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ABSTRACT 

The aim of this work is designing an intelligent system with learning capabilities sufficient to let 

it adapt to its environment and meet the goal of survival. The system called (Intelligent Bird) focuses 

in creating intelligent creature (bird) using computer simulation, and learning it how to choose 

between two different basic behaviours, (chase & escape). The system (Intelligent Bird) uses three 

classifier systems, which has two levels distributed architecture. Three classifier systems were used to 

perform complex behaviour. First classifier learns simulated bird to eat move insect (chase behaviour), 

i.e. move one step toward insect when cat is disappear. Second classifier learns the simulated bird 

went to cage (escape behaviour) i.e. move one step toward cage when the cat is appear. The third 

classifier system is controller classifier system should learn switching policy i.e. to which classifier 

system gives the control when more than one of them is active. First results of the application of this 

algorithm are shown bucket brigade algorithm were used to implement robotics controller with 

interesting properties such as provides guidance to the system and shortening the number of cycles 

required to learn. 

  

Keywords: Bucket Brigade Algorithm; Apportionment of Credit; Classifier System; Artificial 

Inelegance 
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1.  INTELLIGENT AGENT 

 

Although the term “intelligent” is difficult to define, it is clear that an intelligent robot 

should have certain characteristics inherent to “intelligent beings”. An example would be a 

mobile robot that is able to operate in an unmodified natural environment and to perform a 

variety of tasks without ever needing detailed instructions; moreover, it should be able to 

adapt to unexpected changes. In other words, it should almost resemble an animal. 

In order to produce intelligent agents, traditional artificial intelligent looks at the higher 

cognitive processes of humans. It attempts to devise and study computational models of 

cognitive processes such as reasoning, planning, perception and memory. The fundamental 

techniques used in traditional artificial intelligent methodologies make it hard, if not 

impossible, to add generalization and learning abilities.  

There are two principal methodologies that attempt to produce such intelligent agent, 

these being evolutionary robotic and behaviour based robotic [1]. 
 

1. 1. Evolutionary Robotics  

The main goal of behavioural robotics is to develop intelligent control for autonomous 

robotic systems. A fundamental issue is the form and expression of the behaviour itself. 

Various frameworks for behavioural robotics control have been investigated over the years. 

The majority of these approaches have been knowledge-based systems. Recently, the field of 

evolutionary robotics has received attention as a possible method to achieve complex 

behaviour in robotic systems [2].  

Evolutionary Robotics (ER) methods apply evolutionary computing techniques to 

develop robot control systems that produce a desired set of robot behaviours. In general, 

evolutionary computing methods require the use of a training fitness function or objective 

function. This fitness function is essential for evaluation of stochastic alterations made to 

potential solutions during the evolutionary search process. Selection of an appropriate fitness 

function can be quite difficult for nontrivial behavioural problems. Although simple robotic 

behaviours have been developed using ER methods, it has not yet been shown that ER 

methods can be used to develop sophisticated behavioural robotic control systems. 

Evolutionary algorithms have been around since the early sixties [3,4]. 

 

1. 2. Behaviour-Based Robotics  

In this field, like in good old-fashioned AI robotics, robots are hard-wired and 

behaviours are pre-programmed. The main idea in the approach of Behaviour-Based Robotics 

as an alternative to the traditional knowledge-based AI is that intelligent behaviour cannot be 

created in artificial systems without the ability to interact with a dynamically changing 

unstructured environment. Cognition emerges only when autonomous systems try to impose 

structure on the perceived environment in order to survive. These structures in turn provide 

the substratum for more intelligent behaviour: the skills to learn, to generalize and to abstract 

from given information, to form categories and concepts, the emergence of goal-directed 

behaviour, the creation of internal world models, and the development of problem-solving 

techniques. These basic cognitive skills are unlikely to have been present in biological 

autonomous systems from the very beginning of life. They are more likely to have developed 



World Scientific News 19 (2015) 95-119 

 

 

-97- 

 

as part of the evolutionary process. They are interested in reconstructing this process in order 

to create robot intelligent [5,6]. 

   

 

2.  CLASSIFIER SYSTEM 

  

A Classifier Learning system is one of the ways of using evolutionary methodology for 

machine learning applications. These systems are a class of rule based message processing 

systems, Rules in these systems are known as classifiers because they are mainly used to 

classify messages into general sets. Many rules could be active simultaneously since the only 

action of an active classifier is to post a message onto a message list [7]. 

A classifier system consists of three main components: 

1. Performance System (Rule and Message System). 

2. Apportionment of Credit System (Bucket Brigade Algorithm). 

3. A Rule Discovery (the Genetic Algorithm). 

 

2. 1. The Performance System (Rule and Message system). 

The performance system (also called rule and message system), is a special kind of 

production system. A production system is a computational scheme that uses rules as its only 

algorithmic device. The rules generally have the form. If <condition> then <action> the 

meaning of a production rule is that action may be taken (the rule is fired) when the condition 

is satisfied. The performance system is composed of: classifier store, message list, detector, 

and effecter. 

 

a. Classifier Store 

The classifier store is the system‟s long term memory. It is made up of a population of 

classifiers. A classifier is made up of one or more conditions (known as the condition part) 

and one action (called the action part). The condition part specifies the set of messages to 

which a classifier is sensitive, and the action part indicates the message it will broadcast or 

send out when its condition part is satisfied. Thus a classifier list consists of one or more 

classifiers of the form: C1, C2, ......... ..Cn / a Where: C1, C2, ..C. n{n > = 1} are the 

conditions making up the condition part and ' a ' is the action part, conditions are connected 

by AND operator. The ‟/‟ indicates a separation between conditions and action. Each C i is a 

string of fixed length K over a fixed alphabet. In most practical systems, the string is defined 

over three alphabets: {1,0, #}. The „#‟ is don‟t care (wild card) symbol that can match any of 

the chosen symbols {0 or 1}. For example: A classifier having a condition represented by: 

1#01 Will recognize (match) the following messages: 1101 and 1001A classifier posts one or 

more messages onto the message list when it is activated. The action part of a classifier is 

used to form the message it sends out when it is activated. It is also a string of fixed length K 

defined over the alphabet {1,0}. 

 

b. Message list 

The message list acts as the system‟s short-term memory and as the medium for 

communication between classifiers, and the output interface. It is made up of external 

messages (input observations) and internal messages (messages from classifiers). A message 
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is represented by a string of fixed length K (same length as that for a condition) over the same 

set of alphabets {1,0} as the action. 

 

c. Input Interface (Detector) 

This receives the input messages from the environment and transforms them into fixed 

length strings to be placed on the message list. 

 

d. Output Interface (Effecter) 

Messages placed on the message list by classifiers are processed through the output 

interface in order to communicate with the system‟s environment [8,9]. 

 

2. 2. Apportionment of Credit System (AOC) 

The main task of the apportionment of credit algorithm is to classify rules in accordance 

with their usefulness. In other words, the algorithm works as follows: a time varying real 

value called strength is associated to every classifier ‟C‟. At time zero each classifier has the 

same strength. When an external classifier causes an action on the environment a payoff is 

generated whose value is dependent on how good the action performed was with respect to 

the system goal. This reward is then transmitted backward to internal classifiers that caused 

the external classifier to fire. The backward transmission mechanism causes the strength of 

the classifiers to change in time and to reflect their relevance to the system performance (with 

respect to the system goal). 

It is not possible to keep track of all the paths of activation actually followed by the rule 

chains. (A rule chain is a set of rules activated in sequence, starting with a rule activated by 

environmental messages and ending with a rule performing an action on the environment). 

Because the number of these paths grows exponentially, it is then necessary to have an 

appropriate algorithm that solves the problem using only local (in time and space) 

information.   

Local in time means that the information used at every computational step is coming 

only from a fixed recent temporal interval. Spatial locality means that changes in a classifier 

strength are caused only by classifiers directly linked to it; classifiers C1 and C2 are linked if 

the message posted by C1 matches a condition of C2. The classical algorithm used for this 

purpose is the Bucket Brigade algorithm (BBA) [10,11]. 

 

2. 3. Bucket Brigade Algorithm (BBA) 
 

The Bucket-brigade algorithm is designed to solve the credit assignment problem for 

classifier systems and to determine the worth of each classifier. The credit assignment 

problem is that of deciding which of a set of early active classifiers should receive credit for 

setting the stage for later successful actions.  

The BBA service economy contains the following components: An auction, a 

clearinghouse, taxation [12]. 

 

a. An Auction 
 

When condition parts of classifiers are matched by one or more messages they do not 

directly post their messages. Instead, having its tradition matched qualifies a classifier to 
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participate in an activation auction in which it maintains a record of its net worth, called its 

strength. Each matched classifier makes a Bid proportional to its strength in this way; rules 

that are highly fit (have accumulated a large net worth) are given preference over other rules. 

The auction permits appropriate classifiers to be selected to post their messages. A classifier‟s 

bid depends on its strength and the specificity of its condition. The specificity measures the 

relevance of a classifier‟s condition to a particular message. Formally, a classifier‟s bid is 

defined as a product of Cbid and a linear function of classifier‟s specificity, and classifier 

strength. 

 

iSSPfbidCiBid *)(*                                                    …(1) 

SPbidbidSPf *21)(                                            …(2) 

 

where: Cbid is the bid coefficient, usually Cbid a constant less than 1. Specificity (SP) = 

number of non # / Total Length of condition part.bid1,bid2 Are input parameters. S Is strength, 

i  is classifier index. 

The effective bid (EB) for each matched classifier is the sum of its deterministic bid and 

a noise term: 

 

EBi  = Bidi  + N(σbid)                                                     …(3) 

 

where the noise N is a function of the specified bidding noise standard deviation σbid.                                                                                              

The winning classifiers place their messages on the message list and their strengths are 

reduced by the amount of their bids. Typically, if Sc(t) denotes the strength of a winning 

classifier, C, at time t  and Bc(t) denotes its bid at the same time t, then its strength at time t 

+ 1 is: 

 

)()()1( tcBtcStcS                                      …(4) 

 

In other words a winner pays for posting a message on the message list [12,13]. 

 

b. Clearinghouse 

 The selected classifier must clear its payment through the clearinghouse, paying its bid 

to other classifiers for matching message rendered. A matched and activated classifier sends 

its bid to those classifiers responsible for sending the messages that matched the bidding 

classifier‟s condition. The bid payment is divided in some manner among the matching 

classifiers. This division of payoff among contributing classifiers helps ensure the formation 

of an appropriately sized sub population. Thus different types of rules can cover different 

types of behavioral requirements without undue inter species competition. 

For example, if C‟ sent the message matched by C above, then the strength of C‟ at time 

t + 1 is: 

)()()1( tcBtcStcS                                   …(5) 
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When system goals are attained, a pay-off (reward or punishment) is added to the strength of 

all the classifiers that are active at that time [13]. 

 

c. Taxation 

Each classifier is taxed to prevent freeloading, thereby biasing the population toward 

productive rules. Many schemes are available, a tax was simply collected proportional to the 

classifier strength: 

 

iStaxCiT *                                                                                     …(6) 

 

where: T is tax, Ctax is coefficient of tax, S is strength, i classifier index. 

There are two types of tax: 
 

 Life Tax removes redundant classifiers in the system and encourages the more 

frequent acting classifiers. It removes a tax at each time step from every classifier in the 

population, so fervours classifiers that can replace the lost strength. Unfortunately, it weakens 

classifiers in infrequent niches and chains starting classifiers. Life tax controls classifiers that 

never bid whereas, bid tax control classifiers that bid too much. 

 Bid Tax is removed from classifiers in the match set that bid to control the auction. It 

is separate from the bid, which is only removed from unsuccessful active classifiers. The 

problem of over generals can be reduced as their strength is reduced to a greater extent than 

accurate generals (including those in default hierarchies). The bid tax sets a balance between 

specific and defaults classifiers‟ stable strength and so controls the likelihood of selection in 

rule discovery. This balance can be poor, as it is set prior to training [14]. 
 

To implement a well-defined procedure the auction and payment scheme was detailed. 

Classifiers make bids (Bi) during the auction. Winning classifiers turn over their bids to the 

clearinghouse as payments (Pi). A classifier may also have receipts (Ri) from its previous 

message- sending activity or from environmental reward. In addition to bids and receipts, a 

classifier may be subject to one or more taxes (Ti) taken together, the equation governing the 

depletion or accretion of the i th classifier strength as follows: 

 

)()()()()1( tiRtiTtiPtiStiS                     …(7) 

 

The apportionment of credit equation recasts into a more useful form where all 

payments and taxes have been replaced by their strength equivalent [18].  

 

)()(*)(*)()1( tRtStaxCtSbidCtStS             …(8) 

 

Example: 

Consider the four classifiers in the Table (1). Assuming the initial strength values of 200 

for all four classifiers, the initial environmental message 0111 as shown, assume a bid 

coefficient of 0.1 and take the bid as the product of the bid coefficient C-bid and strength. In 

the initial time step (t = 0), classifier 1 is matched, bids 20 units, and sends its message during 

the next time step. Classifier 1 pays its bid to the party responsible for its activation; in this 
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case, the environment‟s strength, is increased by 20 units as the environmental message was 

responsible for activating classifier 1. In subsequent time steps, activated classifiers make 

their repayment to previously active classifiers. Finally, at time step 5, a reward comes into 

the system and is paid to the last active classifier, Classifier 4 [15]. 

 
Table 1. Working Of Bucket Brigade Algorithm. 

 

2. 4. The Rule Discovery System (RD) 

A complete classifier system needs some means of generating new rules for use in the 

performance and learning systems. Well known genetic algorithm (GA) techniques have been 

used as the main source of rule discovery in Classifier System. Genetic algorithms were 

inspired by natural selection and operate by evolving generations of individuals, which are 

successively, more fit according to some fitness evaluation function. In traditional classifier 

systems classifiers strength is taken as a measure of its fitness or utility in rule discovery [16-

20]. 

 

 

3.  THE SYSTEM INTELLIGENT BIRD. THE CASE STUDY 

 

In this study the system called (Intelligent Bird) uses three classifier systems, which 

has two levels distributed architecture. Three classifier systems were used to perform complex 

behaviour. First classifier learns simulated robot to eat the insect i.e. move one step toward 

move insect when there is no predator such as cat. Second classifier learns the simulated robot 

went to the cage i.e. move one step toward cage when there is predator such as cat appears. 

The third classifier system is controller classifier system should learn switching policy i.e. to 

which classifier system gives the control when more than one of them is active. The objects in 

environment are as follows: moving robot (intelligent bird), moving insect, fixed position 
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represented by cage, and predator represented by appear and disappear cat the environment 

illustrated in Figure 1. 

 

 
 

Figure 1. Intelligent Bird System Environment. 

 

 

4.  SYSTEM STRUCTURE 

 

The (Intelligent Bird) system is built of three learning classifier systems. Organized in 

two level hierarchical architecture, interacting together to perform complex behaviour, consist 

of three classifier systems (LCS-Switch), (LCS-Insect) and (LCS-Cage). The (Intelligent 

Bird) structure is shown in Figure 2. 

 

 
 

Figure 2. Intelligent Bird System Structure. 

 

 

5.  THE CONTROLLER (LCS-SWITCH) DEVELOPMENT 

 

The Controller LCS-Switch is used as control system to switch between two classifiers 

after its analysis the environmental messages, which are received from the environment. The 

Controller LCS-Switch is used to learn intelligent bird to choose one of the two classifiers, the 

basic classifier LCS-Insect, that is, moving towards insect when there is no cat (chase 

behaviour i.e. following and trying to catch a moving object with given features) or choose 

LCS-Cage that is went to cage when cat appear (escape behaviour i.e. moving as far as 

ENVIRONMENT 

LCS.Insect LCS.Cage 

LCS.Switch 
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possible from an object with given features). The Controller LCS-Switch should learn to 

suppress the controller LCS-Insect whenever the escape behaviour proposes an action, which 

represents complex behaviour. 

 

5. 1. Coding (LCS – Switch) Conditions 

LCS-Switch receives 2-bit message from environment mapping it to 4 states from 0 to 3 

of two bit only. The two bit represent as follows: 

 First bit represented if cat appear. (1 cat is disappear, 0 cat is appear). 

 Second bit represented if insect is far. (1 insect is near, 0 insect is far). LCS – Switch 

Conditions has the form and meaning as in Table 2. 

 
Table 2. Form and meaning of LCS – Switch Conditions. 

 

The message Its meeting 

00 Cat is appear and insect is far. 

01 Cat is appear and insect is near. 

10 Cat is disappear and insect is far. 

11 Cat is disappear and insect is near. 

 

 

5. 2. Coding (LCS – Switch) Actions 

LCS – Switch has one action consisting of only one bit, LCS – Switch actions have the 

form and meaning as in Table 3. 

 
Table 3. Form and meaning of LCS – Switch actions. 

 

The message Its meeting 

1 LCS-Switch give the control to insect classifier 

0 LCS- Switch give the control to cage classifier 

 

 

5. 3. Representation of (LCS – Switch) 

Performance system of the Controller LCS-Switch consists of a message list and 

classifier store. The classifier stores of LCS-Switch contain a set of rules called classifiers, 

which represents the knowledge and controller of the system at execution time. Condition part 

of classifier consists of (2 bit), and action part consists of (1 bit). The size of classifier store 

for LCS-Switch will be (4) Rules and all classifiers have the same strength value at the 

beginning. 
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Example: 

The representation of the rule ”if cat is appear and insect is far then escape to cage” 

 

Cat       insect   /        escpe 

  0            0       /           0 

 

 

6.  THE (LCS- INSECT) DEVELOPMENT 

 

LCS- insect is used to learn robot eat insect i.e. move single step toward insect when 

there is no cat. The movement capability is completely symmetric along the two axis .The 

direction of movement is illustrated in Figure 3. 

 

111(north west) 000(north) 001(north east) 

110(west) 

 

010(east) 

101(south west) 100(south) 011(south east) 

 
Figure 3. Direction of Bird Movement 

 

 

6. 1. Coding (LCS –Insect) Conditions 

The length of message, which LCS – Insect is received, 3 bit environment message 

mapping it to eight states from 0 to 7 of three bit only. The meaning of three bit in input 

message of LCS – Insect determine relative position of insect from bird. The form and 

meaning of three bit LCS– Insect is shown in Table 4. 
 

Table 4. Form and meaning of LCS – insect conditions. 

 

The message Its meeting 

000 Relative position of insect from bird is to north 

001 Relative position of insect from bird is to north - east 

010 Relative position of insect from bird  is to east 

011 Relative position of insect from bird  is to south - east 
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100 Relative position of insect from bird  is to south 

101 Relative position of insect from bird is to south - west 

110 Relative position of insect from bird is to west 

111 Relative position of insect from bird is to north - west 

 

 

6. 2. Coding (LCS – Insect) Actions 

The desired action should be the same as system input message. Therefore we have 

eight actions. Action has the form and meaning as in Table 5. 

 
Table 5. Form and meaning of LCS – insect actions. 

 

The message Its meeting 

000 Means bird move to the north 

001 Means bird move to the north - east 

010 Means bird move to the east 

011 Means bird move to the south - east 

100 Means bird move to the south 

101 Means bird move to the south – west 

110 Means bird move to the west 

111 Means bird move to the north – west 

 

 

6. 3. Representation of (LCS – Insect) 

LCS – Insect consists of a condition part of (3bit) representing the position of insect in 

the environment and form action part of (3bit) representing action to be done in the 

environment the size of classifier store for LCS – Insect will be (8) rules. 

Example: 

The representation of the rule "if a relative position of an insect to be sensed from bird 

is to the north then the action to be taken by bird is moving to the north, and so on. 

 

Position of insect from the bird    /    direction moving of bird 

                         0 0 0                     /                0 0 0 
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7.  THE (LCS- CAGE) DEVELOPMENT 

 

LCS-Cage is used to learn bird escape to cage i.e. move single step toward cage when 

the cat is appear. The movement capability is completely symmetric along the two axis .The 

direction of movement is illustrated in Figure 3. 

7. 1. Coding (LCS – Cage) Conditions 

The length of message, which LCS – Cage is received, 3 – bit environment message 

mapping it to eight states from 0 to 7 of three bit only. The meaning of three bit in input 

message of LCS – Cage determine relative position of cage from bird. The form and meaning 

of three bit LCS – Cage is shown in Table 6. 
 

Table 6. Form and meaning of LCS – Cage conditions. 

 

The message Its meeting 

000 Relative position of cage from bird is to north 

001 Relative position of cage from bird is to north - east 

010 Relative position of cage  from bird  is to east 

011 Relative position of cage from bird  is to south - east 

100 Relative position of cage from bird  is to south 

101 Relative position of cage from bird is to south - west 

110 Relative position of cage from bird is to west 

111 Relative position of cage from bird is to north - west 

 

 

7. 2. Coding (LCS – Cage) Actions 

The desired action should be the same as system input message. Therefore we have 

eight actions. 

Action has the form and meaning as in Table 7. 

 
Table 7. Form and meaning of LCS – Cage action. 

 

The message Its meeting 

000 Means bird move to the north 

001 Means bird move to the north - east 

010 Means bird move to the east 
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011 Means bird move to the south - east 

100 Means bird move to the south 

101 Means bird move to the south – west 

110 Means bird move to the west 

111 Means bird move to the north – west 

 

 

7. 3. Representation of (LCS – Cage) 

LCS – Cage consists of a condition part of (3bit) representing the position of insect in 

the environment and form action part of (3 bit) representing action to be done in the 

environment the size of classifier store for LCS – Cage will be (8) rules. 

Example: 

The representation of the rule "if a relative position of a cage to be sensed from bird is 

to the east then the action to be taken by bird is moving to the east, and so on. 

 

Position of cage from the bird / direction moving of bird 

               0 1 0                          /                0 1 0 

 

 

8.  APPORTIONMENT OF CREDIT (AOC) FOR INTELLIGENT BIRD SYSTEM 

 

The procedure AOC, in the system (intelligent bird), calls three routines: Auction, 

Clearinghouse. Tax collector.  
 

1. First procedure, the function auction holds a noisy auction to select a winning 

classifier from the set of matched classifiers. Auction cycle through the matched 

classifiers, successively calculates each classifier‟s base (bid) and its effective bid (Ebid), 

as illustrated in equations 1,2,3. The function auction keeps track of the classifier index 

with highest effective bid and returns this value upon relinquishing control to procedure 

AOC.  The function auction is illustrates in Figure 4 [21]. 

2. Thereafter procedure clearinghouse is invoked to reconcile payments. The 

current winner‟s strength is simply decreased by the amount of its bid value (not its 

effective bid value) and if the bucket brigade flag is true, the old winner‟s strength value is 

increased by the amount of this payment. For the intelligent bird  problem, bucket brigade 

flag is usually set to false because reward is available at every time step and because there 

is no relationship between successive signals. Figure.5 shows the work of clearinghouse 

procedure [21]. 

3. The last routine called by the AOC procedure is tax collector. To discourage non 

productive classifiers, two different types of tax are collected from classifiers an existence 

tax and a bid tax. The existence tax is assessed and collected from all classifiers at a tax 

rate specified in the real valued population variable life tax. The bid tax is assessed and 
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collected from all classifiers that bid in the last auction: this tax rate is specified by the 

real variable bid tax. Figure 6 illustrates tax collector algorithm [21]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

Figure 4. The Auction Function. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

Figure 5. Clearinghouse Procedure. 

Function auction; 

Begin With population do with match list do  

        begin 

        Bidmax: =0.0; 

        Winner := old winner ;{ if no match, old winner wins again} 

        If nactive> 0  then for j:=1 to nactive dobegin 

                  k:=conditionlist[j]; 

                   With classifier [k] do begin 

           Bid:= Cbid * (bid1+bid2*specificty)* strength; 

Ebid:=Cbid*(ebid1+ebid2*specificty)*strength+nois(0.0,bidsigma); 

          if (ebid > bidmax) then  begin 

                    winner :=k; 

                    bidmax := ebid; 

                 end    

     end  end; 

  auction:=winner; 

end     end; 

   Procedure clearinghouse; 
   { distribute payment from recent winner to old winner} 

    Begin with population do  

                  begin 

                  With classifier [winner] do                    {payment} 

              begin  

                   Payment: = bid; 

                   Strength: = Strength – payment; 

              end; 

             If bucket brigade flag then         {pay old winner receipt } 

             With classifier [old winner] do 

            Strength: = Strength + payment 

   end 

  end; 
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Figure 6. Tax Collector Procedure. 

 

 

9.  INTELLIGENT BIRD SYSTEM CYCLE 

 

The using of the system (intelligent bird) starts with insertion environment messages to 

the system. Each environment message consists of 2–bit. These environment messages are 

received from detectors of the controller LCS – Switch transfer them to its performance 

system and executed them sequentially only one message in each cycle. In the performance 

system of the controller LCS-Switch is performed matching process for each environment 

message with the condition part of all classifiers in classifier store. All classifiers that matched 

with environment message are sent to the AOC system and use reinforcement learning to 

reward the winner. In AOC system three procedures are called (Auction, clearinghouse, and 

tax collector), then a system is calls GA to inject new rule which may increase the 

performance of the system. If the environment message is matched with at least one of the 

classifiers in classifier store, then the winner classifier action is transferred to the effecter of 

the controller LCS-Switch. In case of existence of predator (cat) the winner classifier action is 

„0‟, i.e (LCS – Switch) give the control toward (LCS – Cage). 

In case of no predator, (cat disappear) winner classifier action „1‟.i.e LCS – Switch give 

the control toward (LCS – Insect). LCS-Switch is checked whether there is predator or not to 

determine which of two classifiers will work LCS- Insect or LCS- Cage. 

Case of no predator, the controller LCS–Switch give the control toward the LCS– Insect the 

controller LCS- Insect receives messages, which consist of 3-bit. Detector of LCS- insect 

transfers the message to the performance system, in the performance system of LCS- Insect 

matching process is performed on each message with the condition part of all classifiers in 

classifier store. If the message matches at least one of the classifiers in classifier store then the 

winner classifier action is transferred to Effecter of the controller LCS- Insect. The action of 

winner classifier is sent to the environment by the effectors, to determine the direction of 

movement for the bird. Intelligent bird system cycle Illustrated in Figure 7. 
 

Procedure tax collector; 

{Collect existence and bidding taxes from population member} 

Begin with population do  

       Begin         {life tax from every one & bid tax from actives} 

               If (life tax <> 0.0) or (bid tax <> 0.0) then 

               for  j: =1 to nclassifier do 

            With classifier [j] do  

                  begin 

               Ifmatchflag then bidtaxswitch:=1.0 else bidtaxswitch:=0; 

                 strength:=strength-lifetax*strength- 

bidtax*bidtaxswitch*strength;  

end; 

end    end; 
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Figure 7. Intelligent Bird Cycle. 
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10.  EXPERIMENTAL RESULTS 

 

Executing the intelligent bird system code, the system responds by presenting the initial 

report display in Figure (9a), for LCS-Switch. The classifier system run for 100 iterations, and 

last report shows in Figure (9b).And Executing the intelligent bird system code, the system 

responds by presenting the initial report displayed in Figure (10a) for LCS- Insect, the system 

respond for 100 iterations, whereas the last snapshot report displayed in Figure (10b), The 

performance of the system after 100 iteration illustrated in Table.8 and data chart illustrated in 

Figure 8. 

 
Table 8. The Intelligent Bird System Performance after 100 Iterations. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Number of iteration Proportion Correct 

5 0.92000 

10 0.96000 

15 0.97333 

20 0.98000 

25 0.98400 

30 0.98667 

35 0.98857 

40 0.99000 

45 0.99111 

50 0.99200 

55 0.99273 

60 0.99333 

65 0.99385 

70 0.99429 

75 0.99467 

80 0.99500 

85 0.99529 

90 0.99556 

95 0.99579 

100 0.99600 
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Figure 8. Intellegent Bird System Performance after 100 Iterations. 

 

 

Intelligent bird Code for LCS –Switch 

population parameters 

----------------------------- 

number of classifiers = 10 

number of positions = 2 

number of action = 1 

bid coefficient = 0.1000 

bid spread = 0.0750 

bidding tax = 0.0100 

existence tax = 0.0200 

generality probability = 0.5000 

bid specificity base = 0.2500 

bid specificity mult. = 0.1250 

edid specificity base = 0.2500 

ebid specificity mult. = 0.1250 

 

environmental parameters 

------------------------- 

total number of signal = 2 

apportionment of credit parameters 

---------------------------------- 

bucket brigade flag = true 

reinforcement parameters 
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---------------------------------- 

reinforcement reward = 10.0 

 

Timekeeper parameters 

------------------------------- 

Initial iteration = 0 

Initial block = 0 

Report period = 100 

Console report period = 100 

Plot report period = 100 

Genetic algorithm period = 10 

 

Genetic Algorithm Parameters 

--------------------------------------- 

Proportion to select/gen = 0.4000 

Number to select = 2 

Mutation probability = 0.0200 

Crossover probability = 1.0000 

Crowding factor = 3 

Crowding subpopulation = 3 

snapshot report 

[block: iteration] - [0:0] 

current status 

signal = 00 

Decoded signal = 0 

desired output = 0 

classifier output = 0 

environmental message: 00 

 

no.           strength           bid           ebid           M         classifier 

---------------------------------------------------------------------------------- 

1                10.00              0.00            0.00                          00:[0] 

2                10.00              0.00            0.00                          01:[0] 

3                10.00              0.00            0.00                          10:[0] 

4                10.00              0.00            0.00                          11:[1] 

5                10.00              0.00            0.00                          1#:[0] 

6                10.00              0.00            0.00                          #1:[0] 

7                10.00              0.00            0.00                          #0:[0] 

8                10.00              0.00            0.00                          0#:[0] 

9                10.00              0.00            0.00                          ##:[0] 

10              10.00              0.00            0.00                          ##:[1] 

New winner [1]: old winner [1] 

 
Figure 9.a. Initial report for intelligent bird System for (LCS – Switch). 
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snapshot report 

[block: iteration] - [0:100] 

current status 

signal = 10 

Decoded signal = 2 

desired output = 0 

classifier output = 0 

environmental message: 10 

 

no.             strength           bid          ebid         M              classifier 

-------------------------------------------------------------------------------------- 

1                  41.29              0.00           0.00                         11:[0] 

2                  60.93              3.14           3.10        x               10:[0] 

3                124.55              6.23           6.21        x               10:[0] 

4                  32.58              1.68           1.59        x               10:[0] 

5                  49.47              0.00           0.00                         11:[0] 

6                  31.91              0.00           0.00                         11:[0] 

7                  36.37              1.87           1.86        x               10:[0] 

8                  30.36              1.56           1.55        x               10:[0] 

9                  36.10              0.00           0.00                         11:[0] 

10                67.51              0.00           0.00                         11:[1] 

New winner [3]: old winner [3] 

 
Figure 9.b. Last report for intelligent bird System for (LCS – Switch). 

 

 

Intelligent bird Code for LCS –Insect 

 

population parameters 

---------------------------- 

number of classifiers = 20 

number of positions = 3 

number of action = 3 

bid coefficient = 0.1000 

bid spread = 0.0750 

bidding tax = 0.0100 

existence tax = 0.0000 

generality probability = 0.5000 

bid specificity base = 0.2500 

bid specificity mult. = 0.1250 

edid specificity base = 0.2500 

ebid specificity mult. = 0.1250 

 

environmental parameters 

---------------------------------- 

total number of signal = 3 
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apportionment of credit parameters 

--------------------------------------------- 

bucket brigade flag = true 

 

reinforcement parameters 

--------------------------------- 

reinforcement reward = 10.0 

 

Timekeeper parameters 

-------------------------------- 

Initial iteration = 0 

Initial block = 0 

Report period = 50 

Console report period = 50 

Plot report period = 50 

Genetic algorithm period = 1 

 

Genetic Algorithm Parameters 

---------------------------------------- 

Proportion to select/gen = 0.8000 

Number to select = 8 

Mutation probability = 0.0200 

Crossover probability = 0.8000 

Crowding factor = 3 

Crowding subpopulation = 3 

 

snapshot report 

--------------- 

[block: iteration] - [0:0] 

current Statius 

---------------- 

signal = 000 

Decoded signal = 0 

desired output = 0 

classifier output = 0 

environmental message: 000 

 

no.                    strength             bid              ebid                M               classifier 

------------------------------------------------------------------------------------------------ 

1                      10.00                 0.00             0.00                                  1##:[100] 

2                      10.00                 0.00             0.00                                  1##:[101] 

3                      10.00                 0.00             0.00                                  1##:[110] 

4                      10.00                 0.00             0.00                                  1##:[111] 

5                      10.00                 0.00             0.00                                  0##:[000] 

6                      10.00                 0.00             0.00                                  0##:[001] 

7                      10.00                 0.00             0.00                                  0##:[010] 
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8                      10.00                 0.00             0.00                                  0##:[011] 

9                      10.00                 0.00             0.00                                  ##1:[001] 

10                    10.00                 0.00             0.00                                  ##1:[011] 

11                    10.00                 0.00             0.00                                  ##1:[101] 

12                    10.00                 0.00             0.00                                  ##1:[111] 

13                    10.00                 0.00             0.00                                  ##0:[000] 

14                    10.00                 0.00             0.00                                  ##0:[010] 

15                    10.00                 0.00             0.00                                  ##0:[100] 

16                    10.00                 0.00             0.00                                  ##0:[110] 

17                    10.00                 0.00             0.00                                  #1#:[010] 

18                    10.00                 0.00             0.00                                  #1#:[011] 

19                    10.00                 0.00             0.00                                  #1#:[110] 

20                    10.00                 0.00             0.00                                  #1#:[111] 

new winner[1] : old winner[1] 

 
Figure 10.a. Initial report for intelligent bird System for (LCS – Insect). 

 

 

snapshot report 

--------------- 

[block: iteration] - [0:50] 

current Statius 

---------------- 

signal = 101 

Decoded signal = 5 

desired output = 5 

classifier output = 5 

environmental message: 101 

 

no.                        strength                  bid                  ebid                   M                classifier 

-------------------------------------------------------------------------------------------------------------- 

1                            123.95                   0.00                 0.00                                       111:[101] 

2                            120.33                   7.60                 7.52                     x                101:[111] 

3                            132.07                   8.23                 8.27                     x                101:[101] 

4                            119.11                   6.02                 6.03                     x                #01:[010] 

5                            122.45                   7.73                 7.63                     x                101:[101] 

6                            120.31                   0.00                 0.00                                       111:[010] 

7                            121.45                   0.00                 0.00                                       111:[010] 

8                            122.45                   7.73                 7.71                     x                101:[101] 

9                            122.81                   7.75                 7.78                     x                101:[101] 

10                          121.97                   0.00                 0.00                                       111:[101] 

11                          125.48                   7.92                 7.88                     x                101:[101] 

12                          122.81                   6.20                 6.14                     x                #01:[101] 

13                          120.11                   6.07                 6.17                     x                #01:[010] 

14                          125.48                   7.92                 7.91                     x                101:[101] 

15                          121.61                   0.00                 0.00                                       111:[010] 
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16                          117.80                   5.95                 5.96                     x                #01:[010] 

17                          119.28                   7.53                 7.63                     x                101:[101] 

18                          120.48                   0.00                  0.00                                      111:[010] 

19                          120.33                   7.60                  7.54                    x                101:[101] 

20                          122.17                   0.00                  0.00                                      111:[101] 

new winner[3] : old winner[3] 

 
Figure 10.b. Last report for intelligent bird System for (LCS – Insect). 

 

 

11.  CONCLUSIONS 

 

1. Bucket brigade algorithm with learning classifier systems is a feasible tool to build robust 

simulated robot control systems. This choice is sufficient to achieve adequate levels of 

performance for a variety of behaviours. 

2. The parallel implementation of the bucket brigade algorithm would speed up the training 

process. 

3. Bucket brigade algorithm were used to implement robotics controller. 

4. Bucket brigade algorithm provides guidance to the system.  

5. Bucket brigade algorithm shortening the number of cycles required to learn. 

6. The system was able to learn rules for the given task using only a few training examples 

and starting with classifiers that were randomly generated. 
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