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Abstract—The paper introduces a new method of feature
selection through the function model of game fusion. We use
the traditional three steps of accomplishing feature selection by
the fusion model: Firstly, fusion model can preprocess the
input information, classify the information into conflict data,
redundant data and complementary data, and filter the
conflict data. Then, it transmits the preprocessed data to the
modules of the information center. Finally, fusion model
achieves the optimal situation through the fusion algorithm.
We discover the complexity of these three steps will be high
when the size of features is huge. Therefore, we draw on the
experience of feature division and reduce the size of strategy
set from power set of features to the features set.
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l. INTRODUCTION

Information fusion which is also named as data fusion is
originated from sonar signal processing system of the United
States Department of Defense in 1973. Information fusion
merges the information from disparate sources which are
always gathered by multi-sensor system.

The two critical elements of information fusion method
are fusion model and fusion algorithm. There are plenty of
methods accomplishing the information fusion in different
field.

Information fusion based on game theory is a hot topic at
present. Most of the methods based on game theory use the
function model of game fusion which is proposed by Wang
in [1], but the fusion algorithms are different. For example,
Xiao takes the Bayesian network as the fusion algorithm [2].
Yin uses the Markov game theory and introduces a thought
of using agent [3]. Xu uses Nash equilibrium which is a
concept of economy [4]. Wei tries the technique of hotpot [5]
and Guo introduces the way of game fusion using multi
intelligent agents [6].

Feature selection is one of the applications can
accomplish through information fusion based on game
theory. We can achieve the goals of feature selection through
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the game fusion model of [1] and the fusion algorithm of [4],
but this attempt has a huge size of complexity. Fu introduces
a new method of feature selection of game theory in [7].
Although the method of Fu has many limitations, we use the
thought of this new method in game fusion model and
achieve good effect finally.

Il.  INFORMATION FUSION BASED ON GAME THEORY

Information fusion process based on game theory is
divided into three steps[9]:

Firstly, preprocessing gathered information to clean up
incorrect information;

Secondly, input preprocessed data to the function model
of the fusion system;

And then, the fusion algorithm is used in process
refinement module of the fusion system, continuously
optimize the strategy of each player, and ultimately form the
optimal situation.

A. Data Preprocessing

To preprocess the input information, the concept of self
entropy and mutual entropy which is mentioned in [8] should
be used.

Giving n sensors, the measuring characteristics of each
sensor S,(1<i<n) owns a probability distribution
p,(x|x,). Among them, xe X is random variables of
measuring, X, is the observed value of sensor S;
pij(x|xi,xj) is the combinational distribution of sensor S;
and S;, x; and x; is the observed value of sensor S; and S;

respectively [8].
The definition of self entropy is [8]:

h, (Xi):_z pi(xl Xi)IOQ pi(xlxi)

xeX

(M

The definition of cross-entropy is [8]:



hu(xi,xj):h“(x, X

o

):—Z P, (x| x,,xj)log P, (x| X,,XJ)(2)

xeX

Data can be classified into redundant, complementary
and conflict through the self entropy and mutual entropy.
The conflict data is regarded as incorrect information must
be errors occur in the sensors during collection. Thus, it
should be filtered out before the data input into the fusion
system.

The details of data classification as follows [8]:

There are six kinds of relations between h, (xi,xj) and

h(x), h(x,). Without loss of generality, three situations

J

satisfy h(x,)<h, (x,) is considered:

1. h,j(xi,xj)< h,(xi)g hj(xj).

In this situation, data are redundant, because the data of
two sensors have positive correlation. For example, the
sensors get the height and door height of a car will satisfy
this situation, because door height strongly depends on the
height of the car.

2. h,(xi)s hu(x,,xj)g hj(xj).

In this situation, data are complementary, because the
data of two sensors have irrelevant or weak correlation. For
example, the height and the weight of a student have weak
correlation. Thus, the mutual entropy does not sacrifice a lot
and keeps between two self entropies.

3. hi(xi)s hj(xj)< hij(xi,xj)

In this situation, data are conflicting, because the data of
two sensors have negative correlation. The negative
correlation implies that the sensor has got the incorrect data.
Therefore, this situation can be applied as the process of
preprocessing.

Summary of the relationship between entropy and data
classification is shown in Table 1.

TABLE I. ENTROPY AND DATA CLASSIFICATION [8]

Relationship of mutual
entropy and self entropy

h,(x,x,)<h(x)<h,(x;)
h(x )< hij(xi,xj)g hj(xj)
h(x)< hj(xl)< hij(xi,xl)

Data correlation Data classification

Positive correlation Redundancy

Weak correlation Complementary

Negative correlation | Conflict

Through conflicting data filtering, the accuracy and
reliability of fusion results can be improved.

B. Function Model of Fusion System

There are three crucial elements in the game theory[10]:

Player: Each side who participates in the decision is
defined as a player. One decision can include two players, as
well as more than two players. Players must have the
strategy which is available to choose and can influence the
final results.

Strategy: The feasible options which the player can take
are defined as the strategy. The whole strategies of one
player are a strategy set. Therefore, one strategy set
corresponds to a player.
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Define S, as the strategy set of player i . When each side

select a strategy from their own strategy set respectively, all
these strategies can be noted as S, which is named as a
situation.

Payoff: The vector function F which is based upon
situation set S is defined as payoff function. For each

situation S, F(S) works out the payoff value through the

strategy result of each player.

Therefore, a policy model is consisted of three parts:
player, strategy and payoff.

The function model of fusion system includes[11]:
Human-Computer Interaction System, Multi-Sensor System,
Player Abstraction, Strategy Abstraction, Payoff Abstraction,
Situation  Assessment, Process Refinement, Database
Management System. Figurel shows the function model of
game fusion.

Database Management System includes strategy database,
payoff database. Process refinement module completes
filtering conflict data and continuously choosing strategy to
assess the situation. Situation assessment module calculates
payoff value through the current situation.

The steps of function models are listed as follows[10]:

Step 1: Multi-Sensor System sends the collected data into
information fusion center.

Step 2: Process refinement module filters the conflict
data and takes the rest data as players.

Step 3: Strategy abstraction and payoff abstraction
module get the set of strategies and the payoff functions from
database management system through the current players.

Step 4. The process refinement module chooses one
strategy from each player and forms a situation, then sends it
to the situation assessment module.

Step 5: Situation assessment module calculates the payoff
by situation and payoff functions and transmits the payoff to
the process refinement module.

Step 6: Process refinement module judges whether the
situation is the best. If not, go back to Step 4.

Step 7: Save the best situation in database management
system and transmit it to human-computer interaction system.

C. Fusion Algorithm

Process refinement module needs to check whether the
current situation is optimal. This step can reduce the
computation of information fusion. There are many
algorithms, such as Nash equilibrium [4], Bayesian network
[2] and Markov game theory [3], etc.

Nash equilibrium is the most popular fusion algorithm
owing to the concise and efficiency of it. It just judges the
situation whether the players can increase their payoff just
changing the strategy on his own[4]. In this paper, we take
Nash equilibrium as the fusion algorithm of the process
refinement.

Ill.  FEATURE SELECTION BASED ON GAME THEORY

Using function model of game fusion can accomplish the
application of feature selection. But when there are a great
amount of features to select, the complexity of this function
model confines it to achieve the goals. In [7], Fu has



proposed a method of feature selection based on game theory
which can solve the problems of large size of features and
has achieved a fantastic effect in vehicles recognition. In this
paper, we analyze the method of [7], find the limitations of it
and propose a new method which takes the advantages of
these two methods.

A. Feature Selection Based on Game Fusion Model

Like the steps mention above, feature selection also can
be done as follows[12]:

Step 1: Multi-sensor system transmits the collected data
which contain the value of their features into the information
fusion center.

Step 2: Filter conflict data and the rest data is the player.

Step 3: Set the power set of features as the strategy of
each player.

For example, if the feature set of each player is {length,
width, height}, the strategy is {{length}, {width}, {height},
{length, width}, {length, height}, {width, height}, {length,
width, height}}.

Step 4: Each player chooses a same strategy which forms
a situation.

Step 5: Assess the situation through summing up the
different payoff of each player taking the strategy which is
chosen.

Step 6: If the situation is Nash equilibrium, go to Step 7;
if not, go to Step 4.

Step 7: Save and present the best situation.

Owing to the strategy is a power set of features, the
complexity of this method is a problem.

B. Feature Selection Based on Game Theory and Feature

Division

In [7], Fu has separated the features set into two parts and
each part contains redundant features. Through constructing
payoff function and choosing the payoff of the best situation,
the author gets two features in each part[13].

In the experiment of vehicles recognition, the set of
features is {length, width, wheelbase, front track, rear track}.
It is obvious that length and wheelbase are a group of
redundant features, while width, front track and rear track are
another group of redundant features. The authors construct
the player, strategy and payoff as follows[14]:

Set two players S, and S, .

Set the strategy of S, as {length, wheelbase}, S, as

{width, front track, rear track}.
Set the payoff function [7]:

a., = ; p(wk |ai)log p(wk Iau)+

| A3)
\/Z ples, | e )log pla, | )~

> plo, 1, )og plo, 18,

Where {a,,a,}= {length, wheelbase}, {8,5,.5,}=
{width, front track, rear track}, a;, means the payoff of
choosing the strategy (a;, ,).
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This method gives a new view of choosing players. It
changes the strategy from the power set to the set of features,
which greatly reduce the complexity. But it also has
limitations which are listed as follows:

The method is based on a hypothesis that the features
must be redundant. Otherwise, the features cannot be put in
different sets.

The number of sets of redundant features must be two,
which is unsuitable for many applications in real life. For
instance, in vehicles recognition, there also can be a group of
features like height and door height.

C. A New Method of Feature Selection Based on Function
Model of Game Fusion

Referring to the method of [7], we change the player and
traditional strategy mention before. After Step 2, we classify
the features by putting the redundant features in a same set.
Redundancy of features will improve the accuracy of feature
selection, but won’t be necessary. If the features are not
redundant we can separate the features randomly and will
also get a result of feature selection.

After classifying, we count the number of sets. The count
is the players and the sets of features are strategies.

For instance, the set of whole features is
{al‘az’aS‘ad’ﬂi’ﬁZ’ﬁS‘}/1'}/2’51‘52’53‘54} 1 Suppose that
after classification which puts the redundant features in a
same set, the sets are {a,,a,,a,,a,}, {5, B}, r7.)s
{6.,5,,6,,6,} . Then, they are the strategy sets of player S,,
S,. S,, S,.

In this method, we can also use the payoff functions of
[7], which calculate the mutual information between two sets
of redundant features. We sum up the mutual information of
each two sets of a situation and use the function model to
check the Nash equilibrium.

The advantage of this method is not only changing the
power set of features to the set of features, which reduces the
complexity, but also enabling using the fusion algorithm
such as Nash equilibrium in function model to accelerate
finding the best situation.

IV. CONCLUSION

In this paper, we introduce the method of feature
selection which uses function model of game fusion and
improve it by changing the mode of player and strategy.
Finally, we find more advantages of this method than the
method before.

Although we can select feature through the method of
using function model, construct new payoff functions which
are more suitable for feature selection and find the new
fusion algorithm to accelerate finding the best situation are
necessary in future working[15].
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Function model of game fusion [1].





