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Abstract 

In this paper, two level discriminative learning for audio events recognition in sport broadcasts 
archive is described. The audio events recognition is based on the idea that audio events are 
composed of basic units. Basic units are some elementary events. Audio events used for semantic 
interpretation (mid-level concepts) are presented as a combination of the basic units. Models for the 
basic units are GMM models. Each 5 frames of audio data are recognized using models of the basic 
units. Each mid-level concept is described by the distribution of the basic units. The distribution of 
the basic units in each class of segment corresponding to mid-level concepts is considered as a 
macro model of this class.  For events recognition the tree based framework is used. In each level of 
the tree two macro models are compared. The two level discriminative learning for macro models is 
applied. First discriminative training level is on the level of basic units, second is on the level of 
macro models. The suggested approach is compared with maximum likelihood decision and SVM 
with polynomial kernel. The results of experiments indicate significant improvement in comparison 
with the conventional approaches in the task of acoustically closely audio events recognition. 

1. Introduction 

In multimedia content analysis audio events recognition is an important source for semantic content 
interpretation. Some research has been done on audio events detection and recognition in sport 
broadcasts [1], [2], [3] and [4].  Mostly semantic analysis of the sport recording is based on video 
features. However audio is also an important source for sport events interpretation and 
understanding. In [1] an extraction of audio highlights from three sports, such as, baseball, golf and 
soccer is presented. In the experiments the following highlights are recognized: applause, ball-hit, 
cheering, music, speech and speech with music. In [2] a framework called audio keywords is 
presented.  In soccer, for example, the following audio keywords could be used: long-whistling, 
double-whistling, excited commentator speech, excited crowd sounds, etc.  Each keyword can 
correspond to one or other semantic events. For example, long whistle in soccer can correspond to 
the start of a free kick, penalty kick, game start or end, etc.  

Some interesting results were obtained in the area of speaker verification, which could be applied to 
audio events detection. In [5] experiments to characterize a speaker using long term speaker 
characteristics are described. Long term characteristics are the speaker entropy calculated from N-
grams of phonemes.  In [6] the technique for speaker verification based on short events is 
suggested. These events don’t use a priori information about the types of basic acoustic events such 
as phonemes.  

In the presented paper the approach that uses micro events distribution for semantic mid-level 
descriptors is exploited. The event recognition from light athletics disciplines presented in sport 
broadcasts archive, in particular audio events recognition in disciplines such as high jump, pole 
vault, long jump and running are considered. In the list of such events could be included applause, 
support, the immediate crowd reaction after jumps, starting signal, stadium background noises, 
commercials, speech and non-speech. Usually in sport audio recording in the stadium some parallel 
events are presented including commentator speech, radio advertisement in the stadium, music, etc.  
Audio events should be detected from the mixture of the sounds in a highly noisy environment. 
Since the audio events appear mixed with other sounds we suggest to describe these as a 
distribution of the basic micro units. The basic units are relatively stable short sounds that can be 



used to describe more complex real audio segments corresponding to particular mid-level concepts 
such as applause, support, etc.  We also suggest to use two step discriminative learning both for 
basic units and macro models to improve accuracy of audio events recognition. 

The next section describes overall approach for audio events recognition. In the section 3 the 
discriminative training approach for basic units and macro models is presented. In the section 4 
overview of the system and in the section 5 experiments are described. Finally the conclusion is 
presented.  

2. Algorithm Overview 
In this paper the recognition of such type of audio events as applause, support, stadium background 
noises, advertisements, immediate reaction of the stadium to the sport discipline completion is 
described. Part of these events such as applause, support, reaction corresponds to mid-level 
concepts used for further semantic sport scene interpretation. Often sport broadcast recordings, in 
particular, light athletics competitions include some parallel events and the commentator 
periodically switches from one event to another. Usually audio segments labeled by hand, for 
example as support event is not really homogeneous events and could includes applause, stadium 
background, music and etc.  We suggest to describe audio segments by using a combination of basic 
units presented in broadcast audio recordings. The basic units are considered as short relatively pure 
audio events that could appear as a mixture of sounds that corresponds to mid-level concepts.  In the 
list of basic events speech, music, silence, applause, reaction, sounds of crowd, noise, stadium 
background noises are included. The model for each basic unit is presented as Gaussian Mixture 
Models (GMM). Each model is trained using Expectation Maximization (EM) and each basic unit 
model has 64 GMM. Each frame of the audio is recognized using GMM models of basic units and 
then the results of recognition are averaged within each 5 frames. Then each 5 frames are labeled by 
one of the basic units having the highest score. In the training phase the basic unit distribution for 
each set of segments corresponding to the mid-level concepts is evaluated. Let us denote 
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Each segment is described by the sequence of relative frequencies of all basic units. The vector 
describing the segment is presented as: 

                                            (p( / ),p( / ),p( / ),...,p( / ))e e e e1 2 3 nX X X Xj j j j ,                                                  (2) 

where n is the number of different basic units. In the training phase for each class we calculate such 
vector using training audio data corresponding to this class. Each audio class is described by the 
vector of the basic units distribution. 

For audio events the ideas described in [5] are exploited. Let us denote test segments as 
, , , ....Y Y Y Y1 2 3 k ,  where k – number of segments. 

Each test segment Yi under condition of the event class j is described as: 
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where T is the number of events,  jp ( / )ek X j  - distribution of basic unit for event class j. For two 

class    j1  and 
2j  comparison the decision rule for acceptance 

1j  is  P( / ) P( / )j jY Yi i1 2− ≥ ∆  



and  for  rejection is: P( / ) P( / )j jY Yi i1 2− < ∆ ,  where ∆ is the predefined threshold. 

We adopt hierarchical top-down approach to model events using distribution of basic units. For 
recognition improvement for each level of the tree discriminative learning is applied. 

3. Discriminative Training 
Previous works in the speech recognition and speaker recognition have shown that combining 
discriminative and generative training can substantially improve performance of the recognition [8].  
The discriminative training is applied to update models previously obtained.  
In this paper two step discriminative training is described. In the first step means of the Gaussian 
models for basic units are updated. In the second step on macro level the relative frequency of basic 
units that are considered as the description of the class are updated. 
 Misclassification measure for two classes i and j and for training data Xi  and 

jX  where 
iX are the 

positive examples for class i and X j are the negative examples for class i is defined as: 
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The loss function with respect to the input data is defined in the term of misclassification measure: 
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Discriminative training is performed by obtaining the derivative of  d(X, i, j)  with respect to models 
parameters and then applying gradient descent method to all training data for both classes to 
mutually update parameters of the concurrent models.  
In the first step of the discriminative learning we update the means of Gaussian probabilities of the 
basic units. Let denote 

t
klµ the mean of the l component of the mixture k of basic unit t.  We used 

derivative of the loss function with respect to means of mixtures of basic functions. The means are 
updated using following formula: 
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where i
x l  is l component of the positive examples of   X i , j

x l  is l component of the negative 
examples of X j , N(i) number positive examples for GMM model corresponding to the  unit  i and 

N(j) number of negative examples corresponding to the unit   i. 
In the second level we update the frequencies of basic units distributions obtained in the training 
phase.  These frequencies can be considered as the weights.  
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The misclassification measure is defined as: 
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where N(i) number positive examples for macro model  i and N(j) number of negative examples for 
macro model   i.         

4. System Description 

For primary features 15 mel-cepstral coefficients plus energy are used. The audio analysis is 
conducted using 30 msec analysis window with the 10 msec step.  
Before audio events recognition audio segmentation is carried out. For segmentation the Bayesian 
Information Criterion (BIC) is used. Segmentation via BIC was initially proposed in [7]. In general 
BIC is defined as  

                                               BIC(M) = log L(X,M) - λ #( )
2
M log(N),                                            (13)       

 

where log L(X,M) denotes segment X likelihood given by model  M, N is the number of data points, 
#(M)  is the number of free parameters of the model and λ is a tuning parameter. 

The models corresponding to the basic units are trained via EM algorithm using 2 hours of labeled 
data from sport broadcasts. The models of basic units are GMM.  Then macro models for each mid-
level concept are trained using the same data via the algorithm described in section 2.  In the 
training step relative frequencies of the basic units distributions are evaluated. 
The event recognition is carried out in a series of steps: feature extraction, audio segmentation, 
segments classification. 
The algorithm described in section 2 is compared with the conventional maximum likelihood 
decisions and SVM. Each frame is labeled using maximum likelihood decision rules. Then using 
the voting rule the results on the frame level are averaged within each segment to get segment label. 

5. Experiments 

In experiments Eurosport broadcasts audio data that includes European Light Athletics 
Championship in Goteborg in 2006 is used. The two hours of data are used for training and 1.5 
hours data of are used for testing. For training and testing purposes all data are segmented and 
labeled using mid-level concepts such as applause, support, crowd reaction, commercials and 
stadium background noise. 

The most complex for recognition pair of events is support and applause. There are very similar 
events. Support is periodic applause that is used by crowd to support sportsmen before start. 
Applauses usually appear after completion of sport discipline. Applauses are not so emotional and 
have longer duration in comparison with the immediate reaction of the crowd after completion of 
sport discipline. Immediate reaction could be positive as exult and negative as disappointment. For 
evaluation of the training approaches for pair of events (applause, support) is supposed that the 
boundaries between segments are recognized correctly. The total duration of applause test data is 



700 sec. The total duration of support test data is 1056 sec. The training data for these two events 
have approximately the same duration.  
In the first experiment 64 mixture GMM are trained for applause and support. These are used for 
applause and support separation. Then these two models are updated using discriminative training 
for GMM. Only means are updated. The results are presented in Table 1. The experiments show 
that generative models after discriminative training give improvement for considered audio events. 
In the next experiment SVM with polynomial kernel using the same as for GMM training support 
and applause training data is trained [9]. The results are presented in the Table 2.  The results of 
recognition using SVM are better than the results obtained using generative models without 
discriminative training. Discriminative training of GMM performs better than SVM with 
polynomial kernel. 
 
Table 1. Two events recognition on the level of basic units without and with the discriminative 
learning 
 

 GMM models without discriminative   
training 

GMM with discriminative 
learning 

Applause 
segments 58% correct 61% correct 

Support 
segments 84% correct 92% correct 

 
 

Table 2. Comparison with SVM classifier 
 

 SVM 
with polynomial kernel 

Applause segments 63.7 % 

Support segments 81.6% 

 
Finally macro models are trained. Then macro models are updated in the following way.  Basic 
units GMM models corresponding to macro models of applause and support are updated using 
discriminative training for GMM. Then macro models using discriminative training for macro 
models are also updated.   The results of experiments using macro models without and with the 
discriminative training are presented in Table 3. 

 
Table 3. Two events recognition using macro models without and with the discriminative  
learning 
 

 
Using macro models 

without discriminative 
learning 

Macro models with two step  
discriminative 

learning 
Applause 
segments 62% correct 75% correct 

Support 
segments 86% correct 86% correct 

 



The experiments show that macro models with the two level discriminative training performs better 
than other tested models such as SVM with polynomial kernel and GMM models updated by 
discriminative training. 

6. Conclusion 

A macro model technique that exploits two levels discriminative training is presented. It employs 
distributions of basic units, short elementary audio units, for sport events (mid-level concepts) 
description. A comparative evaluation of macro model based recognition with several classifiers 
and also comparative evaluation of two step discriminative learning with discriminative learning 
for GMM were performed on the task of audio events recognition in sport broadcasts archive.  The 
macro model approach in combination with two step discriminative learning demonstrated the 
highest accuracy.  The audio events (mid-level concepts) recognition is intended as a part on 
multimedia information extraction system in sport domain. 
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