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During some game event on the field or stadium, spectators can always view and follow 

what is occurring by turning the head to the right direction. However when person watches the 

game on TV, he can only rely on camera movement, that shows what is happening on the field.  

Game events that are usually showed on TV does not always satisfy user with the content. Cameras 

in the pitch cannot always capture some important moments. In this project football was chosen to 

represent game event. In order to solve that problem, we built a model that estimate human 

intention and provide desirable content.  

 
Fig. 1 Live feeling communication platform 
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 Figure 1 shows a picture of live communication platform. Main goal of this platform is to 

provide user with the most desirable content. Based on analysis of human behavior we determine 

whether user is satisfied with the content of the game on TV. Platform illustrates the camera and 

microphones to collect data of user intention.  Then based on human behavior cameras are 

modified, thus showing the most appropriate content on TV to the user. If cameras in the field use 

model of human intention, then it will show the most desirable content to user.  

1. Related works 

Related works with modeling human intention using Bayesian network can be found in 

paper of Oliver, N. and et al. (2000). In this paper they described real-time computer vision and 

machine learning system for modeling and recognizing human behaviors. In particular, that system 

considers detecting some interactions between people occur and recognize the type of interaction. 

This system use statistical Bayesian approach as a tool [4].  

Huang and et al. (2006) conducted video semantic analysis based on low-level image 

features and the high-level knowledge using Bayesian Network (BN) and dynamic Bayesian 

network (DBN). Using BN features, they identified special events of football game such as goal 

event, corner kick, penalty kick and card event. BN and DBN used to interpret high-level semantics. 

Research work of Sun and et al. (2003) is also about using Bayesian network to detect 

soccer events from video. This paper describes how Bayesian Network used to identify scoring 

event based on six cue information such as gate, face, audio, texture, caption and text. Probabilistic 

result of network used as a feature vector to retrieve the video. 

2. Bayesian Network 

Bayesian network (BN) is generally used to build a probabilistic model of some natural 

events with discrete observable or hidden states. In multiple occasions BN was successfully used to 

model human reasoning because its structure is well suited to model the cause-effect relationship 

that is often used in human reasoning.  

A Bayesian Network (BN) is a DAG with nodes representing random variables and the 

edges specify cause-effect relationship between the nodes.  

BN are thus well suited to study certain aspects of human behavior and provide reasonable 

basis for intention estimation. .However, real time events such as football or baseball are continuous 

processes, thus in order to apply BN we quantified the game and extracted discrete events as 

offside, penalty kick, corner kick, goal kick, throw-in, free kick and misconduct.  

The human intention and the discrete game events were combined to build a BN that will 

output the desired content based on human pLiterature and the game situation. The BN is built by a 

dual process: first it is designed around data collected from users and football enthusiasts. This data 

is then used to obtain a set of nodes representing random variables within the BN. The data obtained 

is used to train the BN and then another set of interviews were conducted to obtain a test set,     

The BN represents the target human intention as an output that represents camera position, 

its angle and zoom that capture important moments of the football game.  

3. Data collection 

Bayesian Network model human intention by retraining data gathered from user. Whenever 

it takes data as an input, it gives some probabilistic result that is coherent to human intention, since 

data itself represents human intention. Therefore in this project data was collected that is equivalent 

to sensor processed results, which include face analysis and emotion recognition.  Then such a data 

will be given to system to decide what camera position. Model will be built using this data which 

then will generate a human like behavior given some particular game situation. 

Football as a game event contains some particular situations. We extracted situations as 

offside, penalty kick, corner kick, goal kick, throw-in, free kick, moment of fouls and misconducts. 

In order to collect data that is equivalent to sensor processed results, we interviewed people, who 

are interested in football, for each of these situations. Interview questions include two types of 

questions, that are dedicated to understand user pLiterature and environmental conditions that 

affects to user pLiterature. For example: 
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• In offside situation, your favorite player is going to score a goal. What do you think require 

more attention? 

• During offside situation you usually pay attention on some important things.  What are 

environmental conditions affecting your pLiterature? 

With the help of these interviews, we found out what user pLiterature are during each 

football situations and why it is so.  However there was a problem with answers. Since users are not 

computer experts, their answers were not explicit respectively. Therefore, we needed to make 

quantization of user answers using qualitative analysis. Through analysis of data, we found similar 

and repetitive answers and divided them into categories.   

4. Model of human intention 

The Bayesian model of human intention consists of a set of input and output nodes.  Inputs 

of the BN are user pLiterature and game event situations; outputs are number of camera, camera 

position, angle and zoom. Inputs node represent categories that were extracted from data analysis. 

First version of the BN model included all situations that we extracted from football game 

and all nodes for user pLiterature. This approach however turned out to be not successful as the 

cause-effect relationship was difficult to recognize. Consequently the expected results were not 

accurate enough to be considered. The reason for that was lack of knowledge about cause and effect 

relationship between all input and output nodes. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2 Model for offside and when defending players are from favorite team of user. 

 

Because of failure of the first network we decided to divide network into several networks 

that represents each situation and related user pLiterature. In order to learn network, we applied 

Expectation–maximization (EM) learning. EM learning approach allows learning hidden variables 

that can be missed in machine learning task.  

Analyzing small networks was more effective, since it allowed understanding of all 

connections between nodes. Figure 2 shows one of those resulting networks in particular the offside 

situation BN model is represented.  

Before merging all networks we decided to test and compare each of them with human results. In 

order to test networks, we conducted interviews with people interested in football.  

5. Output discretization 

There was a problem concerning organization of outputs in the network. Network need to 

show the camera and its appropriate position, angle and zoom that can capture some important 

moment or thing in the football field. However football field is a large place with infinitely many 

spaces for important elements as ball or player position. We needed to have a system for simulation.  
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In order to do that, we divided the football field into the grids.  From figure 3, it can be seen clearly 

how half of the field is divided into the grid. Therefore our model indicates position of each camera 

and important game element in terms of number.  

 

 

 

 

Fig.3 Camera angles and one half of the football pitch divided into grids 

 

From figure 3 it can seen that in order to show position of some user preference, model specify 

number of cameras, grids where it should be located and angle. Zoom is specified by 3 levels: short, 

normal and wide. For example if network gives an output for offside situation ―camera #3, grid #8, 

angle #1, normal zoom‖ then it means that during offside user may want to see position of 

goalkeeper since network showing the grid #6.  

There are overall 5 cameras. We assume that camera #1, #2, #3, #4 can move, but camera #5 

does not, because it is on the top.  After data collection we decided to remove #2, #4 from network, 

because they less preferred by the user.  

6. Experiments and Results Discussion 

Our goal is to have a human intention model that accurately recognizes human intention and 

respectively give an output as camera position, its angle and zoom that appropriately capture user 

pLiterature.  

We conducted interviews to test model accuracy with user cognition. 14 people participated 

in interviews used for the testing. Interview questions were formulated by using model inputs as 

human intention and game situations similarly to the interview used to obtain training data. For 

example there were questions as ―at the end of the world championship  

offside happened and defender side is from your favorite team. During that situation, what is 

important for you to see in the screen?‖   

In order to calculate accuracy of the network, we compared possible position of user 

pLiterature, which we obtained from testing, to position that is indicated by network. Network 

shows certain field position that we obtained through camera view. Camera position, its angle and 

zoom indicate certain place in the football field. These places we specified as numerated grids. So if 

most of the users wants to see goalkeeper or ball position during certain situation, and network 

shows grid #6, then there might be high probability that network is accurately shows what user 

wants to see.  

Table 1: Network accuracy 
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Situation User 

pLiterature 

Expected 

locations  

Network 

accuracy 

Offside 

goalkeeper:20

% 

Grid #6 20% 

defending 

players:20% 

Grid #6 25% 

referee 

decision:20% 

Grid 

#7,8,9 

10% 

offside 

position in the 

pitch:40% 

Grid # 6, 5 25% 

   Overall:85% 

Table 1 illustrates results of network accuracy in the offside situation. After testing network 

we obtained what user wants to see during offside situation. User pLiterature of people are 

goalkeeper, defending players, referee decision and position where offside happened. In the Table 2 

it can be seen how many people prefer to see each of this user pLiterature out of 14 people in 

percentage. There are also expected locations of each user pLiterature. The last column illustrates 

percentage of accuracy out of 25% for each preference. What network shows during offside 

position is shown in the figure 4. As it can be seen the red square is the position shown by network 

with wide zoom. After comparison of expected positions with position that is indicated by red 

square on the figure 4, we identified that network can show goalkeeper, defending players and 

offside position in the pitch with high accuracy. However network cannot identify position of 

referee and its results, since referee can be located outside of the pitch near 7, 8, 9 grids. Despite 

this fact, there is 10% of accuracy for showing referee, since camera #1 can view 9th grid but with 

little accuracy since zoom is wide and it can clearly show only 6th grid.    Overall accuracy of 

network is 85%; it means there is a high probability that network works. 

7. Conclusion 

This paper proposed human-intention modeling using Bayesian network. The general goal is 

to develop model of the single person who is watching a sport event (football) and that will 

recognize behavior of the person during some certain moment of the game and to estimate what 

person want to see exactly on the screen. Further work for this project is to analyze all other 

situation beside offside such as penalty kick, corner kick and etc. We want to observe whether the 

result of accuracy of network is the same for all situations or different. These and other results will 

be presented on other papers.  
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