm proposed by Haitsma and Kaiker is proven to be a robust and accurate audio fingerprinting scheme[2, 6]. In this method, spectral feature is extracted, and then differences of adjacent sub-bands and frames are quantized to binary string as audio fingerprints, which is a good representation of audio content as low-level feature [2, 6]. However, it is susceptible to interference and sensitive to a flip of bit, which will result in the significant deterioration of performance in noisy environment. For this purpose, many methods for robust fingerprints are proposed[7, 8, 9], most of which are based on spectral temporal information, the problem is partly solved. In this paper, audio fingerprinting based on local spectral luminance maximum (LSLM) scheme is proposed. We treat spectrogram of an audio clip as a 2-D image and extract the LSLM



as the discriminative characteristics. This paper is organized as follows: In section 2, we briefly introduce an overview of audio fingerprinting system. Section 3 illustrates the proposed scheme and detailed experiments and performance evaluations are presented in section 4. Finally, section 5 gives the conclusion.



2. Overview of Audio Fingerprinting System An overview of the audio fingerprinting system is shown in Fig. 1, which is generally made up of feature extraction, hash search and fingerprints match [1, 2]. Fingerprints are extracted from queries, and then candidates are searched using hash table established from audio fingerprint database (DB). Finally, targets are hit at the match stage. In this system, feature’s robustness and discrimination directly influence the performance of system. Robustness means fingerprints are immune to all kinds of distortions and retain the similarity, which guarantees a high recall rate in hash search stage, and discrimination refers to the capability of representing audio content to gain high precision in the match stage. Many of the existing features used in audio retrieval [2, 4, 7] obtain a high precision in final stage. This is usually based on the hypothesis that the matched clips come from the same source and they are only degraded by different distortions. After a brute-force search, high precision and recall rates will occur, however, it is time exhaustive. Hashing algorithm provides a scheme to quickly locate the targets. Nevertheless, it uses the local descriptors as the key, which needs a quite robust description for local characteristic, even one bit. Generally, common method increases the size of frame to improve robustness. Even so, it is not an effective solution, which will result in dilemma for short audio clips. In this paper, we focus on the robustness of fingerprints and propose a novel robust fingerprint based on LSLM scheme. Audio
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Figure 1: Overview of an audio fingerprinting system



3. Proposed Audio Fingerprint Robust audio fingerprints based on LSLM scheme are extracted based on FBANK feature. First of all, audio clips are split into



frames with overlap, each frame is windowed by a Hamming window and transformed into spectral domain; subsequently sub-band energy is calculated through Mel-filter banks, finally 32 dimensional FBANK feature are extracted. Fig.2 supplies an



smoothed spectrum at the block k, where M is the block length. As shown in Fig.4, density of black means the luminance in the smoothed spectrum, and divided into 4 categories. Quantization is performed according to quadrant of the local luminance maximum.



Spectral image(Fbank feature) from an audio clip



ik = argmax{¯ ek (n)}, n = 0, 1, ..., N − 1
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Figure 2: Spectral image and 32 dimensional spectrum of one frame with different distortions instance of a spectral image and 32 dimensional spectrum of the same audio frame with different distortions. From this figure, we find that adjacent frames at the same sub-band are smooth in the local of spectral image, especially for relatively long frame length, for example 1024, 2048, etc (sampling frequency fs =8 kHz). However, these peaks with higher sub-band energy are resistant to distortions and adjacent sub-bands of which keep a similar gradient, which is a robust characteristic. Therefore, adjacent frames are less distinguished than adjacent sub-bands in the local, which is not considered in most of the existed algorithms. Based on these facts, we proposed a simple but effective audio fingerprint based on LSLM, detailed illustrations are showed in Fig. 3 and Fig.4. Spectral image (FBANK Feature)
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ik = diﬀmax2 (˜ ek (n)) > δ ? argmax{˜ ek (n)} : 0



where1 δ is empirical threshold to control the quantization ambiguity, which can improve robustness, especially for unstable high frequency regions. To investigate the effectiveness of the proposed fingerprints, we select 1000 5s-audio clips without distortions as queries and degrade the 1000 queries with added white noises of SNR 5 dB as the test clips. We calculate the minimum hamming distance referred to Bit Error Rate (BER) between each pair of a query and a test clip, in which totally there is 1000 × 1000 (106 ) trials consisted of 1000 matches and 999000 mismatches. Based on this experiment, we give the distance probability distribution function (PDF) compared with Philips scheme in Fig.5. We see Distance PDF of match and mismatch target 100 90
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Figure 3: Feature extraction in proposed scheme
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1000×1000 (106) trials and 1000 true tests and 999000 imposter tests.The distance PDF is shown.
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where e˜k (n) is the normalized spectrum of block k. We define diﬀmax2 () as a function that calculates the absolute difference of the top two in a vector, which return a positive real number.
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N is the block height and ik ∈ [0, N − 1] is the local peak, referred to a local spectral luminance maximum, and then, ik is converted into the corresponding binary string as the local descriptor of block k. In the proposed system, both of M and N are empirically set as 4. To improve the robustness of quantization, we examine the maximum and the second maximum to decide the quantization confidence, the closer the top two, the less accurate the quantization. An intuitive idea is to quantize these blocks with low confidence to a same binary string.
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Figure 4: Detailed illustrations of LSLM quantization FBANK feature as a 2-D spectral image is partitioned into blocks of 4 × 4 with overlap of 50% in sub-band and frame. We denote Ek (m, n) as the spectral energy at frame m and sub∑M −1 1 band n in the block k. e¯k (n) = M m=0 Ek (m, n) is the
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Figure 5: Distance PDF of matches and mismatches compared with Philips system and proposed one, frame length is 1024. that both of PDFs are bimodal distribution and we can easily find the optimal decision threshold. Additionally, two peaks on 1 The formula is similar to the C language expression of the three objectives.



the PDF of the proposed are farther away. It implies that the proposed audio fingerprints are more discriminative. In addition, to investigate the robustness of the proposed, 1000 queries are used to retrieval in hash table established from fingerprints of 1000 test clips above. We count the fingerprints directly hitting targets using hash table, without consideration of final match result and give the direct hit rate per fingerprint of query in hashing search stage in Table 1. From Table 1, we see that



Table 1: Hit rate per fingerprint in hashing search stage. Philips System 0.016



Proposed System 0.090



direct hit rate per fingerprint in hashing search stage improve significantly. Subsequently, we will give further evaluations of the proposed fingerprints in the next section.



Figure 6: maximum recall rate for different frame sizes at different distortions compared with Philips scheme. 512, 1024 and 4096 in chart are the sample number for sampling frequency Fs =8 kHz Performance of the Philips System (FrameLength=1024)



4. Performance Evaluation



4.1. Evaluation of frame size In this section, we investigated the factor of frame size on the performance. We used 1000 queries to do retrieval in the degraded DB and studied the relation between the maximum recall rates and frame size. From Fig.6, we see that both of the recall rates with the increase of the frame size are higher. Additionally, Philips scheme is more sensitive to frame size, especially for MP3 8kbps. The proposed LSLM scheme is more robust and reliable for short frame.
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Figure 7: Performance of Philips system with frame size 1024 (Fs =8 kHz). Performance of the Proposed LSLM System (FrameLength=1024) 100
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The performance of LSLM scheme was evaluated using a 10h phone-call record as database. To investigate the performances of the proposed under different distorted conditions, the 10-hour phone-call record was degraded with MP3 compression (MP3 32 kbps, Mp3 16 kbps, Mp3 8 kbps), added white noises with SNR of 20 dB ,15 dB ,10 dB ,5 dB , 0 dB ,-5 dB). These distortions were used to simulate the interferences in real environment. Totally, the original phone-call record and the degraded ones constituted the entire test database (100-hour database(DB)). 1000 5s-clips selected randomly form original audio database were queries. All the clips of DB were sampled with 8 kHz and 16 bits linear equalization. The fingerprints were extracted using 32 critical bands from 80 Hz to 4 kHz based on FBANK feature, where frame step was 192 (24 ms per frame). System performance was measured using precision and recall rate. In the following experiments, we designed three experiments, compared with the well-known Philips system , to study the impact of different factors on the performance, such as frame size, distortions (compression, noise, etc.) and noises with different SNR. We used a same audio retrieval engine, just with different fingerprints to evaluate the performances.
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Figure 8: Performance of the proposed LSLM system with frame size 1024 (Fs =8 kHz).



4.2. Evaluation of all kinds of distortions In this section, we focus on investigating the overall performance of the proposed algorithm for all kinds of distortions, such as MP3 32 kbps, 16 kbps, 8 kbps, added noises with SNR of 10 dB and 5 dB. Detailed comparisons for frame size 1024 are showed in Fig.7 and Fig.8. “pre” and “rec” are short forms of precision and recall rate in the following figures. We can see that the proposed scheme outperforms the Philips scheme, especially for SNR 10 dB, 5 dB and MP3 8 kbps. Moreover, both of precision and recall rate are above 0.95 at BER threshold 0.30



for MP3 32 kbps, 16 kbps, 8 kbps and SNR 10 dB. 4.3. Evaluation of noises with different SNR In this section, we evaluated the performance of the proposed scheme in noisy environment with frame size of 1024 and 4096. 1000 5s-queries were used to do retrieval in different noisy environment, such as added white noises with SNR 20 dB, 15 dB, 10 dB, 5 dB, 0 dB, -5 dB. Compared with Fig.9 and Fig.10, we see that the proposed scheme do well for added noises with
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Figure 9: Performance of Philips system with frame size 1024 (Fs =8 kHz)
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Figure 11: Performance of Philips system with frame size 4096 (Fs =8 kHz)
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Figure 10: Performance of the proposed LSLM system with frame size 1024 (Fs =8 kHz).



Figure 12: Performance of the proposed LSLM system with frame size 4096 (Fs =8 kHz).



SNR 20 dB, 15 dB and 10 dB. To study the ultimate performance of system in this DB, we also evaluated the performance of frame size 4096 shown in Fig .11 and Fig.12. Given an empirical BER threshold, the best precision and recall rate for noises 5dB is 0.9988 and 0.9114 for BER=0.30; 0.9322 and 0.9302 for BER=0.35. Compared with Philips scheme, the performance has been improved significantly.



[2] J. Haitsma and T. Kalker, “A highly robust audio fingerprinting system with an efficient search strategy,” Journal of New Music Research, vol. 32, no. 2, pp. 211–221, 2003.



5. Conclusions This paper has proposed a robust audio fingerprinting system based on LSLM. We treat spectrogram of an audio clip as a 2-D image to extract robust fingerprints. Experimental results show that our proposed LSLM scheme is more robust and reliable, especially for noisy environment. Additionally, LSLM scheme is insensitive to frame size, and still effective for short frame.
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