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In many criminal cases, evidence might be in the form of recorded conversations, possibly over 
the telephone. Therefore, law enforcement agencies have been concerned about accurate methods 
to profile different characteristics of a speaker from recorded voice patterns, which facilitate to 
identify him/her or at least narrow down the number of suspects. This paper proposes a new 
gender and age group recognition approach based on Non-Negative Matrix Factorization (NMF) 
(Lee and Seung, 2001). First, an acoustic model is trained for all speakers in a training database 
including male and female speakers of different age. Then, Gaussian Mixture (GM) weights are 
extracted and concatenated to form a supervector for each speaker. Finally, Supervised NMF 
(SNMF) is applied to detect the gender and age group of unseen test speakers. Evaluation results 
on a corpus of read and spontaneous speech in Dutch confirms the effectiveness of proposed 
scheme. 

Corpora 

In this research, speech patterns of 555 speakers from the N-best evaluation corpus (Van 

Leeuwen et al., 2009) were used. The corpus contains live and broadcast commentaries, news, 

interviews, and reports broadcast in Belgium. Table 1 shows the number of speakers in different 

age-gender categories. Speakers of the database are divided into training and testing data sets.  

Table 1. The number of speakers in different age-gender categories. 

Category Name 
Young 
Male 

Young 
Female 

Middle 
Male 

Middle 
Female 

Senior 
Male 

Senior 
Female 

Age 18-35 18-35 36-45 36-45 46-81 46-81 
Number of 
Speakers 

85 53 160 41 191 25 

Proposed Method 

The proposed age-gender recognizer proceeds in two steps:   
A. Training Phase: 

The general architecture of the proposed method in the training phase is illustrated in Figure 1. 
The acoustic features consist of MEL spectra with mean normalization and vocal tract length 
normalization (Duchateau et al. 2006), augmented with their first and second order time 
derivatives. These features are then mapped to a 36 dimensional space by means of a 
discriminative linear transformation and decorrelated (Demuynck, 2001). 
The system uses Hidden Markov Model, composed of a shared pool of 49740 Gaussians to model 
the observations in 3873 cross-word context-dependent tied triphone states. All acoustic 
units –context-dependent variants of one of the 46 phones, silence, garbage and speaker noise– 
have a 3-state left-to-right topology. 
The speaker dependent weights for each speaker of the training data result from a re-estimation of 
the speaker independent weights based on a forced alignment (using the speaker independent 
model) of the training data for that speaker.  



After obtaining a speaker dependent model for all speakers of the training data set, GM weights 
are extracted and concatenated to form a supervector for each speaker. Then, all supervectors 
along with their corresponding age-gender category are applied to train a SNMF. The training 
procedure of a SNMF is introduced in (Van hamme, 2008). 
  

Figure 1 The architecture of proposed method in training phase.   
 

B. Testing Phase 
The architecture of the proposed method the in testing phase is shown in Figure 2. 
During testing, the procedure of obtaining GM weights supervectors is repeated for each single 
speaker of the test data set. Then the resulting supervector is fed into the trained SNMF to 
determine its corresponding age-gender category.  
  

Figure 2 The architecture of proposed method in testing phase. 

Results 

A 5-fold cross-validation method was applied to test the proposed method over all 555 speakers 

of the database. The accuracy of the introduced method in gender recognition is 96%. Table 2 

shows the average of age-gender group recognition accuracy over all performed experiments. The 

second row lists the prior class probability, or “chance levels”. Hence, the proposed method 

performs better than guessing. 

Table 2. Age group recognition accuracy in %.  

Category 
Name 

Young 
Male 

Young 
Female 

Middle 
Male 

Middle 
Female 

Senior 
Male 

Senior 
Female 

Prior 15 10 29 7 34 4 
Accuracy 13 77 44 24 76 16 
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