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Abstract—In this paper, we propose a robust audio-oriented 

learning strategies to address the issue of character recognition in 
movie/TV-series. Identifying major characters in movies/TV-
series has drawn researcher’s great interests. Most of them have 
explored some character recognition and retrieval applications 
based on visual appearance, whereas visual appearance is 
inconsistent throughout the whole video. Our approach, mainly 
focusing on audio, features that: (i) we extract both spectral and 
temporal audio features of Mel-scale Frequency Cepstral 
Coefficients(MFCC), prosodic, average pause length, speaking 
rate features, pitch and short time energy, and also the 
complementarity of Gabor features; (ii) we adopt Multi-Task Joint 
Sparse Representation and Recognition (MTJSRC) model for 
learning with all the features except Gabor, and SVM model with 
Gabor features; (iii) regarding these original features as seeds, we 
extend the training set from talk shows with semi-supervise 
learning; (iv) the Conditional Random Field (CRF) model with 
consideration of the constrains in time sequence is introduced to 
enhance the final labelling. Finally, experimental results 
demonstrates the effectiveness performance of our approach.   

Keywords—Character recognition; MFCC; Sparse 
Representation; Conditional Random Field; Support Vector 
Machine. 

I.  INTRODUCTION  
As the so-called “data explosion” era dawns, the Moores’s 

Law became hard to describe the rapid growth of data, especially 
in semiconductor industry. Likewise, living in such era where 
Movie/TV-series are constantly being produced by writer or 
director, these archived resources are too complex for indexing 
and manual character annotation is time-consuming labor. 
Besides, in a feature-length TV-series, audiences usually 
concern more on major characters. Due to the imbalance of 
supply and demand, an efficient and robust method to handle 
this problem according to the recognition of character-related 
persons becomes the urgent affairs. 

Regarding the previous works of multi-media, most 
researches combine appearance and audio features even textual 
contents. However, as has been noted by [1-3], those works 
mainly focus on utilizing double or triple modality to extract 
video content. There are still unavoidable challenges due to: 1) 
different subjects in movie/TV-series require the diversity of 
character’s makeup; 2) many environmental factors, like camera 
shot angle, lighting of scene and facial emotion would influence 
the way a face appears; 3) when there are some uncontrolled 
factors about data quality, such as occlusion, low resolution 
variance, non-rigid deformation and complex background noise, 

which make the results of the image detection unreliable for 
most image based recognition. Adding those impurity data 
would contaminate voice’s performance. 

Although some above challenges still exist in audio 
identification, like noise, voice overlap, the presentative of voice 
is much better than appearance. Apart from voice activity 
detection, many mature features in audio, such as MFCC, Short 
Time Energy (STE), Zero-Crossing Rate (ZCR), High 
Frequency (HF), can describe personality adequately. Audio-
oriented recognition is exactly a natural way to identify the voice 
owner in a movie or drama with its uniqueness and stability. 
There are no two individual voice sound identical since their 
voice tract shapes, larynx sizes, personal pronunciation pattern 
and rhythm are naturally different. In most movies or TV series, 
unordinary accent is a rare phenomenon even in some cartoon 
dubbing movies. 

Consequently, in this work, we prefer to choose a sole data 
source and diversify its performance which may eliminate some 
flaws. We present a character recognition approach based on 
audio retrieval. Accordingly, to address those challenges, we try 
to expand the dimension of feature and magnify some important 
parameters’ weight. Gabor filter perform well in automatic 
speech recognition and 2D Gabor feature is also widely used in 
image retrieval. Thus we put original frequency through one 
dimensional Gabor transformation, where we can capture better 
time-frequency localization. As illustrated in Figure.1, after 
obtaining two features, in one hand, the Multi-Task Joint Sparse 
Representation and Classification (MTJSRC) is used to 
accurately recognize the character’s voice with MFCC features. 
In the other hand, Gabor feature is trained by SVM. At last, we 
introduce the Conditional Random Field (CRF) model which 
considers constrains between neighboring audios, to enhance the 
final recognition accuracy. Based on the results of character 
recognition, further experimental results are added. 

II. RELATED WORK  
For character recognition in movies or TV series, from 

single to multiple, many information sources are added in order 
to enhance final accuracy, e.g. voice, face, dressing, text. When 
people’s entertainment were radio not TV, one technique [4] 
was used to distinguish speech and commercials in broadcast 
FM radio. Content-based retrieval of audio have a long history 

* Corresponding author: +86-0158-1111-1979, guangyugao@bit.edu.cn 
This work was supported by the National Natural Science Foundation of China 
under Grant NO. 61401023. 

2016 International Conference on Virtual Reality and Visualization

978-1-5090-5188-5/16 $31.00 © 2016 IEEE

DOI 10.1109/ICVRV.2016.84

459



in pattern recognition, where there are two basic issues: feature 
extraction and modeling. A more elaborate audio content 
categorization was proposed by Wold [5], where the cepstral 
coefficients capture the shape of frequency spectrum of voice 
so that most of the original signal can be represent. In the past 
twenty years, most recent studies take face or appearance 
seriously rather than voice, Satoh [6] especially focus on 
recognizing major character by recognize faces in videos. 
However, in a movie or TV, the face makeup and the given 
appearance of actor vary in different scene, which create 
dramatic residual error. 

According to previous work, our task can concentrate on 
how to utilizing audio source. There are two traditional process 
in audio recognition. 

A. Feature extraction 
State-of-the-art audio recognition use various features in 

parallel, in order to obtain different aspects and applying them 
in a complementary way to achieve more accurate recognition. 
However, as the feature size increase, the computational 
efficiency for reliable density estimation grows exponentially 
which is called the curse of dimensionality.  
 Apart from the curse, how to select appropriate feature is 
fundamental to research. From the summary of physical acoustic 
representation, previous works divide them into 1) short-term 
spectral features, 2) voice source features, 3) spectra-temporal 
features, 4) prosodic features and 5) high-level features, vary 
from 20 to hundreds milliseconds. MFCC [7] was introduced in 
early 1980s which was inspired by human auditory perception. 
And the Gabor wavelet is noise robustness filter-bank of speech 
due to its similarity to mammals’ biological system. The authors 
of [8] drew the comparisons to both MFCC and Gabor features 
and demonstrated their competitive accuracy to representation. 
Technically, one of the merits of Gabor features is their ability 
to more readily incorporate longer term information than offered 
by MFCC, which are taken over approximately 25ms; long term 
temporal information with MFCC is simply incorporated by 
computing order derivatives to yield Delta features in a compact 

manner. Gabor features own its advantage which can capture 
spectrum-temporal modulations in speech. 

B. Character modeling 
After selecting decent features, we need to concern about 

how to model these features. Saraceno [11] tried to segment a 
long-length video into audio and visual shots independently, 
and then grouping these shots into different groups so that 
characteristics within each group follow a concatenation of 
consecutive shots. Unfortunately, visual features even when 
organized into consecutive shots does not always convey 
semantically meaningful indication since multiple faces may 
appear in one frame. And there are many potential problems 
exist which we listed above. 

In addition, the above mentioned methods are strictly 
limited to maximize features utility because of ignoring the 
correlations among shots. Therefore, recent works have 
demonstrate the potential of analyzing the associated of video 
scenes [15]. Obozinski [16] proposed a CRF model for sports 
video detection. Within this framework, each scene is treated as 
a CRF node and the constraint that human region belongs to the 
same track and the same player should not appear more than 
once in one frame are considered. 

In our work, by manual cutting audio wav, we assume that 
only one character is speaking at a time, and there is not 
significant background noise. Our work can be considered as 
the combination of both advantages of the above steps. In the 
enrollment phase, both MTJSRC and SVM are used in training 
discriminate model. In the recognition phase, soft-max are used 
in the normalization of the major character match probability. 
In the final enhancement phase, CRF is used in the constraint 
among consecutive audio shot. Generally, the frequent 
appearance in films or TV plays is positive correlation to the 
rank of cast list. And the cast list can be regard as a monotone 
decreasing probability function. Thus the final audio retrieval 
accuracy is renovation with CRF model based on both the prior 
probabilities and the robust recognition in two classifier. 

Figure 1. Main Flowchart of the Proposed Audio-oriented Learning Strategies for Character Recognition. 
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III. PROPOSED FRAMEWORK  
In terms of research objectives, method is proposed in this 

study, aiming to labelling the audio of the major characters in a 
movie or drama. Besides, primary data collection tendency are 
employed in order to gain relevant information of instinct 
character in different environments. 

Overview this framework, our method comprise four 
components as show below: 

1) Audio set generation with major character analysis and 
TV audio conversion. We choose those video sample which 
particularly focus on characters who on the cast list. Our 
method collect the initial training data from TV series 
representatively. Besides, we prepare plentiful unlabeled data 
from talk show to seconded amplify audio set. 

2) Probe audio eigenvector extraction and description 
using the state-of-the-art character recognition. This section 
helps to obtain sufficient and typical features. These new 
features exhibit both the noise robustness found in Gabor 
features and benefit from dimensionality reduction by the 
discrete cosine transform (DCT) as in MFCC features. Regard 
these labeled data as seeds, we introduce further pure and high 
quality data from one-to-one talk show. Particularly, we choose 
semi-supervised learning strategy to label these nameless data 
through comparing vector intersection angle.  

3) Character identification using both SVM and MTJSRC. 
Because likelihood function need multidimensional features, 
we consider to combine two model with different training data. 
We address the computation of joint sparse representation of 
audio signals across multiple kernel-based representations, 
using the form of kernel matrices to represent MFCC features. 
Then, we select the best SVM parameters from grid search (CG), 
genetic algorithm (GA) and particle swarm optimization (PSO) 
to train Gabor features. Then we balance and combine our two 
results to probability vector. Finally, recognition is finished by 
choosing the character name with the biggest probability in the 
weight parameters. 

4) CRF model based time sequence labelling considering 
constrains among audio tracks. Generally, the classifier predicts 
a label for a single sample without regard to “neighboring” 
sample. By applying this joint model on labelling and 
minimizing the cost function, it can get more robust labelling 
performance in terms of the initial character identification.  

Compared with previous research on speaker identification 
or audio recognition, the main contributions of this paper are: 

- Two representative audio features are used considering 
their coordinative performance  

- A robust MTJSRC classifier and the diversity SVM are 
both applied to classify each audio to the related character. 

- A CRF model is used to enhance the classify results by 
considering the chronological influence in a video scene. 

- An empirical method, the prior probability, is appended to 
CRF model according to the character’s positon in cast list. 

A. Audio set collection 
When we construct our data set, the key research words is 

fundamental stone for retrieve audio in YouTube, by which we 
can constantly expand data set. As we all know, almost every 

TV series or movies have its additional textual information such 
as file name, lyric. However, these information is valuable only 
when they have a stable standard rule. Without this 
precondition, we may waste our time to do some useless 
matching works. One information we ignore so long is the cast 
list which is always available since it can be found from search 
engine or just at the end of this video.  

For our seconded enlarge process, by using the counterpart 
character’s name and “talk show” as key word, we can get 
different preference recommendation from different type of 
order. Generally, the maximum number of click is what we 
prefer. Then, a steady flow of audio data can be added to our 
data set fast and efficiently. 

B. Probe audio eigenvector extraction and description 
Challenging our framework include selection of 

representative training segments of features, normalization of 
the features and construct the representations. Although audio 
is 1D signal throughout the whole movie, it still have the similar 
problem about track loss (silence) or simultaneous multi-target 
(overlap). We propose to combine MFCC and Gabor features 
because they are widely used in speaker recognition and capture 
the most relevant information of speech. 

According to [13], we first extract the standard MFCC with 
delta and double coefficients which make the integration of the 
features extraction and VAD efficient. In a feature space of this 
dimension, it is reasonable to assume sufficiently good 
separation between the speech and non-speech vectors. By 
including or excluding the first MFCC coefficient, the MFCC 
setup can be fine-tuned to be more or less sensitive to the 
absolute energy levels, respectively. A disadvantage of MFCCs 
would be that they are sensitive to channel mismatch between 
training and testing, and they are also speaker-dependent. 
Therefore, we introduce Gabor filter to fix it. One value of 
Gabor features is their ability to compensate MFCC’s 
deficiency.   

After the initial construction, it is less likely to use these 
small training set to predict testing data. It is reasonable to doubt 
that whether the first round data is comprehensive and 
robustness. Thus we want to escalate training set by using semi-
supervised learning concept. Unlike common movies or TV 
series, one-to-one talk show contains more pure audio and have 
higher quality audio. By accumulating the comparability 
between seed vector and the seconded unlabeled vector, we can 
get a vote result of the initial training set. In this part, our 
method is to directly calculate the features distance (Euclidean 
metric) between the unlabeled talk audio and all labeled 
exemplar. Each existed exemplar has one vote for the nearest 
neighborhood and then using soft-max function to get the 
largest probability. 

C. Character identification 
In this section, we present an efficient algorithm to classify 

multidimensional features.  
1) Multi-task Joint Sparse Representation Classification 

Each audio in testing set has three different tasks to 
represent feature from different perspective, prosodic feature, 
MFCC and the third task includes the average pause length, 
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speaking rate features, pitch and energy information. Therefore, 
in order to distinguish features’ difference, this problem can be 
casted to a multi-task recognition problem. The key advantage 
of multi-task learning lies in that it can make use of 
comprehensive information contained in different sub-tasks.  

Suppose we have a series audios with N class audio 
classification target. One subject correspond to one character, 
which contains all relative audio data in training set. Firstly, we 
denote � � ����� � �	
 as feature matrix, and �� � ����  is 
the ��� subject, where d is the dimensionality of features, and � � � ��	���  means the sum of training column so that we get 
a �� � � ���	���  matrix. Then we consider a supervised L�task 
linear representation problem as follows: 

���������������������� � ���� �� ! "�� # � $�� � %
	

���
����������������������$� 

where�& � �� was regarded as a #�� task in audio training set,  �� � �� is a reconstruction coefficient vector associated with 
the ����subject, "� is the residual term to describe inexplicable 

part. Secondly, we denote  � � ' �� (� � � 	� ()(  as the 
representation coefficients consists the components of  *� 
restricted on class n, and  � � � ��� � �  �+
  as the 
representation coefficients from the ��� subject across different 
tasks. Furthermore, we denote , � � �� 
. Finally, our proposed 
model is theorized as the solution to the following problem of 
multi-task least square regressions with -��.  mixed-norm 
regularization: /012 3�,� � �

.� 4&56 � �171581�� 4..95�� ! � :71:.81�� �����;�  
      Here we rely on the popular optimization method of 
Accelerated Proximal Gradient (APG) to efficiently solve the 
(2) with fast convergence rate guaranteed. The APG is 
composed by a weight matrix sequence  ,< � � = ����>�?�, and an 
aggregation matrix sequence @<� � =A����>�?� . The ,< �B�  is 
updated according to the [19].     ���������������������7C5�DB� �EFD6GH5�D����I � $�� � J����������������������������K� 
�������������7C15�DB� � L$6 M

4NCOPQR4ST � U � $�� � V���������������������W�  
Here H���� X����(�� ! ����(��AF��� is the step size parameter.  
����������@<DB� � ,< DB� ! YPQR��6YP�YP Z,< DB�6,< D[�����������������\�  

where ]� is directly set as ;^�_ ! ;� [28] in our method. 
When the optimal ,< � � C�� 
 is obtained, a probe audio ��� 

can be estimated as �F� � �� C�� . For classification, the decision 
is ruled in favor of the subject with the lowest total 
reconstruction error accumulated over all the L tasks: 

���������`a � bcdebf�g�� X��� ��
	

���
g
.

.
����������������������������h�

+

���
 

We can call model (2) along with classification (6) as the 
Multi-Task Joint Sparse Representation and Classification 
(MTJSRC) in this paper. 
2) Support Vector Machine 

In this section, we introduce multi-class SVM for training 
Gabor features. Unlike binary classification, multi-class 
problem (where N > 2 classes) are typically solved using voting 

mechanism based on combining V�V X $�^;�  binary 
classification decision functions.  

For the binary classification, the generic SVM model is 
constructed by the following idea: using a hyperplane to 
separate the two classes Zif�� ��j� � � ifk� �kj��& � �X$�$�[ 
where fl � � is a � dimensional feature vectors representing 
the m_n  training sample. The optimization problem is to 
minimize the equation: J�7� � �

. : :.������o�  subject 
to�&l�7(pl ! q� r $��s � $�� �t�. 

The multi-class scenario is formulated as one-against-all 
method where decompose the N-class problem into a series of 
two-class problem and construct binary classifiers each of 
which separates one class from all the rest. The s���model is 
trained with all the training examples in which the uvw class was 
labeled positive and all the others with negative labels. In our 
audio recognition problem, We have V training subject with M 
training sample: if�� ��j� � � ifk� �kj  where fl � �  is a 
feature vector and the corresponding labels&l � i$�;� � � Vj . 
The optimization problem is to minimize the equation   JZ7� xyl [ � �

. : :. ! z � xylk��� ��������������{�.  
sa � |}~`|p� �l(�Zp�[ ! ql���m �$�� �������    In addition, we introduce genetic algorithm and 

some others which can be used to tune the parameter of a 
specific SVM with fixed kernel.   
3) Audio relabeling with CRF model 

After combining and balancing the two classification results, 
each testing sample has been labeled with one character name. 
Our target is to classify the audio owner who acting as a 
character in a logical and sequential scenario. But we ignore 
some correlations between these testing data. The correlations 
among neighboring tracks is included in our framework by 
using the probabilistic model of conditional random fields. 

Conditional Random Fields (CRF) was proposed by John 
Lafferty [20]. The probability graph model of CRF is an 
undirected graph with considering the dependencies of adjacent 
nodes. And the factorization of this graph is performed in such 
a way that conditionally independent nodes do not appear 
within the same factor, which means that they belong to 
different cliques. 

According to Hammersley Clifford theorem, the general 
model formulation ������� of CRF is derived: ����������� ��
� �p���X� �����������������������$�����  Here O is the observe value, 
Y is the labelling vector refers to a sequence and C is the 
maximum clique. Each factor ������� corresponds to a potential 
function over the variables �� � �l� m � z that constituting the 
clique c and C is the set of all cliques. The normalization 
constant Z is known as the partition function, 

      ��������������������������� ��� � ������������ �����������������������������������$$� 
Meanwhile, this theorem indicates the relationship between 

Gibbs distribution and Markov Random Field (MRF). CRF is a 
MRF with additional given observations, and we can solve the 
CRF based labelling problem by minimizing the energy 
functions. The corresponding Gibbs energy is defined as 
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���� � X#�d������� X #�d� �� ����� �������������������$;� And the maximum posteriori 
labelling �a is defined as: �a � |}~`|p ������� � bcdem������ � � %��������������$K� 
where the L is the label set.  

In our experimental environment, when each audio is 
looked as a node, and the correlations among neighboring audio 
are considered as the property of conditional independence, the 
whole testing set can be modeled as a CRF model. Specifically, 
the energy functions defined on unary and pairwise cliques as: 
����&� �� ��l��l�l�� !� ��ly��l� �l�l�y�� ������������������$W� 
In order to minimize the energy functions, we introduce the 

method proposed by Boykov [21] which uses graph cuts to 
compute a local minimum even when very large moves are 
allowed. And unary potentiality of the CRF is a label assigned 
to the audio m which is the negative log of the likelihood. In 
addition, there is also social prior knowledge in the cast list 
which can be used for enhancing recognition accuracy. 
Therefore, we analyze the raw relations between the character’s 
frequency-of occurrence in a movie or TV series and its order 
in the cast list, and then assign an empirical prior probability to 
each character. Finally, the unary potential can be written as: ���������������l��l� � X#�d�����l����l���l����������������������������$\� 

Here ���l� is the prior probability from the character name 
order in cast list, and ���l���l� is the probability of the observed 
audio features for the most likely character, the identify 
probability of the character label �l  is predicted by our joint 
model. To be more precisely, we have the pairwise terms ��ly 
of the CRF take the form of a contrast: 

������������������ly � �����������������m���l � �y��m� ���������_n�c*m �������������������������������$h� 
Here the function ��m� �� is an edge feature based on the 

difference in the feature distance of neighboring tracks. It is 
typically defined as: 

 ������������������ �s� ¡� � ¢ �p� £64¤06¤¥4.¦�������������������������������$o�  
IV. EXPERIMENTS  

TABLE I.  DATA SOURCES 

Movie name Time(min) samples 

The Big Bang theory S09E01-E13 260 534 

Jim Parsons on Getting Married 3 20 

Melissa Rauch's Accidental  2 10 

Kunal Nayyar's 'Big Bang' Trip 4 15 

Johnny Galecki's -CONAN on TBS 3 15 

Jim Parsons BBC The One Show  12 50 

Dr. Mayim Bialik 8 20 

The Big Bang theory S07 480 600 

The Big Bang theory S08 480 900 

 
Firstly, in Table , the training and testing data is extracted 

from clips by manually cutting original series. During these 

processes, we drop some unqualified data because of the error 
when extracting frequency feature. Then using testing data to 
train two model and predicting each testing audio latterly. We 
have the same motivation here despite training different 
features with different model. MTJSRC and SVM both need to 
calculate cost function which is used to minimize the residual 
between true and predict value where is exist coefficient vector 
for computation: ��§ � |}~`sU4|¨t©ª«¬��&§6�/®/� !�$6|�¨t¬¯©�&§6�/®/�4������������������������������������������������������������${� 

In MTJSRC, the APG converges at roughly 5~15 rounds of 
iterations. The average running time is 2s per example and the �  in (2) is set to 0.001. After that, we can have the most 
frequently occurred subject by balancing two results vector. In 
multi-class SVM, we use one-vs-test mechanism to predict 
which is similar to �U a �U X $� rounds voting process. In order 
to optimize probability, here we introduce the soft-max active 
function:  

������������������°�Il� � �p���X±�Il�^²�� �p���X±�Il�^²��l�� ����������������������������$�� 
TABLE II.  COMBINATION COMPARISON WITH DIFFERENT SVM 

ALGORITHM 

train sample(70) before after 
MTJSRC 59.6% 

SVM 
ga-9.6% 

66.67% cg-38.3% 
pso-14.3% 

TABLE III.  SECONDED ENLARGE EXPERIMENT 

train sample(200) before after 
MTJSRC 41.5% 

63.8% 
SVM 

ga-55.23% 
cg-33% 

pso-26.6% 
train sample(2034) before after 

MTJSRC 45.3% 
68.5% 

SVM 
ga-57.67% 
cg-33.74% 
pso-28.13% 

 
Secondly, taking advantage of the initial testing seeds, we 

can add more unlabeled audio data into our testing set from 
internet by searching the specific key word. Here, we use seven 
major characters’ name as key words to search the “talk show” 
videos on YouTube. For each character, we get the top three hot 
videos, which satisfy our quality requirements. Therefore we 
have 10~20 additional clips for each character. After repeating 
what we have done in last step, we get the second layer results 
in Table . 

Finally, after learning major character’s information from 
some movie website, like IMDB. We have transform the degree 
of their importance into probability by (18). The order is as 
follows, Leonard, Sheldon, Penny, Howard, Raj, Bernadette, 
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Amy, and the corresponding probability are ��p� �i$��³\��³KK��³;\��³;��³;��³;j. 
������������������&l� � ´ µ $f ��p � $�;�K�W³\�³;µ������p � \�� � V����������������������������;�� 
And then we can see the significant improvement of 

empirical probability with CRF model from Fig.2 below.  
 

 

 
These three different size dataset all confirm about the 

effectiveness of prior empirical knowledge. So this additional 
condition truly help improve recognition results especially 
when the original is not good. 

 

 

 
In Fig.3, we summarize all the results of combine model. 

With the size of training sample expanding, we can find 
accuracy has the uptrend tendency. Besides, the normal CRF 
model show little contributions than advances CRF with prior 
probability. 

V. CONCLUSION AND FUTURE WORK  
In this paper, inspired by the demand of real world business, 

we presented a novel audio-oriented learning strategy we 
presented a novel audio-oriented strategies for character 
recognition by combining feature extraction, model training 
and merging, conditional random filed with prior probability. 
We demonstrate that after selecting audio features, using 
combined classification algorithm and constructing CRF, the 
recognition accuracy would be higher and more robustness. 
One contribution of our proposed framework is its 
comprehensiveness. Empirical experiments on our data show 
the outstanding performance. In the future, we will explore 

more features from different sources (e.g. face, human actions, 
textual information) to enhance the diversity of feature. 

REFERENCES 
[1] O. Arandjelovic and A. Zisserman, “Automatic face recognition for film 
character retrieval in feature-length films,” in Proc. of the 2005 IEEE Computer 
Society Conference on Computer Vision and Pattern Recognition, 2005, pp. 
860-867. 
[2] M. Everingham, J. Sivic, and A. Zisserman, “‘hello! my name is... buffy’- 
automatic naming of characters in tv video,” in Proc. of the 17th British 
Machine Vision Conference, 2006, pp. 889-908. 
[3] M. Everingham and A. Zisserman, “Identifying individuals in video by 
combining generative and discriminative head models,” in Proc. of IEEE 
International Conference on Computer Vision, 2005, pp. 1103-1110. 
[4] J. Saunders, “Real-time discrimination of broadcast speech/music,” in Proc. 
ICASSP, 1996, pp.993–996. 
[5] E. Wold, T. Blum, D. Keislar, and J. Wheaton, “Content-based classification, 
search, and retrieval of audio,” IEEE Multimedia Mag., 3(3), pp. 27–36, 1996. 
[6] S. Satoh, Y. Nakamura, and T. Kanade, “Name-it: Naming and detecting 
faces in news videos,” IEEE Multimedia Mag., 6(1), pp. 22–35, 1999. 
[7] Davis, S., and Mermelstein, P. Comparison of parametric representations 
for monosyllabic word recognition in continuously spoken sentences. IEEE 
Trans. Acoustics, Speech, and Signal Processing 28(4), pp. 357–366, 1980. 
[8]  J. Gibson, M. Van Segbroeck, A. Ortega, P. Georgiou, and S. Narayanan, 
“Spectro-temporal directional derivative features for automatic speech 
recognition,” in Proc. INTERSPEECH, 2013. 
[9] James Gibson “Comparing Time-Frequency Representations for Directional 
Derivative Features,” in Proc. INTERSPEECH, 2014, pp. 612-615.  
[10] J. S. Boreczky and L. D. Wilcox, “A hidden Markov model framework for 
video segmentation using audio and image features,” in Proc. of ICASSP, 1998, 
pp. 3741–3744. 
[11] C. Saraceno and R. Leonardi, “Identification of story units in audio-visual 
sequencies by joint audio and video processing,” in Proc. of ICIP, 1998, pp. 
363–367. 
[12] R. Cutler and L. Davis, “Look who’s talking: Speaker detection using 
video and audio correlation,” in Proc. of ICME, 2000, pp. 1589-1592. 
[13] James Gibson, “spectro-Temporal Directional Derivative Features for 
utomatic Speech Recognition,” In INTERSPEECH, pp. 872-875. 
[14] C. N. G. Iyengar, H. Nock, and M. Franz, “Semantic indexing of 
multimedia using audio, text and visual cues,” in Proc. of ICME, 2002, pp. 369–
372. 
[15] C. Saraeeno and R. Leonardi, “Video Indexing Using Joint Audio-visual 
Semantically Correlated Information” to appear in International Jourmal of 
Imaging Systems and Technology. 
[16] G. Obozinski, B. Taskar, and M.I. Jordan, “Joint covariate selection and 
joint subspace selection for multiple classification problems,” Journal of 
Statistics and Computing, 20(2), pp. 231-252, 2009. 
[17] P. Viola and M. Jones, “Robust real-time face detection,” Int. J. Comput. 
Vis., 57(2), pp. 137–154, 2004. 
[18] A. Beck and M. Teboulle, “A fast iterative shrinkage-thresholding 
algorithm for linear inverse problems,” SIAM journal on imaging sciences, 2(1), 
183-202. 
[19] B. Efron, T. Hastie, I. Johnstone, and R. Tibshirani, “Least angle 
regression,” Ann. Stat., 32(2), pp. 407–451, 2004. 
[20] J. Lafferty, A. McCallum, and F. Pereira, “Conditional random fields: 
Probabilistic models for segmenting and labelling sequence data,” in Proc. of 
International Conference on Machine Learning, 2001, pp. 282-289. 
[21] Y. Boykov, O. Veksler, and R. Zabth, “Fast approximate energy 
minimization ia graph cuts,” IEEE Trans. on Pattern Analysis and Machine 
intelligence,23(11), pp. 1222-1239, 2001. 

Figure 2. Prior empirical probability 
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