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Abstract 
Although relatively neglected in auditory analysis, phase 
information plays an important role in human auditory 
intelligibility. This paper investigates a Frequency 
Modulation (FM) based feature and its contribution to a 
Language Identification (LID) system, using a Hierarchical 
LID framework. FM components represent the phase 
information of a given signal in an AM-FM model. In this 
paper, we extract a FM-based feature using a technique 
which produces consistent and continuous FM components, 
and build a LID system on this feature with GMM based 
modeling. The performance is improved by combining this 
system with existing MFCC, Prosody based systems and a 
PRLM system. When compared to the baseline system 
without integrating a FM-based system, the proposed 
Hierarchical LID system shows improvements. Additionally, 
the proposed system outperforms the GMM fusion-based 
system integrating the same four primary systems, showing 
that the Hierarchical LID framework is more effective in 
integrating additional features. 
Index Terms: frequency modulation, language identification, 
hierarchical classification, fusion 

1. Introduction 
Recent research in Language Identification (LID) has mainly 
focused on back-end classification and feature enhancement 
techniques. Various classifiers, learning schemes and fusion 
techniques have been proposed and evaluated, such as 
Gaussian Mixture Model (GMM) and Support Vector 
Machine (SVM) classifiers for acoustic systems, and Hidden 
Markov Model (HMM) classifiers for phonetic systems. 
More recently, positive results have been achieved by SVM 
based hybrid classifiers which integrate another classifier in 
SVM by using the likelihood scores as a super vector, e.g. 
SVM-GMM [1]. To incorporate a number of LID systems 
which utilize different features and/or varied classifiers, 
fusion techniques have been the subject of much 
investigation, such that most state-of-the-art systems are 
fusion-based systems. By fusing the scores from different 
classifiers, a higher performance can be achieved than from 
independent LID systems, even if any one primary LID 
system does not exhibit superior performance to others.
However, exploring alternative features other than those 
spectrum magnitude based features (e.g. MFCC) has drawn 
less attention. 

Recent research has found that phase information in 
speech signals, along with magnitude information, contributes 
to auditory intelligibility [2]. Several phase-related features 
have been proposed and evaluated in varied speech 
processing research areas [3]. Due to the fact that these 
features are relatively unstable and it is difficult to separate 

the phase information accurately, there has been little 
progress until recently with Robust ASR and Speaker 
Identification [4, 5], where a Modified Group Delay Function 
(MODGDF) is used. MODGDF has been tested in Language 
Identification but did not show a significant or stable 
performance improvement [4]. With this as motivation, we 
investigated an alternative phase-related feature and 
introduced this feature to a Hierarchical LID system. The 
Hierarchical LID framework has been shown to be more 
effective in integrating multiple features into the LID system 
than commonly used fusion-based systems [6, 7].  

The alternative phase-related feature comes from the 
Frequency Modulation (FM) components of a speech signal 
in the AM-FM model [8]. Examining the extraction process 
of the commonly used Mel-Frequency Cepstral Coefficients 
(MFCC), we notice that only the magnitude part of the short-
time spectrum is used to produce the coefficients, by applying 
a Mel-scale filterbank and Discrete Cosine Transform (DCT). 
The phase part of the spectrum is simply discarded. This 
method is not unique to the MFCC process, but is practiced in 
other spectral magnitude-based feature extraction techniques, 
because classic theories did not suggest a significant 
contribution of phase information to human audible 
intelligence [2]. In this paper, a FM-based feature is 
introduced to carry phase-related information. By utilizing a 
novel all-pole model to extract FM components, this feature 
extraction technique produces a more consistent FM-based 
feature representation.  

This FM based feature is modeled by a GMM based 
classifier with the help of Universal Background Model 
(UBM), Shifted Delta Coefficients (SDC) and Segmental 
Histogram Normalization (SHN) [9]. SDCs capture temporal 
variation patterns and SHN reduces channel/speaker variation. 
The evaluation results show performance improvement by 
introducing the FM-based feature, compared to a LID system 
using MODGDF in previous research [4]. 

There is more than one approach to integrate a FM 
feature-based LID system to existing LID systems. Fusion-
based LID systems have achieved the state-of-the-art 
performance for their ability to integrate multiple LID systems 
which utilize different features or modeling techniques. Most 
fusion techniques such as linear weighting, GMMs, or Neural 
Networks accept a combination of the likelihood scores 
produced by primary LID systems and produce another set of 
likelihood scores for a final decision. However, existing 
fusion techniques sometimes experience difficulty in 
improving performance when the number of languages and 
features increases [6], because all language hypotheses are 
examined at a single level. This means the variation of the 
distances between languages in different feature spaces is not 
sufficiently considered. 

The Hierarchical LID (HLID) framework has been 
proposed [6] to alleviate this performance degradation. This 
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multi-level classification approach aims to ensure that the 
most discriminative hyper-plane in feature space is used at 
each classification level, and therefore achieves the best 
performance. An unsupervised language-clustering technique 
is also developed for constructing the optimal hierarchical 
structure according to the distances between clusters in terms 
of available features or primary LID systems. More details of 
the Hierarchical LID system will be discussed in section 3. 

2. FM based feature 
Frequency Modulation represents the phase information of a 
speech signal in an AM-FM model [8]. Based on modulation 
models of speech production, vocal tract resonances are 
modeled as AM-FM signals in an AM-FM model. Therefore 
a speech signal s[n] can be represented as the sum of all 
resonances: 
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where K is the total number of resonances, ak[n] and 
[ ]k nφ  are the AM component and phase of the kth resonance, 

respectively. To isolate the FM component of each resonance 
from others, a band pass filter is applied to each resonance 
component. The following equation can then be derived: 

1
2 2 [ ]

[ ] [ ]cos
n

ck kr
k k

s

f n q r
p n a n

f
π π

=
� �+
� �=
� �� �

�  (2) 

where pk[n] is the output of the kth band pass filter, qk[n] is 
the corresponding FM component, fs is sampling frequency 
and fck is the center frequency of this band pass filter. 

A number of methods exist for FM component extraction, 
including the popular DESA algorithm and Hilbert transform-
based methods. However, the FM estimates produced by these 
techniques are not sufficiently consistent due to occasionally 
appeared spikes [10, 11]. Consequently, accuracy sufficient 
for classification cannot be achieved by directly using these 
FM estimates as features. 

To produce a more consistent FM based feature, an 
alternative technique has been proposed [11] in which the 
signal from each band is modeled by a second-order all-pole 
resonator and thereafter the FM component is derived from 
this resonator. This method simply and effectively removes 
higher-order variations. The parameters of the resonator are 
estimated by using linear prediction, and the FM estimate can 
be derived from the pole angle of the resonator. 

Given a resonator 
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The kth band signal can be represented as 
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Comparing this equation to an AM-FM model, the FM 
estimate in the kth band can be derived as 
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2
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where θθθθk is the pole angle derived from the linear predictor 
coefficients of the kth band signal pk[n]. It is assumed that an 
AM-FM model is valid over the duration of a window 
centered at n. The window size is heuristically selected as 
25ms, with a 15ms overlap. The FM components from all 

bands are then concatenated to form a FM feature vector.  
Due to the difficulty of accurately tracking each vocal 

tract resonance, 14 critical bands with center frequencies 
ranging from 0.3 to 3.4 kHz are used, basing this selection on 
the bandwidth of telephone speech databases. Gabor filters 
are selected as band pass filters to produce sharp and clear 
sub-band signals. 

3. Hierarchical LID 
In the HLID framework language hypotheses are clustered 
hierarchically to form a tree structure as shown in Fig. 1. In 
this structure, each leaf is an individual language hypothesis, 
and other nodes are language groups containing language 
hypotheses from their child nodes. The test speech utterance 
is classified level-by-level, according to the most 
discriminative feature at each level [6]. This single feature 
selection scheme was replaced by a more advanced fusion 
scheme later in [7], where varied primary LID systems are 
fused together to make a more precise classification decision 
at each level. The thick arrows in Fig. 1 show an example of 
a classification path.  

Figure 1. An example of a Hierarchical Language 
Identification process 

To expose the most discriminative hyper-plane in feature 
space at each classification level, an unsupervised 
agglomerative clustering process has been proposed to (a) 
create the hierarchical classification structure, and (b) to 
select the most discriminative feature at each level [6]. Based 
on the selected distance measure, the most similar languages 
or language groups are merged to form bigger groups, level-
by-level, as shown in Fig. 2. This clustering process ensures 
that at each level the distances between language groups are 
always larger than the distances between the languages within 
a given language group. In addition, language group models 
are more precise and robust than individual language models, 
as the languages within a group share similar characteristics. 
In other words, they are close to each other in feature space. 
Therefore, the greater amount of training data (i.e. from all 
languages within the group) helps to increase precision in 
model training. In initial research [6], a pair-wise 
performance-based distance measure was used. Considering 
the high computation cost and the requirement of a large 
amount of development data, this performance-based distance 
measure was replaced later by Cross Likelihood Ratio (CLR) 
and Kullback-Leibler divergence (KL-divergence) based 
distance measures [7]. These two latter measures both achieve 
a higher classification performance, with lower computation 
cost. The KL-divergence based distance is used in this paper 
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due to its associated advantage that development data is not 
required, as it is calculated directly from language and/or 
language group models. 

Figure 2. An example of language clustering process in 
Hierarchical LID 

4. Integrating FM based feature into 
Hierarchical LID system 

A GMM-UBM based LID system was developed to model 
the FM based feature. Fig. 3 illustrates the diagram of this 
system. In training, after having been extracted the speech 
data, FM-based features are expanded by modified Shifted 
Delta Coefficients (SDC) processing to enhance the temporal 
information. Following this, segmental histogram 
normalization is applied to normalize the distribution of 
feature data to a Gaussian distribution, which removes 
channel and speaker variation. Part of those processed feature 
data (labeled as Background Model (BM) data) is used for 
training the Universal Background Model (UBM), while the 
remaining part is used for adapting the UBM to GMMs 
corresponding to each language hypothesis, by using the 
Maxium-a-posterior (MAP) adaptation technique.  

In testing, the FM feature is extracted from the target 
speech segment and compared to each of the language GMMs. 
The language hypothesis associated with the maximum 
likelihood score is given as the classification result. 

Figure 3. Diagram of FM based LID system 
This FM-based LID system was integrated into a 

Hierarchical LID system as a primary system, in addition to 
three other primary systems: a GMM based system accepting 
MFCC features; a GMM based system accepting prosodic 
features (pitch and intensity); and a uniphone recognizer 
based Phone Recognizer followed by Language Model 
(PRLM) system, which have been developed in previous 
research [7]. Fig. 4 illustrates that the likelihood scores 
produced by the proposed FM based system are concatenated 
to the likelihood scores from other primary systems and are 
fed into GMM fuser to produce final scores in one of the 
classification levels.  

Figure 4. Fusing primary systems at one of the 
classification level 

5. Experiments 
For all three GMM-UBM based primary LID systems, the 
mixture number was 256, and the SDC parameters were 7-3-
3-7. For the MFCC based system, 7 coefficients were used; 
for the prosody based system, pitch and intensity were used; 
[6]. A PRLM system was used as the fourth primary system, 
and its uniphone recognizer was trained from the labeled 
corpus of the OGI database. Two baseline systems were 
developed: one only integrated three primary LID systems 
without the FM-based system, the other integrated all four 
primary systems with GMM fusion instead of Hierarchical 
LID. 

To investigate any performance variation between 
different databases, and to compare with results of other 
research, the baseline systems and proposed systems were 
evaluated on two different databases: the OGI multilingual 
telephone speech database, and the CallFriend Multilingual 
telephone speech database. For each database, Hierarchical 
LID models (incl. clustering structures, fusers at each level, 
and language/language group models) were created for both 
the HLID baseline system and the proposed system. They 
both utilized the KL-divergence based distance measure for 
language clustering.  

The OGI telephony speech database is a multi-language, 
multi-speaker corpus, composed of a minimum of 90 calls 
(approx. 2 minutes each, different speakers for different calls) 
in 10 languages. 50 calls were used as the training set, 20 as 
the development set and the remaining 20 as an evaluation set. 
The language clustering process was conducted on the 
training and development sets. Every individual primary LID 
system, the baseline systems and the proposed system were 
evaluated. Results are shown in Table 1. 

Table 1: : Error rates of varied systems on OGI 
database with 30s test duration 

SYSTEM ERR%
Primary system - MFCC 9.7 
Primary system - Prosody 18.6 
Primary system - PRLM 10.8 
Primary system - FM 17.1 
Fusion system 
 - with MFCC, Prosody, PRLM and FM 

7.3 

Hierarchical LID system 1 
 - with MFCC, Prosody and PRLM 

7.9 

Hierarchical LID system 2 
 - with MFCC, Prosody, PRLM and FM

6.3 

The primary LID system utilizing FM-based feature 
achieved a similar performance as the Prosody based system, 
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and performed worse than the MFCC based system and the 
PRLM system. Although the FM-based feature alone 
performed significantly worse than the spectrum magnitude 
based feature, it improved the overall performance when 
incorporated with the other three primary systems. Under the 
same configuration, the Hierarchical LID system with the 
FM-based system (system 2) outperformed the one without 
FM-based system (system 1) by reducing the error rate from 
7.9% to 6.3%. This result also outperformed the GMM fusion 
based system which combined the same four primary LID 
systems. The language cluster structures in the two HLID 
systems are slightly varied due to the introduction of the FM 
feature. Although the baseline performance reported in this 
paper is significantly higher than in [4] which was conducted 
on the same OGI database, it can be shown that the relative 
improvement achieved by introducing the FM feature in this 
paper is significantly larger than by using MODGDF in [4], 
indicating that a FM-based feature potentially works better 
than MODGDF in case of language identification. 

The CallFriend database contains 60 half-hour telephone 
conversations for each of its 12 languages. This database was 
separated into three equally sized sets to act as training, 
development, and testing data sets. To reduce computation 
time, a smaller dataset was selected from the CallFriend 
training sets for the clustering process. This smaller set 
consisted of around 2 hours of speech for each language, and 
was well balanced with speakers. Similarly, individual 
primary systems, baseline system and the proposed system 
were evaluated on the NIST LRE 2003 task (30s only, 
primary condition, no Russian). The performances are 
reported in Table 2. 

Table 2: Equal Error Rate (EER) of varied systems in 
NIST LRE 2003 30s tasks 

SYSTEM EER%
Primary system – MFCC 11.9 
Primary system – Prosody 25.3 
Primary system – PRLM 14.6 
Primary system – FM 21.9 
Fusion system 
 - with MFCC, Prosody, PRLM and FM 

7.0 

Hierarchical LID system 1 
 - with MFCC, Prosody and PRLM 

6.2 

Hierarchical LID system 2 
 - with MFCC, Prosody, PRLM and FM

5.7 

It can be observed that the HLID systems performed 
better than the conventional GMM fusion system, and 
integrating FM feature improved the performance. The HLID 
system with all four primary LID systems achieved 5.7% in 
EER, which is a relative 18.6% EER reduction compared to 
the fusion based system. Under the same Hierarchical LID 
framework, the introduction of the FM feature based system 
improves the overall performance in a relative 8.1% EER 
reduction.  

These experiments on both OGI and CallFriend databases 
show that incorporating FM features provided extra 
information, and that Hierarchical LID systems are more 
capable of capturing this extra information. 

6. Conclusion 
FM-based features, derived from an AM-FM model, 
represent important phase information of speech signals. 

Conventional FM extraction techniques have the problem of 
producing discontinuous FM components. The alternative 
extraction technique investigated in this paper alleviates this 
problem by fitting signal to a second-order all-pole model, 
and utilizing a relatively larger window. The FM-based 
feature is modeled by a GMM-UBM based system featuring 
SDC and segmental histogram normalization. Although the 
FM-based system does not show a superior individual 
performance than MFCC-based systems, integrating the FM 
based system to existing LID systems improves classification 
accuracy.  Hierarchical LID, as an effective alternative for 
fusion, shows good performance on combining multiple 
features or primary systems in language identification. The 
proposed Hierarchical LID system in this paper outperformed 
a fusion-based system on both OGI and CallFriend databases 
when integrating the FM-based system.  
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