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Abstract. Along with the ever-growing web, violent video sharing in the 
Internet has interfered with our daily life and affected our, especially children’s 
health. Therefore violent video recognition is becoming important for web 
content filtering. In this paper, we classified the video into violent and 
nonviolent using Multi-Modal Multiple-Instance Learning and Attribute 
Discovery approach by combining audio-video with text information for web 
video detection. The main work is two-fold. First, we build the training bags 
from our video data and use attribute learning to explain attributes relation. 
Second, we design an efficient instance selection technique by utilizing audio-
video and text information to speed up the training process without 
compromising the performance. The experimental results on 200 videos 
collected from the sharing video sites show that the proposed method is 
effective on violent video detection. 

Keywords: Violence Detection, Multi-Modal, Multiple-Instance Learning 
(MIL), Attribute. 

1 Introduction 

The internet provides great convenience for us to obtain all sorts of information that 
we need. However, some violent content, including violent text, violent image and 
violent video etc, can also easily interfere with our daily life and affect our, especially 
children’s health. To protect our psychological health, it is necessary to find an 
effective way to automatically detecting the web violent content. In this paper, we 
focus on the recognition of the web violent video. 

Some approaches have been proposed to violent video detection. Nam et al. [1] 
performed violent scenes by detecting flame and blood, and various audio effects, 
such as gunshots, explosions. Cheng et al. [2] proposed a hierarchical approach to 
recognizing gunshots, explosion, and car-braking. Swanson et al. [3]implemented the 
automatic conversion of movies with an ’R’ rating to a ’PG’ rating by hiding violent 
scenes using video data hiding techniques. Lin et al. [4] performed violent shot by 



450 S. Hao et al. 

 

detecting with audio and video features in movie databases. Datta et al. [5] exploited 
the accelerate motion vector to detect fist fighting, kicking. Giannakopoulous et al. [6] 
used eight audio features, both form the time and frequency domain, as input to a 
binary classifier which decides the video content with respect to violence. In 
summary, they extracted audio and video features according to some common “film 
grammars”, but in this paper we extract features based on attribute discovery. And 
they also ignored the text information, especially video introduction and user reviews 
that they have many information about web video content. 

In this paper, we propose a novel violent video recognition model based on Multi-
modal Multiple-Instance Learning and Attributes Discovery. The model assumes that, 
for any violent video is treated as a bag, and each bag has different number of 
instances (shots). Based on the existence of positive instance in the bag, we decide 
whether a bag is a positive training bag or not. A bag is positive bag if at least one of 
its instances is positive instance. And we introduce attribute discovery, discover 
attributes form text information and extract features based on attributes. 

 

Fig. 1. The collection of training bags 

The rest of this paper is organized as follows. The proposed method is described 
form Section 2 to 4. In the section 5, the experimental results are reported. Finally, 
Section 6 concludes the paper. 

2 Attribute Discovery 

This paper explores discovery of attribute vocabularies and learning audio-video 
representations form text data on the web. To begin with, we collect 180 texts 
associated web violent video from the Internet and rank words of text by how well 
their occurrence can be predicted from audio and video features. In general, possible 
sources of text information corresponding to web video: title, resume, user reviews, 
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the introduction of the video. In this paper, we put the video introduction and user 
reviews as the main text information that it has the user’s strongly emotional 
expression and also have an overall description about web video. Our discovery 
process identifies that can be consistently predicted from some aspects of video 
appearance and audio representation.  

2.1 Finding Video and Audio Synsets 

The web data for an object category is created on and collected from a variety of 
internet sources (websites with different authors). Therefore, there may be several 
attribute phrases that describe a single same attribute. For example, “Bloody” and 
“Sanguinary” might be used by different sources to describe the same visual 
appearance characteristic of a video. Therefore, using both as attributes would be 
redundant. Ideally, we would like to find a comprehensive, but also compact 
collection of visual attributes for describing. To do so we merge attribute words based 
on text analysis– for example merging attributes with high co-occurence or matching 
words. This process results in a collection of attribute synsets that cover the data well, 
but tend not to be visually repetitive. For example, Blood synsets: {“bleed”, “blood”, 
“bloody”, “bleeding”, “sanguinary”}, Explosion synsets: {“explosion”, “blowout” , 
“explode”, “exploding”, “blow-up”}.  

On the text side, we keep our representation very simple. To a text, after removing 
stop words, and punctuation, we consider all remaining high DF (Document 
Frequency) words as attributes. 

2.2 Attributes Relation Graph 

We now describe how to build the attribute relation graph  , . We will 
assume  is a tree structured graph. A vertex  corresponds to the j-th attribute. 
An edge ,  ε means the i-th and the j-th attributes have dependencies. In 
practice, the dependencies between certain attribute pairs might be weaker than 
others, i.e. the value of one attribute does not provide much information about the 
value of the other one. We can build a graph that only contains edges corresponding 
to those strong dependencies. We adopt an automatic process to build  by 
examining the co-occurrence statistics of attributes in the training data. First, we 
measure the amount of dependency between the i-th and the j-th attributes using the 
normalized mutual information defined as  , ,,  

Where ,  is the mutual information between the i-th and the j-th attributes, 
and  is the entropy of the i-th attribute. Both ,  and  can be easily 
calculated using the empirical distributions ,  and ,  from the 
training data. 

A large ,  means a strong interaction between the i-th and the j-th 
attributes. We assign a weight ,  to the connection , , then run a 
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maximum spanning tree algorithm to find the edges  to be includedin the attribute 
relation graph . The attribute relation graph with 11 attributes built from our training 
data is shown in Fig. 2. 

 

Fig. 2. Attributes relation graph 

3 Features 

We present in this section features generated from audio-video and text. In section 2, 
we have got the attributes that can be consistently predicted from some aspects of 
visual appearance and audio representation in violent video. Based on attribute 
discovery, we have got 11 attributes, but we only consider attributes: blood, action, 
gun that strongly predicted the visual appearance and audio representation as audio-
video clues.  

From the attribute blood we can infer that generally the violent video will contain 
bloody frame sequence, so we extract video feature bleeding. To the attribute action, 
we can see that the most violent video will contain high activity and abrupt motion, 
then we take the motion intensity as video feature. The last attribute gun that can infer 
the video appearance flame (fire) and the audio representation gunshot (explosion), 
because there will be gunshot and fire when a shot. Here, we focus on the abrupt 
change in energy level of the audio signal gunshot (explosion) as audio feature and 
flame as video feature. To effective measure this temporal signature, we use the audio 
energy and energy entropy criterion used in [11]. In summary, we extract video 
features (motion intensity[8], flame[9], bleeding[10]) and audio features (audio 
energy[11], energy entropy[11]) that can reflect video content well. 

The text information is available for all the web videos that involves semantic 
information of the video content and reflects the video content, especially video 
introduction and user reviews. To a text, it is first preprocessed: removing noise, 
Chinese word segmentation and then remove stop words that frequently occur in text 
information and are not of contribution for classification. We adopt TF-IDF represent 
the text information. Finally, the value of audio-video and text feature are all 
normalized to be in the interval [0, 1]. 
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4 Multiple-Instance Learning 

Our classification framework is illustrated in Fig. 3 which shows the training process, 
where instance selection is first performed to construct instance space. Then all the 
training bags can be embedded into the instance space. The means that MIL problem 
is converted into a supervised problem via similarity based feature mapping using the 
selected instances. Then training bags are used to train the initial SVM classifier. 

 

Fig. 3. The framework of our method 

4.1 Notation 

In the following, each webpage is treated as a bag, the training set can be denoted 
as , , … , , , , … ,  where  denotes the i-th bag from the 
positive (negative) bag and denotes the number of positives (negative) bags. For 
the sake of convenience, we omit the sign / when there is no need for distinction. 
Fig. 1 shows that collection of training bags. The label of the bag  is 1, 1 . The bag , , … , , the number of instances  varies. Each 

shot and text in a webpage is an instance , , ,   1,2, … , which is 
consisted of the video vector , , … ,  and the audio vector , , … ,  and the text vector , , … , .The parameter r is the 
number of video features. The parameter l is the number of audio features. The 
parameter u is the number of the key words. The entire instances in the training set are 
represented as  , 1,2, … ,  where  

                                                        
(1)

 

4.2 Review of MILES 

Our work extends ideas from MILES, so we first review it before introducing our 
method. MILES is mainly divided into two steps: one is instance-based feature 
mapping, for building instance space, the other is 1-Norm support vector machines 
learning, for constructing classifiers and selecting important features simultaneously. 
The whole instance : 1,2, … ,  in the training bag is used to build the 
instance space, and then all of the training bags are embedded into the instance space 
via a similarity between the instance  and the bag  is 

Training  bags
Instance

space

Feature 
vectors

SVM model

Feature 
maping



454 S. Hao et al. 

 

,                    (2) 

For all the training set of  positive bags and  negative bags, the mapping 
yields the following matrix representation of all training bags in the instance space  , … , , , … ,                           (3) , … ,, … ,…          …          …, … ,  

After feature mapping, the MIL problem is converted to the supervised problem, 
then the classification problem is to find a linear classifier  g , 
where w and b are model parameters and m corresponds to a bag. They rewrote the 
parameter ∑ , | | , where , 0.If either  or  has 
to equal to 0, we have | | . The total loss function is defined as  

                                                       
(4)

 

Where  and 1  penalize differently on false negatives and false positives, and 0 1. Then the SVM approach constructs classifiers based on hyper planes by 
minimizing a regularized training error. 

                             
(5)

 1, 1, … , , 1, 1, … , ,                      ,  0, 1, … , ,                                                                                                   ,  0, 1, … , , 1, … , .                     
Where ,  are hinge losses,  is called the regularization parameter. Finally, the 

classification of testing bag  is computed as 

                                              
(6)

 

Let  and  be the optimal solution of (5). The set of selected 
features is given as , :  where | | 0  is the index set of 

nonzero entries in
*w . 
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5 Experimental Result 

5.1 Data Collection 

Owing to a lack of open large data sets for web violent video recognition, we 
collected and created a video-bag set from the Internet. Each bag is composed of the 
video segment and text information (video introduction and user reviews). The video-
bag set contains 100 violent video-bags and 100 non-violent video-bags, which have 
been manually labeled and segmented into shots. The normal web videos include a 
wide range of categories consisting of comedies, dramas, documentaries, romances 
and dance films. The video-bag set is from three favorite search engines: google.com, 
bing.com and baidu.com.  

5.2 Experiments on the Dataset 

The performance of the proposed approach is tested on the video dataset, and the 
detailed experiment result is listed in Table 1. 

Three measurements, i.e. precision , recall  and  , are utilized to evaluate our 
system and they are defined by , , , where  denotes the 

number of correctly detected violent videos,  represents the number of videos 
declared as violence, and  is the number of video labels as violence manually.  measure is a harmonic mean of precision and recall, and is used to measure the 
overall performance of the method. 

Table 1. The result of our method in the dataset 

Precision Recall F1 
90.11% 88.65% 89.37% 

To verify the validity of the proposed approach, the comparison between SVM and 
our method is summarized in Table 2. 

Table 2. The result of our method and SVM 

Feature 
SVM Our Method(MILES) 

Precision Recall F1 Precision Recall F1 
T 81.71% 80.25% 80.97% -- -- -- 

A+V 79.74% 80.64% 80.19% 86.55% 84.32% 85.42% 
T+A+V 84.22% 83.41% 83.81% 90.11% 88.65% 89.37% 

Where T represents text feature, V denotes video feature, A denotes audio feature. T 
means that we only extract the text feature associated web video. A+V means that we 
neglect the text information, extract audio-video feature. T+A+V is that using three-
modal (text, video and audio) to detect violent video. Both measurements of our method 
are much better than those generated by SVM. We also see that the Multi-Modal is much 
better than single modal or bimodal generated by SVM and MILES. One possible reason 
should be Multi-Modal has much more information than single modal or bimodal, then 
we take advantage of these information through feature fusion. 

Other reason is that we extract audio-video feature that have a strong relation. 
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6 Conclusion and Future Work 

We have proposed a web violent video classification algorithm using multi-modal 
multiple instance learning and attribute learning approach. In our approach, text 
information is used design attribute discovery, we extract audio-video features based 
on attributes from the text information. And we collect text form video introduction 
and user reviews that have important information associated the video. In the future, 
we plan to build attributes classifier to increase the performance, and investigate 
method for fusion the text and audio-video features. 
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