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ABSTRACT 

Video has large amount of information so it is difficult to extract video summarization.  There are various techniques used for 

video summarization. The intention behind all this work isto save two valuable attributes - the time & space related to watching & 

storage of the video respectively. The basic entity selected for this detailed work is so called „Key-frame‟. The video is a 

collection of large number of frames. The main idea is to measure the similarity of content of two consecutive frames. The key 

frame is the important or meaningful scene of the video which contains the effective information of its consecutive frames, hence 

also called as „Representative frames‟. This paper is applied on a sports watching group of viewers and covers a novel approach- 

Attention based key-frame extraction i.e. the procedure of the contextual inference is used to simulate how the game status attracts 

the viewers. Second, a fusion methodology of visual and contextual attention analysis based on the characteristics of human 

excitement is introduced. In addition, the amount of key-frames is determined by using the contextual attention score, while the 

key-frame determination depends on integrating all the visual attention scores. 

 

Keywords-key-frame, key-frame extraction, contextual attention, attention modeling,video summarization, 

content extraction, feature extraction  
 

 

1. INTRODUCTION 
 
A video can be segmented into different units, such as frames, 

shots, or scenes. The structure of a video is shown in Figure 

1.1. The complete moving picture in a video can be discretized 

to a finite image sequence, i.e., many still images. Each still 

image is called a “frame”, which is the basic unit of the video. 

The image sequence is naturally indexed by the frame number. 

All the frames in one video have a same size and the time 

between each two frames is equal, typically 1/25 or 1/30 

seconds. A video shot is defined as a series of interrelated 
consecutive frames taken contiguously by a single camera and 

representing a continuous action in time and space [1]. In 

general, shots are joined together in a process called editing to 

produce a video. The unbroken image sequence in a shot 

usually has consistent content. While scene is a more semantic 

notion, which is essentially a story unit [1]. The objective of 

this paper is to present an approach to segment a given video 

into different shots, find the beginning and end of each shot, 

and then extract a single frame representing the main content 

of each shot.Key Frames, also called representative frames or 

R-frames, is a collectionof salient images extracted from the 
underlying video source. On the other hand, video skims, also 

called a moving-image abstract, moving storyboard or 

summary sequence, consist of a collection of video segments, 

and consequently their corresponding audio, extracted from 

the original video. Once key frames are extracted next step is 

to extract features. The features are typically extractedoff-line 

so that efficient computation is not a significant issue, but 

large collections still need a longer time to compute the 

features. Features of video content can be classified into low-

level and high-level features. The key-frame determination is 

the one of the most effective mechanisms to represent the 

whole video using a few frames. For video retrieval 

application, many systems have been presented to deal with 

this problem [2], [3]. 

Recently, many human perceptual features are 

discovered to understand the human attention in digital 

image/video search applications. Ma et al. [4] illustrated a 
hybrid user attention model, which includes visual and audio 

features in video summarization application. Modeling the 

visual attention of the video can provide well understands 

about the content. For instance, Ittiet al. [5] proposed a 

saliency-based visual attention model for scene analysis. In 

intelligent video applications, they combine a number of 

representative feature models into a single saliency map which 

is then allocated to those regions that are of attract to the user. 

The saliency feature map can be used as an indication of the 

attention level for determining key-frame.In this paper, we 

proposed a novel attention-based key frame determination 
system by integrating the object-based visual attention maps 

and the contextual on-going game outcomes. The decision of 

the number of key-frames is determined by utilizing the 

contextual attention score. We apply the object-based visual 

attention model with the contextual attention model, it 

determines not only the human perceptual characteristics 

precisely, but also the type of video content that attracts the 

viewers‟ attention effectively. 
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2. ATTENTION-BASED CONTENT 

MODELING 
Theoretically, attention is a psychological reflection of human 

emotion. When a search system considers the content attention 

analysis, it always enables the retrieved media more fit to 

user‟s actual needs. Here, we take both visual and contextual 

information into consideration to deal with the content 

modeling. 

2.1.Visual Attention Modeling 

Most of work for modeling visual characteristics uses the 

frame-based model to analyze the visual contrast of the frame. 

Unfortunately, the approaches of frame-based visual attention 
are sensitive to background region. The attention model is also 

suffers from the distortion of the camera motion such as 

zooming, panning and tilting effects. To face this problem, we 

adopt an object-based attention model to provide the more 

accurate content information. Based on the attention 

characteristics, the extracted attention maps are classified into 

three types: spatial, temporal, and facial. We take into account 

with the effects of the camera motion and game statistics, 

because they both provide numerous meaningful clues of 

content excitement. 

First, the motion information can be extracted by using the 

frame difference method with the pixel-based motion energy. 

To accumulate the motion energy of the visual objects (VOs) 

in group of frames (GOF), it enables to localize the moving 

pixels more precisely. Second, the Sobel operators and Otsu 

thresholding method is used to extract the edge feature. Based 

on the extracted the motion and edge features, we can combine 

these two information to detect object by using “AND” 

operation. Then, the morphological operators are applied to 
remove the noise such as closing, opening, and region 

growing. 

2.1.1Spatial Attention Map 

In static scene, human eye is usually attracted by the 
significant color distribution, strong contrast, and special 

texture in static scene. Similar to [11], three saliency maps are 

used to extract the most representative object-oriented spatial 

information. Here, the spatial attention maps include intensity, 

color contrast (red-green, blue-yellow), and orientation of the 

frames.  

 2.1.2Temporal Attention Map 

Obviously, it is difficult to extract motion vector from the 

image with cluttered and inhomogeneous background. To cope 

with this difficulty, the motion activity (MA) is applied instead 

of the precise motion vector to represent the temporal attention 

map. First of all, apart image into W×H grid units (GUs) and 

compute the MA associated with every GU. According to the 

location of the object boundary, GU can be classified into 

three classes, i.e., foreground, background and border. The 
MA of the background region barely attracts people, because it 

provides less information. Moreover, the MA surrounding 

object boundary implies the moving behavior of the object and 

its offset value denotes the moving energy. Obviously, the MA 

within foreground reflects the texture information of the 

corresponding object. Therefore, we assign different weights 

to GUs for computing the temporal attention. Suppose that 

MA(x, y) indicates the normalized MA of the GU(x, y), where 

1 ≤x≤W, 1 ≤y≤H , and letδT(·) denote the temporal observation 

function weighted by the location of GU.  

2.1.3 Facial Attention Map 

 In this study, the face appearance is also takes into consider 

with the attention modeling. When many faces appear in the 

frame, it indicates the strong support to attract viewer‟s 

attention. In this paper, we apply an efficient face detection 

method which is an adaboost-based algorithm with Harr-like 

and Gabor features undertaking the multi-pose variations [6]. 

We do not need to know the specific locations of face images, 

whereas the likelihood distribution of face appearance.  

2.1.4. Modeling the Camera Motion Attention 

 

A rapid camera motion is usually implies a highlight occurs. 

Therefore, the camera motion plays an important role of the 

excitement mod-eling. This paper takes the camera motion 

into consideration, replacing the time consuming 2-D 

calculation with two 1- D calculations by projecting the 

luminance values from the horizontal and vertical directions. 

A slice-based method is used to obtain the vertical and 
horizontal displacement vectors (i.e.,τivand τih) for each pair 

of consecutive frames f i and f i+1.  

The cameramotion attention model can be conducted by the 

normalized displacement vectors with horizontal and vertical 

directions. Itrepresents the global motion for the consecutive 

frames. The slice-based approach enables system complexity 

to be reduced. 

 

2.1.5. Adjusting by the Center Coherency 

 

According to the characteristics of human perceptual system, 

the region closerto the center of the screen, the more attention 
will be attracted. For each frame, the visual attention will 

integrate the proposedattention maps for every involved object 

and weighted by a Gaussian template concentric with the 

center of frame.Assume that the frame f i contains three 

feature maps, the visual attention model of frame f i with 

attention map m can be obtained by:  

 

............1 
Wherem= {spa, tem, face}, ¯Mm(ok) denotes the attention 

contributions to frame i from the feature map m in object k, 

and 

Gok denotes the weighting factor for object k, it can obtained 

by its location via Gaussian template function. The 

cameramotion attention model Mcam is treated as a bias for 
computing the visual attention as to be emphasized or 

degraded.  

 

2.2. Modeling the Contextual Attention 
 

Generally speaking, the contextual analysis is a 

domainspecific problem because the different types of videos 

containing different linguistic information. It is difficult to use 

a generic model to solve all types of video data. Obviously, the 
contextual attention varies with shot-level or event-level. In 

this paper, the contextual attention model is defined as the 

probability of user‟s interest in particular game situation, 

which is formulated with the context vector. Unfortunately, it 

is hard to observe all statistical information from video frame. 
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Hence, we not only adopt the observed data from the 

superimposed caption box (SCB), but also employe the 

historical statistics data. For baseball game, the context vector 

of SCB consists of six components which are _={λi|i=1∼6} as 

reported in Table I.  

 

2.2.1.Implicit Factors 

 
The contextual information is divided into three classes 

according to the relationship between the value of the context 

and the degree of attracting viewers, as proportionally, 

specifically, or inversely tendencies. A set of implicit factors 

{Fl|l=1, 2, . . . ,l_, . . . , L–1, L} are used forin baseball game 

modeling the characteristics of the human interests. Each 

ofimplicit factors can be classified as one of three classes:  

Ω(Fl_ ) ∈ {ω
p
, ω

s
, ω

i
}………………...…2 

 

Where(-) denotes the classifier, ωp, ωs, and ωirepresent the 

corresponding factor as a proportional type, specific type, and 

inversely type respectively. In this paper, we not only use the 

implicit factor in the current frame f i called as static implicit 

factor ˆFi, but it also use the historic statistics called as 

dynamic implicit factor ˜F . Let ψc(f i) indicate the contextual 

attention score of frame f i, which is contributed from the 

static implicit factors ˆF l i , where l denotes the number of 
annotations available in that moment and ˜Fi denotes the 

dynamic implicit factors via historical statistics, 

 

ψc(fi) = ∑           
    i, ….......................3 

  

TABLE I 

The contextual annotation and the associated relationships 

 

 
 

In baseball game, four static implicit factors and 

single dynamic implicit factor are used in determining the 

contextual 

attention score. As shown in Table II, we employ the 

exponential kernel to model the contextual attention. In order 

to indicate the attention score into probability density 

formation, we apply the exponential kernel function in our 

study. It is also efficient andsimply to extend to different types 

of sports game with scoreboardbroadcasting. Four static 
implicit factors are proposed,and the α1–α5 denote the 

normalization terms. First, the score difference between teams 

greatly affects viewers‟ attention. For example, when scoring 

run is the same or very close, it indicates that game is very 

intense. Second, the number of ratio between the strikes and 

balls can be applied for modeling the viewers‟ attention. The 

number of the balls is repeatedly shows from 0 to 3, 

meanwhile the number of the strikes and outs are repeatedly 

show from 0 to 2. When λ5 reaches 3 and λ6 reaches 2, it 

indicates that game is received high attention due to the 

current player may be struck out or get to walk at soon.Third, 
when less number of remaining innings, it indicates the more 

attention will be attracted. Therefore, we design theimplicit 

factor λ1 which represents the number of the inning. Normally, 

the maximum number of innings is 9. Finally, the high number 

of the outs infers the strong excitement will be appeared.  In 

this paper, we concern the historic game statistics. Bill James 

[7] who is a baseball writer, historian and statistician whose 

achievement has been widely influential on the baseballfield 

as well as the field of statistics, the game of baseball is one of 

the most statistical games in sports. The base-occupied 

situation usually attracts much user interest. Coaches tend to 
change their strategy considering the base-occupied situation. 

Jim Albert [8] collected case studies and applied statistical and 

probabilistic aspects to the baseball game. He conducted a 

thorough statistical analysis of the data from the National 

League for the 1987 season, the play-by-play data of which is 

downloadable from [9].  

 

TABLE II 

The proposed implicit factors for baseball game 

 

 
 

The statistics of the expected runs scored in the remaining 

inning for 24 possible pairs (λ2, λ4) are shown in Table III. 

The possible scoring under different base-occupied and 

number of out scenarios using the historic game statistics are 

reported. Based on the statistics, the implicit factor can be 

adjusted by weighting sum of the past attention score as λ4, 

i.e., the pre-trained probability p(ˆF 4 I |λ4) and the expected 

runs scored by looking up from Table 3. 

˜Fi = β1P(ˆF 4I|λ4) ∗β2LUT(λ2, λ4), ……………………4 
 

whereβ1 and β2 indicate the weights, and LUT(.) denotes the 

look-up-table function which normalized by the maximal 

value for the corresponding outs. 

 

TABLE III 

Expected runs scored in the remainder of the inning 

 

 
 

 

3. KEY-FRAMEDETERMINATION 
In this paper, the contextual attention score is adoptedto 

determine the best number of key-frames from each 

keymoment, meanwhile, the key-frames being determined 

basedon the visual attention score. 

 

 
 

3.1.SCB Segmentation and Modeling 
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Here, the SCB can be extracted by using the well-

definedtemplate construction method [10], cooperating with 

digitalobject labeling mechanism, the contextual game status 

can beobtained. To model the SCB, we apply color 

distribution toconstruct a representative template modelhR.The 

candidateSCB region in the ith frame will be obtained by 

using the similaritymeasurement which is formulated as the 

Mahalanobisdistance measurement in this paper. 

 

3.2. Key-Frame Rate Determination 

 
The problem in selecting the sufficient set of frames froma 

shot as key-frames has become critical issue. 

Generallyspeaking, a shot with the more exciting event, it 

requires the more key-frames. The contextual information is 

normally represented by shot units. Therefore, it appropriates 
to determine the key-frame rate according to the contextual 

attention score. Here, the contextual attention score is obtained 

by combining a set of implicit factors. Different context 

combinations reflect 

the different level of game excitement.  

 

3.3. Key-Frame Selection 

 
Basically, the criterion of the key-frame selection is based on 

two rules: On one hand, the key-frame must be visually 

significant. On the other hand, the key-frame must be 

temporally representative. Combining all attention feature 

maps can meet the first rule. In this study, the camera motion 

characteristics are treated as the balancing coefficient to 

support the second rule. Here, the frame-level attention score 

is quantitatively obtained by the weighting mean of the visual 

attention which is defined as the combination of the all visual 

saliency feature maps. A numerical score is derived from the 
visual characteristics of the all objects in current frame. The 

denominator of each part is the normalization term, which is 

the sum of the attention maps for all frames belonging to the 

same video shot 

 

TABLE IV 

The examples with different attention scores 

 

 
 

 

4. CONCLUSION 
In this paper, a novel key-frame detection method was 

proposed by integrating the object-based visual and contextual 

attention models. The result of key-frame determination 

indicated the proposed attention model and key frame 

determination algorithm were consistent with human 

perception. Moreover, the key-frame rate determination was 

indicated successfully using the contextual attention score, 
meanwhile, the key-frames were determined from the all 

visual attention scores. Integrating the object-based visual 

attention model and the contextual attention model not only 

produced the more precisely human perceptual characteristics, 

but it also effectively determined the type of video content that 

attracted much more of the viewers‟ attention. The proposed 

algorithm can be easily extended to the other commercial 

sports videos broadcasting. 
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