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Abstract. We consider the problem of automatically classifying videos into 
predefined categories based on the analysis of their audio contents. In detail, 
given a set of labeled videos (such as news, sitcoms, sports, etc.), our objective 
is to classify a new video into one of these categories. To solve this problem, a 
novel audio features based video classification method combining an unsuper-
vised generative model named probabilistic Latent Semantic Analysis (pLSA) 
with a multi-class discriminative classifier is proposed. Since general audio sig-
nals usually show complicated distribution in the feature space, k-means clus-
tering method is firstly used to group temporal signal segments with similar 
low-level features into natural clusters, which are adopted as “audio words”. 
Then, the audio stream of a video is decomposed into a bag of “audio words”. 
To classify those bags of “audio words” which extracted from videos, latent 
“topics” are discovered by pLSA, and subsequently, training a multi-class clas-
sifier on the “topic” distribution vector for each video. Encouraging classifica-
tion results have been achieved in our experiments. 

Keywords: Video classification, pLSA, audio content mining. 

1   Introduction 

Due to the rapid development in various areas of computer infrastructure such as 
increased processing power, bigger and less expensive capacity of storage devices, 
and faster networks, the amount of video data has grown enormously in recent years. 
For a video viewer, the amount of video that he has to choose from is so large that it 
is infeasible for him to go through all these videos to find the video of interest. Classi-
fying these videos into several categories or genres can narrow his choices. For a TV 
station or digital video library with a huge amount of digital video, video classifica-
tion is an indispensable procedure in their management systems. 

Many literatures [1-15] have addressed the video classification techniques. In gen-
eral, for the purpose of video classification, features are drawn from three modalities: 
text, audio, and visual. So these methods could be divided into four groups: text-based 
methods [1-2], audio-based methods [3-7], visual-based methods [8-12] and those that 
used some combination of text, audio and visual features [13-14]. Regardless of 
which of features are used, there are some standard classifiers such as Support Vector 
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Machine (SVM), Gaussian Mixture Models (GMMs), and Hidden Markov Models 
(HMMs) to be adopted. A comprehensive survey about this area can be found in [15]. 

In our method, only audio features are used to classify videos into predefined cate-
gories due to the following two reasons: (1) extracting audio features requires fewer 
computational resources than visual methods; (2) audio in video sequence has re-
markable semantic content discrimination capability [3-7]. Audio classification is an 
active research topic in the fields of audio content analysis; L. Lu et al. [16] proposed 
a robust approach that is capable of classifying and segmenting an audio stream into 
speech, music, environment sound, and silence, G. Tzanetakis et al. [17] explored the 
automatic classification of audio signals into a hierarchy of musical genres. 

In recent years, inspired by classical text document analysis techniques, some re-
searchers [18-19] proposed an unsupervised approach to discover key audio elements 
in general audio documents. In [18], an iterative spectral clustering method is firstly 
used to group temporal signal segments with similar low-level features into natural 
clusters, which are analog to words in text documents and named audio elements, and 
then a TFIDF-like audio element weighting schema is presented to spot key audio 
elements, which is an analog to keyword extraction technique using term frequency 
(TF) and inverse document frequency (IDF) in text document analysis field. Moti-
vated by these works, we try to utilize probabilistic Latent Semantic Analysis (pLSA) 
[20] to model video categories based on audio features.. 

The pLSA model was originally developed for topic discovery in a text corpus, 
where each document is represented by its word frequency. A. Bosch et al. [22] ap-
plied this model to images represented by the frequency of “visual words”, and subse-
quently, training a multi-class classifier on the topic distribution vector for each image. 
This hybrid generative/discriminative approach also can be used to classify audio. 

In this paper, we utilize the hybrid generative/discriminative approach in [21] to 
classify audio documents extracted from given videos into one of four predefined 
categories, namely news, sitcoms, sports, and talk shows. Firstly, the audio document 
is divided into frames, and a number of audio features are computed to characterize 
each audio frame. Then, a classical k-means clustering method is used to group simi-
lar frames into “audio words”, and all the “audio words” form an “audio vocabulary”. 
Subsequently, pLSA model is used to discover latent “topics” in an audio document 
using the bag of “audio words” representation. Finally, a multi-class classifier is 
trained on the “topic” distribution vector for each audio document. Our experiments 
show the effective of this method. 

The rest of this paper is organized as follows. Section 2 describes in detail the fea-
tures used to form the “audio vocabulary”. Then, in Section 3, we briefly give an 
overview of the pLSA model and describe the hybrid classification algorithm based 
on applying pLSA to audio documents followed by discriminative classification. In 
Section 4, empirical experiments and performance evaluation of the proposed algo-
rithm are presented. Finally, Section 5 concludes our work. 

2   Audio Words and Audio Vocabulary 

To utilize the pLSA model, a generative model from the statistical text literature, we 
need to compute a co-occurrence table, where each audio document is represented as 
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a collection of “audio words”, provided from an “audio vocabulary”. This means that 
audio documents should be decomposed into segments, and these audio segments 
should be grouped into clusters. “Audio vocabulary” is formed by these cluster cen-
ters, and each audio segment could be denoted by an “audio word” in the “audio vo-
cabulary”, which is the most similar cluster center. 

In this section, we first present the audio features we used, and then address how to 
form the “audio vocabulary” by classical k-means clustering algorithm. 

2.1   Feature Extraction 

Inspired by previous work on content-based audio classification and audio effect 
detection [16-19], in order to decompose an audio document into “audio words”, the 
audio document is first down-sampled at 8000 Hz and 16 bits/sample, and divided 
into frames of 25 ms with 50% overlap. Then, a number of audio features are com-
puted to characterize each audio frame. These audio features used in this work are 
modified from those described in [19, 20], which are following: 

1) Root mean square volume (RMS); 
2) Zero-crossing rate (ZCR); 
3) Subband energy ratios (BER); 
4) Brightness; 
5) Bandwidth; 
6) 8-order Mel-frequency cepstral coefficient (MFCCs); 
7) Subband Spectral Flux. 

These 7 kinds of audio features are collected into a 28-dimensional feature vector 
per audio frame. Moreover, the first two kinds of audio features are the temporal 
features, and the others are the spectral features. Following the work in [19], the spec-
tral domain is equally divided into eight subbands in Mel-scale and then the subband 
features are extracted. 

It’s well-known that silence information in audio segments is useful to audio clas-
sification work. But the 28-dimensional feature vector we extracted can not efficiently 
recognize silence frame. So, due to the lack of ability to discriminate between silence 
frame and non-silence frame, we set a threshold on RMS of each frame to detect si-
lence before feature vector extraction. If the RMS of a frame is below the threshold, 
we treat this frame as silence frame, and set its feature vector to 0 which is a 28×1 
vector of all zero. 

In order to reduce the computational complexity of the proposed method, we group 
audio frames into longer temporal audio segments, and use these longer segments as 
the basis for the next audio processing steps. We use a sliding window of 0.5s with 
non-overlap to segment the frame sequence, and the mean of the frame-based features 
at each window are used to represent the corresponding 0.5-second-long audio seg-
ment. Especially, if the silence frame ratio in a window is more than 60%, vector 0 is 
used to represent this audio segment.  

2.2   Clustering 

After audio feature extraction, we need to group the feature vectors extracted from the 
training audio set into V clusters. V is the total number of cluster, and also the amount 
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of the “audio vocabulary”. In order to group similar feature vectors into V clusters, 
we use the traditional k-means clustering algorithm and adopt the Euclidean distance 
to measure the distance between two feature vectors.   

By using clustering algorithm, every audio segment in the training audio set could 
be represented as a word in the “audio vocabulary”. Suppose we have a collection of 
audio Documents D = d1, ..., dN with words from audio vocabulary W = w1, …, wV, 
where N is total number of audio documents in training set and V is total number of 
“audio words” in the “audio vocabulary”. The training audio set could be denoted by 
a V×N co-occurrence table of counts Nij = n(wi, dj), where n(wi, dj) denotes how often 
the word wi occurred in an audio document dj. And the audio segments in a new audio 
document could also be represented as a word index by choosing the nearest cluster 
center. This means that a test audio document could be represented by a V×1 vector 
of counts N’

i = n(wi, dtest). 

3   Video Classification 

Since we classify videos based on audio features only, audio tracks will be extracted 
from videos both in training set and in testing set. And we just process these audio 
documents. 

When the audio documents both in training set and in testing set are represented as 
vectors of counts of word occurrence, which are called bag-of-word in [21-22], we 
can use the pLSA to model these audio documents, and utilize the model results to 
classify these audio documents. 

In Section 3.1, we give an overview of the pLSA model. Then we describe the hybrid 
classification algorithm in Section 3.2. Finally, our discussion is given in Section 3.3. 

3.1   pLSA Model 

The probabilistic Latent Semantic Analysis (pLSA) model [21] is a latent variable 
model for co-occurrence data which associates an unobserved topic variable z ∈ 
Z = z1, …, zZ with each observation, an observation being the occurrence of a 
word in a particular document. Here, we have audio documents as text docu-
ments, and we discover audio elements as topics (for example, speech and music) 
so that an audio document containing instances of several audio elements is mod-
eled as a mixture of topics. 

Let us introduce the following probabilities: P(dj) is used to denote the probability 
of observing a particular audio document dj. P(wi|zl) denotes the conditional probabil-
ity of a specific word conditioned on the unobserved topic variable zl, and finally 
P(zl|dj) denotes an audio document specific probability distribution over the latent 
variable space. Using these definitions, one may define a generative model by the 
following scheme: 

1) Select an audio document dj with probability P(dj),  
2) Pick a latent class zl with probability P(zl|dj), 
3) Generate an audio word wi with probability P(wi|zl). 
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As a result, one obtains an observation pair (dj, wi), while the latent topic variable zl 
is discarded. A representation of the pLSA model in terms of a graphical model is 
depicted in Figure 1. 

 

Fig. 1. Graphical model representation of the pLSA model 

Translating the data generation process into a joint probability model results in the 
expression: 
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This amounts to a matrix decomposition with the constraint that both the word-
topic matrix P(w|z) and mixture coefficients matrix P(z|d) are normalized to make 
them probability distributions. Following the likelihood principle, one can use a 
maximum likelihood formulation of the learning problem to determines (V*Z+Z*N) 
parameters: P(w|z) and P(z|d), i.e., one has to maximize the log likelihood function 
[21-22]: 
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This is equivalent to minimizing the Kullback-Leibler divergence between the 
measured empirical distribution and the fitted model. As described in [21], the pLSA 
model is fitted by using the Expectation Maximization (EM) algorithm [23]. The goal 
of fitting this model is to determine the model that gives high probability to the distri-
bution of “audio words” that appear in the corpus. 
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3.2   Hybrid Classification 

Following the work in [22], we adopt the hybrid classification method with the fol-
lowing steps: firstly, discovering latent topics using pLSA model, and subsequently, 
training a multi-class classifier on the topic distribution vector for each audio docu-
ment. Figure 2 shows graphically the hybrid generative/discriminative process for 
both training and testing. 

Training proceeds in two stages: First, both P(w|z) and P(z|dtraining) are determined 
by fitting the pLSA model to the entire set of training audio documents. Each training 
audio document is then represented by a Z-vector P(z|dtraining), where Z is the number 
of latent topics learned. Second, a multi-class discriminative classifier is trained given 
the vector P(z|dtraining) of each training audio document and its class label. In this pa-
per, we adopt the KNN classifier, which selects the K nearest neighbors of the new 
audio document within the training set (using Euclidean distance), and classifies the 
testing audio document to the most represented category label within the K nearest 
neighbors. 

Classification of an unseen audio document similarly proceeds in two stages: First, 
P(z|dtesting) is computed by running EM algorithm in a similar manner to that used in 
learning, but only P(z|dtesting) are updated in each M-step with the learned P(w|z) kept 
fixed. The testing audio document is represented by a Z-vector. In the second stage, 
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Fig. 2. Overview of audio vocabulary formation, learning, and classification stages 
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the testing audio document is then classified by the KNN multi-class classifier men-
tioned above. 

3.3   Discussion 

Unlike other audio content analysis techniques [16-17] or audio based video classifi-
cation [3-7] approaches, which directly insert the low-level audio features into some 
kinds of statistical models or classifiers, our method discovers the semantic content 
from audio documents by 2-stage of abstraction of the low-level audio features. In the 
first stage, a group of low-level audio features of an audio segment is mapped into an 
“audio word”, which is the nearest cluster center. Then, an audio document can be 
represented by an “audio word” set, which is called bag of words. In the second stage, 
latent topics are discovered within the bags of words by the pLSA model, and an 
audio document is modeled as a mixture of topics. 

Since topics include many semantic contents of audio documents, using the topic 
distribution in an audio document as a feature vector in a classifier should be more 
effective than using low-level audio features directly. In the next section, experiments 
will validate this supposal. 

We choose K nearest neighbors (KNN) classifier as the supervised discriminative 
classifier in our scheme, because of its simpleness. Compared to other classifier such 
as SVM, its performance is not too bad. Results from experiment in [22] show that 
SVM just performs around 1 percent better than KNN. 

4   Experiment Results 

In this section, the performance of the proposed hybrid approach to video categories 
classification is evaluated. 

We collected video sequences from TV programs containing the following four 
classes: news, sitcoms, sports (basketball matches) and talk shows. These video se-
quences vary in duration from 15 minutes to 1 hour. These data is collected from 
different Chinese TV channels on different dates and at different times to ensure the 
variety of data. We divide the data into two sets: training and testing data sets. The 
training data set includes 100 video sequences, which are consisting of 24 news, 43 
sitcoms, 15 basketball matches and 18 talk shows. And the testing data set include 70 
video sequences, which are consist of 20 news, 40 sitcoms, 5 basketball matches and 
5 talk shows. To apply out approach, audio tracks are extracted from these video 
sequences. The experiment in this section is on these audio documents. 

In our classification approach, there are several parameters needed adjust: the num-
ber of audio words in the audio vocabulary (V), the number of latent topics (Z), and 
the number of neighbors (K in KNN). In the experiment, we set V equal to 500, Z 
equal to 10 and K equal to 5. The performance of our classification approach is given 
in Table 1. 

The testing set contains 70 videos different from the training set. Out of these, 64 
videos are correctly labeled while 6 are misclassified. Therefore, an accuracy of 
91.4% was achieved. Most errors originate from non-news videos labeled as news  
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Table 1. Confusion matrix of video classification results 

 News Sitcom Basketball Talk Show 
News 95% 5% 0% 0% 

Sitcom 7.5% 92.5% 0% 0% 
Basketball 0% 20% 80% 0% 
Talk Show 20% 0% 0% 80% 

videos, this is partially because that monologues in sitcoms or talk shows make them 
seem like news. 

5   Conclusions 

We have proposed a video classification approach that using audio feature only. In 
this approach, an audio vocabulary is first obtained by vector quantizing descriptors 
computed from training audio documents using k-means clustering, and an audio 
document is represented by a bag of words. Then latent topics and their distribution 
are trained using pLSA and used as a feature vector in the KNN classifier. In experi-
ment, we try to classify videos into 4 categories namely news, sitcoms, sports and talk 
shows, and the results are encouraging. 

Acknowledgments. This work has been supported by the National Science and 
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2006BAH02A36. 
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