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Abstract 
This paper presents an audio genre detection framework that 
can be used for a multi-language audio corpus. Cepstral 
coefficients are considered and analyzed as the feature set for 
both a language dependent and language independent genre 
identification (GID) task. Language information is found to 
increase the overall detection accuracy on an average by at 
least 2.6% from its language independent counterpart. Mel-
frequency cepstral coefficients have been widely used for 
Music Information Retrieval (MIR), however, the present 
study shows that Linear-frequency cepstral coefficients 
(LFCC) with a higher number of frequency bands can 
improve the detection accuracy. Two other GID architectures 
have also been considered, but the results show that the log-
energy amplitudes from triangular linearly spaced filter banks 
and their deltas can offer average detection accuracy as high 
as 98.2%, when language information is taken into account. 
Index Terms: Language Identification, Audio Content Analysis, 
Information retrieval, cepstral analysis, Gaussian Mixture Model. 

1. Introduction 
Information retrieval for audio-visual files has been the center 
of attention due to their abundance on the Internet. Text based 
searching and categorization methodologies have attained 
their state-of-the-art implementations; however variability and 
reliability have been the key problem with audio-visual 
materials. ISO standardization [1] for multimedia files may 
provide a text-based solution, but these texts can be easily 
altered by users, rendering the process unreliable. Content-
based genre detection addresses this issue, to reliably 
categorize audio files into respective genres by analyzing the 
audio signal content. However genres are usually language 
dependent. For example, ‘Rabindra-sangeet’ and ‘Adhunik’ 
are unique to Bengali. Likewise, there are other genres that 
are unique to a particular language or a set of languages, such 
as ‘HipHop’ is common to English and Spanish, but does not 
exist in Bengali. This difference necessitates the requirement 
of language-dependent genre identification (GID) that not 
only is found to improve genre detection accuracy, but also 
addresses the problem from a multi-language point of view.  
Huge efforts have been made to perform manual 
categorization of audio files. Dannenberg et. al. [2] report that 
Microsoft® employed 30 musicologists for one year to 
perform such a task. This claims the necessity of an 
automated procedure. Different approaches have been taken 
for automatic genre classification, which mainly differ in 
feature sets considered and classifiers used. The majority of 
these approaches directly or indirectly utilize the short-term 
spectral energy distribution of the audio file. Tzanetakis et al. 
[3] have implemented the discrete wavelet transform (DWT) 
for non-speech audio analysis and have achieved a success 
rate of 61% for classification amongst 10 genres. For audio 
that contain vocals, Kosina [4] achieved 88% accuracy with 3 

genres, McKinney et al. [5] achieved 74% success rate with 7 
categories and Mitra et. al [6] achieved an accuracy of 84.4% 
for 6 genres using Neural networks. Blum et al. [7] have 
implemented Mel-frequency Cepstral Coefficients (MFCC) to 
model music/audio signals and Logan [8] has shown that they 
work well for speech/music classification. Most of the initial 
results have been devoted to categorizing audio samples 
belonging to a specific language. For a multi-language 
corpus, the language information plays an important role in 
genre detection. Results from our earlier work [9] claim that a 
cascade structure, as shown in Fig 1, can be constructed 
which will perform genre detection based on the detected 
language of the audio file. However in such a structure, errors 
will propagate from one block to the next, resulting in 
increase of the errors. This problem led us to propose 
performing all the task of vocals-instrumental, language and 
genre detection in a single layer, as shown in Fig. 2. In such a 
case, the number of models will be a function of the number 
of possible languages and the number of genres in each 
language. 

 
Figure 1. Cascade architecture for language dependent genre 

detection 
 

 
Figure 2. 1-layer architecture for language dependent genre 

detection 
 

In this research we will show that using language information 
significantly improves the accuracy of genre detection. Both 
MFCC and LFCC with a Guassian Mixture Model (GMM) 
backend is considered for language dependent and language 
independent genre detection. It has been observed that LFCC 
performed better than MFCC. Based on the observations, log-
energy amplitudes from linearly spaced triangular filter-banks 
and their deltas are proposed as the feature set for language-
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dependent genre detection which is found to offer reasonably 
high detection accuracy. The proposed architecture is also 
compared with a beat-synchronized feature detection similar 
to [10] using Support Vector Machine and a Discrete Wavelet 
Transform (DWT) based technique using a GMM backend.  
 The organization of the paper is as follows: Section 
2 presents the database, Section 3 presents the beat-
synchronized feature detection. Section 4 presents the DWT-
GMM GID system. Section 5 presents and analyzes different 
parameterization for the GID system. Finally section 6 
presents conclusion and future work. 

2. Multilanguage Audio/Vocal database 
Due to lack of a standard corpus consisting of multiple 
languages and genres, the corpus used in this paper was 
created in-house. 1358 audio segments of approximate 
duration of 10 seconds  and sampled at 16 kHz were created 
and labeled manually from a larger audio file. From each 
audio file 3 to 8 audio segments were generated. 186 
segments are purely instrumental (INST) and the remaining 
1172 segments belong to 6 different languages: English 
(ENG), Bengali (BEN), Hindi (HIN), Spanish (ESP), Russian 
(RUS) and Chinese (CHN). English has the most number of 
genres (=7) and Russian, Spanish and Chinese have the least 
(=2). Altogether there are 11 different genres from 6 
languages. The distribution of the genres is given in Table 1. 
Approximately 67% of the files were used for training and the 
rest for testing.  
 

Table 1. Number of segments and genres vs Language 
 Languages 
 ENG BEN HIN ESP RUS CHN 

INST 

Segments 465 234 210 103 85 75 186 
# Genres 7 3 3 2 2 2 2 

 

3. Beat Synchronized Features 
The beat-synchronized feature is motivated by [10], which 
was proposed to address the variability in tempo. In the 
present work a feature vector of dimension 34 has been used. 
Each file has been processed by the beat-tracker designed by 
Ellis et. al. [10] and the feature vectors are computed for each 
beat sequence. The first 4 elements of the feature vector 
represent the first four moments of the periodic energy 
distribution [7] of the signal within that beat sequence and the 
periodic energy information is obtained by the periodic-
aperiodic-pitch detection algorithm proposed in [11]. The 
next 29 elements are obtained by estimating the subband 
energies obtained from using 30 Gabor bandpass filters that 
span the entire signal bandwidth and then normalizing them 
with respect to the first subband energy. The 34th element of 
the feature vector represents the beat span of that segment. A 
Radial-basis function kernel Support Vector Machine (SVM) 
was used and the Average Error Rate (AER) obtained for 
detecting only the 7 genres in the English part of the database 
was found to be 16%. The multi-class SVM was trained using 
the One-Versus-All method and the parameters C and σ were 
optimized using the grid-search. AER is a percentage error 
measure and is defined as: 

       
1

M

i i
i

AER f e
=

=�                     (1) 

where, M is the number of categories, fi is the frequency and 
ei is the percentage error rate of the ith category. 

4. The DWT-GMM GID System 
Wavelet coefficients provide a compact representation of a 
signal in both time and frequency. Tzanetakis et. al. have 
extracted the statistics of the non-overlapping DWT 
coefficient for the results in [3]. This research has used a 4-
level DWT using Haar wavelet [12] on overlapping window 
segments of frame length 10ms and frame advance 5ms. Each 
frame generates 16 DWT vectors and their first two moments 
were obtained. The mean of each of the vectors normalized by 
their standard deviation generates the 16 dimensional DWT 
feature set that are used to train the language dependent and 
the language independent GMM-UBM genre models of 
mixture 2048. The GMM models were trained using the 
Bayesian adaptation of the mean of the UBM. The AER 
obtained were 43.7% for the language independent model and 
32.1% for the language dependent models, showing a 
significant improvement in detection accuracy by 
incorporating language information. 

5. Signal Parameterization for GID 
The MFCCs have been used widely as they offer high 
accuracy in MIR tasks. Logan [8] has shown that the 
assumptions made in obtaining the MFCCs are consistent for 
MIR. MFCC3030 obtained from 30 mel-frequency cepstral 
coefficients (normalized by C0) and their deltas using a spread 
of 2, was considered as the feature set for the GID task. Also, 
LFCC4545 obtained from 45 linear frequency cepstral 
coefficients (normalized by C0) and their deltas, was 
considered as the competing feature set. Both the feature sets 
were used to train 2048 mixture GMM-UBM GID models for 
both language dependent and language independent scenarios.  
Fig. 2 presents the language dependent model architecture 
and for the given corpus 21 GMM models were constructed 
out of which 19 represents a unique combination of a 
language and it’s possible genre and the remaining two 
represents the two genres of the instrumental segments. Hence 
for each test file the backend will not only give the genre of it 
but also will determine whether it is purely instrumental or 
belongs to a language. Based upon this approach we can 
detect the genre (out of the possible 11 unique genres) to 
which the file belongs and this gives us the language 
dependent GID AER. Similarly 11 unique GMM models were 
trained corresponding to the 11 unique genres and all the test 
files were scored against them, which generated the language 
independent GID AER. Randomly four different training sets 
were selected from the corpus and the remaining were treated 
as the test set. This was performed to observe the bound of the 
AER, which will provide the robustness information of the 
proposed architecture. Table 2 presents the AER obtained 
from MFCC3030 and LFCC4545, where it can be seen that 
overall LFCC performed better than MFCC. To analyze 
whether the difference in the number of coefficients played a 
critical role, LFCC2222 (having similar interpretation as 
stated above except with different number of coefficients), 
was implemented. The first row in Table 2 gives the AER for 
language dependent GID and the second row gives the same 
for language independent GID. Beat-sync was used only on 
the English section of the corpus, hence had only 7 genres to 
detect. The high AER was discouraging enough to implement 
it for other parts of the corpus. From Table 2, it is evident that 
in all the cases language dependent GID performed 
considerably better than the language independent 
counterpart. It can also be seen that overall LFCC4545 
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performed better than LFCC2222, however the error bound is 
wider for the former. Thus it can be claimed: 
 

Table 2. AER for Beat-sync-SVM, DWT, MFCC & LFCC GID 
systems 

Beat-sync 
SVM 

DWT 
GMM 

MFCC3030 
GMM 

LFCC4545 
GMM 

LFCC2222 
GMM 

16.0 32.1 9.1 
(+1.5/-1.2) 

2.0 
(+5.7/-1.9) 

5.5 
(+2.0/-1.3) 

 43.7 17.4 
(+1.2/-1.2) 

5.7 
(+6.6/-5.7) 

15.1 
(+1.5/-1.0) 

 

Claim 1: Linear-frequency cepstral coefficients perform 
better than mel-frequency cepstral coefficients for genre 
detection. 
 

To observe the effect of the deltas, they were removed from 
the above 3 feature sets, which generated MFCC30, LFCC45 
and LFCC22. Table 3 shows that the low AER of LFCC4545 
can be attributed to the deltas as without them the 
performance of the LFCCs can become worse than the 
performance of the MFCCs. 
 

Table 3. AER for MFCC & LFCC GID system without deltas 
 MFCC30 LFCC45 LFCC22 

Language 
dependent 

13.0 
(+2.3/-2.1) 

17.7 
(+1.9/-2.9) 

8.5 
(+2.6/-2.3) 

Language 
independent 

22.4 
(+1.0/-0.9) 

27.0 
(+1.7/-3.1) 

19.9 
(+2.3/-3.4) 

 

Logan [8] has claimed that the discrete cosine transform 
(DCT) used in obtaining the MFCC coefficients for 
decorrelating the Mel-spectral features are appropriate for 
MIR. To analyze the claim, the above feature sets, MFCC30, 
LFCC45 and LFCC22 are generated without performing DCT 
on them, so that they represent the log-energy amplitudes 
from triangular mel/linear - spaced filterbanks. They are 
named as MFB31, LFB46 and LFB23. Note here that there is 
one extra coefficient in these feature sets as compared to the 
cepstral feature set, since the cepstral feature set is obtained 
by ignoring the 0th coefficient. 512 mixture GMMs could be 
trained using LFB46 and LFB23, since mixtures > 512 were 
returning empty clusters. However 2048 mixtures could be 
trained for MFB31. The results obtained are given in Table 4. 
 

Table 4. AER for MFB31, LFB45 and LFB23 based GID 
systems 

 MFB31 LFB46 LFB23 

Language 
dependent 

17.0 
(+2.9/-2.7) 

3.9 
(+0.7/-0.8) 

3.3 
(+1.8/-1.6) 

Language 
independent 

27.0 
(+2.0/-1.6) 

8.2 
(+0.7/-0.4) 

9.7 
(+0.4/-0.4) 

 

Several observations can be made from Tables 2 to 4: 
(1) DCT helps to improve the detection accuracy for MFCC 
but for LFCC it has adverse effect as observed from Table 3 
and 4. 
(2) Deltas computed for higher number of filterbanks contain 
more discriminatory information for MIR (which can be 
attributed to the significant deterioration of AER for 
LFCC4545 to LFCC45, where as a less significant 
deterioration for LFCC2222 to LFCC22). 
(3) The log-energy amplitudes from linearly-scaled filterbanks 
are better discriminatory features than mel-scale filterbanks 
for MIR. 
(4) The number of linearly-scaled filter banks and hence the 
frequency resolution has relatively less discriminatory impact 

for the log-energy amplitudes for MIR (which can be 
attributed to the relatively close AER values for LFB46 and 
LFB23). 
With the above observations the following claims can be 
made: 
 

Claim 2:  The discriminatory features of the deltas obtained 
from LFCCs increase with an increase in the number of 
linearly spaced filters. 
 

Claim 3: The discriminatory features of the log-energy 
amplitudes of the linearly-scaled filterbanks are relatively 
less sensitive to the frequency resolution of the filterbanks. 
 

From Claim 2 and observation (1), we can assume that the 
deltas obtained from the LFB’s should contain at-least as 
much discriminatory information as the deltas from the 
LFCCs, since the DCT is not found to improve the 
discriminatory power of the log-amplitude energy of the 
linear-scaled filterbanks. This led us to introduce three new 
feature sets LFB46D46, LFB23D23 and LFB23D46, where 
the first number ‘N’ represents the number of linear-scaled 
filterbanks used to obtain the ‘N’ log-energy amplitudes and 
the second number ‘M’ represents the number of linear-scaled 
filterbanks used to obtain ‘M’ delta log-energy amplitude 
values, using the delta spread 2. Thus in view of Claim 2 we 
can guess that LFB46D46 and LFB23D46 should generate 
better results than LFB23D23, since the former two feature 
vectors have deltas with higher frequency resolution than the 
later. For LFB23D23 and LFB23D46, GMMs with mixtures 
up to 1024 could be trained and for LFB46D46, GMM with 
mixtures up to 512 could be trained, as any mixtures greater 
than these would result in empty clusters. The results obtained 
are shown in Table 5. 
 

Table 5. AER for LFB46D46, LFB23D23 and LFB23D46 
GID 

 LFB46D46 LFB23D23 LFB23D46 

Language 
dependent 

2.0 
(+0.9/-0.7) 

2.5 
(+0.8/-0.9) 

2.0 
(+1.1/-1.3) 

Language 
independent 

5.6 
(+0.6/-0.7) 

8.8 
(+1.1/-0.7) 

6.6 
(+2.8/-5.3) 

 

Thus Table 5 corroborates Claim 2 and observation (1) since 
the AER from LFB46D46 and LFB23D46 are found to be 
better than LFB23D23. Thus it can be claimed that – 
 

Claim 4: DCT does not improve the discriminable features 
obtained from the log-energy amplitudes of linearly-scaled 
filterbanks for MIR. 
 

From Table 5 it is evident that LFB46D46 performed 
superiorly, closely followed by LFB23D46. However 
LFB23D46 has dimension 69 compared to LFB46D46, which 
has 92. Due to this fact, LFB23D46 is more desirable for 
practical applications. The backend can be optimized 
significantly to improve the AER for LFB23D46 as observed 
from Fig. 3, which shows that the optimal result can be 
obtained by adapting the mean and the variance from the 
UBM and using the 512 mixtures for the GMM. This result 
was obtained by using a single training and the corresponding 
test set. Using mean and variance adaptation for 512 mixture 
GMM with LFB23D46 as the feature set the AER obtained 
for language dependent models was 1.7(+0.5/-1.3) and for 
language independent models was 4.3(+0.8/-1.2). Language 
detection and detection of Instrumental files from vocals can 
also be performed from the proposed architecture. Using the 
LFB23D46 feature set with the same backend as given above, 
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the AER obtained for language detection is 1.44(+0.56/-0.77) 
and the AER for instrumental file detection from vocal files is 
1.43(+0.33/0.11). Comparing the results with [9] shows a 
significant improvement in language detection accuracy as 
well as vocals-instrumental detection accuracy. 
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LFB23D46 μ Adapt
LFB23D46 μ σ Adapt
LFB23D46 μ σ w Adapt

 
Figure 3. AER vs GMM order for different adaptation 

schemes using LFB23D46 for language dependent models 
 

The effectiveness of the proposed log-energy amplitude 
based feature set with the GMM backend can be attributed to 
the fact that the feature set generates a unique distribution 
corresponding to each class that the GMM successfully 
models. This fact could be established by estimating the 
Kullback-Leiblar divergence (KLD) between the feature 
vectors corresponding to different models. For single order 
GMM λ(�,Σ,w), with a full covariance matrix Σ, the KLD has 
an analytical solution[13] 

         
1 1

KL

1 1

D ( ) ( ) ( ) 2

(( )( )( ) )

P Q Q P

T
P Q P Q P Q

P Q tr tr S

tr μ μ μ μ

− −

− −

= Σ Σ + Σ Σ −

+ Σ + Σ − −

�
    (2) 

where, P(i) and Q(i) are the probability distributions of two 
discrete random variables and λP(�P,ΣP,wP), λQ(�Q,ΣQ,wQ) are 
their single order GMM models. Single order GMM models 
were trained using mean adaptation from single order UBM 
using LFB46 as the feature set. The average KLD for the 
language dependent case was found to be 37.4. This measure 
is only an approximation, it can be seen that if a discrete 
probability density function is formed by binning the data into 
N bins (N>>0) and then obtaining the frequency of the feature 
vector elements in those bins, that 

   ,
,

,

( )
( ) ( ) ( ) log

( )lim p i
KL p Q p i

N i N Q i

f x
D f x g x f x

g x→∞ ∈

� �
� � = = ∞� �� �

� �� �
��  (3) 

where, ( )pf x and ( )Qg x  are probability distribution of  

random vectors Px and Qx for class P and Q. For infinite 

number of measurements, a link between likelihood ( L ) and 
KLD can be established [14] as 
             2( ) logKLD P Q L= −�                           (4) 

which states that if the distributions P and Q are identical then 

L  = 1 and DKL = 0 or L = 0 and DKL = �. The GMM scores 
are log likelihood ratios, which determine that given a GMM, 
how likely it is that the input vector belongs to that GMM. 
The obtained KLD value shows that this likelihood is zero (or 
almost zero) for feature vector Px  and GMM  ( ,  ,w)Qλ μ Σ , 

when P Q≠ . This justifies the suitability of the proposed 
log-energy amplitudes as a feature set for the GMM for the 
task of genre detection. 
 

6. Conclusions 
We have shown that language information helps to increase 
the GID accuracy. We have also proposed log-energy 
amplitude (from triangular linearly spaced filter banks) and 
their delta based feature set that provides high GID accuracy 
reliably with a relatively small error bound. We have shown 
that linear-filterbanks provide better features than mel-filter 
banks for the GID task and DCT does not improve the 
performance of the proposed vector. The proposed LF23D46 
feature set has a smaller dimension than any of the feature sets 
that have been found to produce similar results and it uses 2 
different frequency resolutions for the log-energy amplitude 
and their deltas. The average GID accuracy for the proposed 
feature set was found to be 98.2(+1.2/-0.5). The proposed 
architecture can also be used for language detection as well as 
vocals-instrumental detection and the results indicate superior 
AER than [9]. Future research should address detecting the 
gender as well as the identity of the vocalist. Also an 
experiment on a larger data set with a larger number of genres 
and languages will prove the robustness of the proposed MIR 
system. 
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