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ABSTRACT 
 
A data mining procedure for automatic determination of fuzzy decision tree structure using a genetic program (GP) is 
discussed.  A GP is an algorithm that evolves other algorithms or mathematical expressions.  Innovative methods for 
accelerating convergence of the data mining procedure and reducing bloat are given.  In genetic programming, bloat 
refers to excessive tree growth.  It has been observed that the trees in the evolving GP population will grow by a factor 
of three every 50 generations.  When evolving mathematical expressions much of the bloat is due to the expressions not 
being in algebraically simplest form.  So a bloat reduction method based on automated computer algebra has been 
introduced.  The effectiveness of this procedure is discussed.  Also, rules based on fuzzy logic have been introduced into 
the GP to accelerate convergence, reduce bloat and produce a solution more readily understood by the human user.  
These rules are discussed as well as other techniques for convergence improvement and bloat control.  Comparisons 
between trees created using a genetic program and those constructed solely by interviewing experts are made.  A new 
co-evolutionary method that improves the control logic evolved by the GP by having a genetic algorithm evolve 
pathological scenarios is discussed.  The effect on the control logic is considered.  Finally, additional methods that have 
been used to validate the data mining algorithm are referenced. 
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1. INTRODUCTION 
 

Two fuzzy logic based resource managers (RMs) have been developed that automatically allocate resources in real-
time1-3.  Both RMs were evolved by genetic programs (GPs).  The GPs were used as data mining functions.  Both RMs 
have been subjected to a significant number of verification experiments. 

 
The most recently developed RM is the main subject of this paper.  This RM automatically allocates unmanned aerial 
vehicles (UAVs) that will ultimately measure atmospheric properties in a cooperative fashion without human 
intervention2,3.  This RM will be referred to as the UAVRM.  It consists of a pre-mission planning algorithm and a real-
time control algorithm that runs on each UAV during the mission allowing the UAVs to automatically cooperate. 
 
The previous RM was evolved to control electronic attack functions distributed over many platforms1.  It will be referred 
to as the electronic attack RM (EARM). 

 
New approaches for improving the convergence of the genetic program that evolve control and planning logic are 
discussed.  Such procedures involve the use of symbolic algebraic techniques not previously explored, a terminal set that 
includes fuzzy concepts and their complements, the use of fuzzy rules, etc.  Two distinct examples of data mining fuzzy 
decision trees as well as their subtrees are provided in detail.  A co-evolutionary data mining procedure for improving 
the results is introduced.  Experiments to validate the evolved algorithms are referenced. 
 
The particular approach to fuzzy logic used by the UAVRM is the fuzzy decision tree1-4.  The fuzzy decision tree is an 
extension of the classical artificial intelligence concept of decision trees.  The nodes of the tree of degree one, the leaf 
nodes are labeled with what are referred to as root concepts.  Nodes of degree greater than unity are labeled with 
composite concepts, i.e., concepts constructed from the root concepts4-7 using logical connectives and modifiers.  Each 
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root concept has a fuzzy membership function assigned to it.  Each root concept membership function has parameters to 
be determined.  For the UAVRM, the parameters were set based on expertise. 

 
The UAVRM consists of three fuzzy decision trees.  The use of genetic program based data mining (DM) to create two 
of the trees is discussed in this paper.  The first tree discussed is the AUP fuzzy decision tree.  The acronym AUP refers 
to the tree’s function: it is used to assign UAVs to paths (AUP).  The second tree described is the PH fuzzy decision tree.  
This tree determines a UAVs priority of helping (PH) another UAV that makes a request.  Both of the fuzzy decision 
trees (FDTs) make use of the risk tree which is discussed in the literature2, 3.  

 
Data mining is the efficient extraction of valuable non-obvious information embedded in a large quantity of data8.  Data 
mining consists of three steps: the construction of a database that represents truth; the calling of the data mining function 
to extract the valuable information, e.g., a clustering algorithm, neural net, genetic algorithm, genetic program, etc; and 
finally determining the value of the information extracted in the second step, this generally involves visualization. 

 
In a previous paper a genetic algorithm (GA) was used as a data mining function to determine parameters for fuzzy 
membership functions7.  Here, a different data mining function, a genetic program9 is used.  A genetic program is a 
problem independent method for automatically evolving computer programs or mathematical expressions. 

 
The GP data mines fuzzy decision tree structure, i.e., how vertices and edges are connected and labeled in a fuzzy 
decision tree.  The GP mines the information from a database consisting of scenarios. 

 
Section 2 describes the UAVRM’s AUP FDT that assigns UAVs to paths.  Section 3 introduces the FDT that allows 
UAVs to automatically cooperate, the PH FDT.  Section 4 develops the formalism and methodology for the genetic 
program based data mining used to evolve the AUP tree.  Section 5 provides details as to how the PH tree was created 
using GP based data mining.  Section 6 gives an overview of a recently invented co-evolutionary data mining procedure 
where a GP mines a scenario data base (DB) to create logic and a genetic algorithm is subsequently used to create 
scenarios that show flaws in the GP built logic.  These scenarios then become part of the GP’s DB.  The GP mines the 
new DB to create logic superior to that originally created with the older more limited GP DB.  In section 7 a short 
discussion of computational experiments for validating the FDTs is given.  Finally, section 8 provides a summary. 

 
2.  UAV PATH ASSIGNMENT ALGORITHM, THE AUP TREE 

 
Knowledge of meteorological properties is fundamental to many decision processes.  The UAVRM enables a team of 
UAVs to cooperate and support each other as they measure atmospheric meteorological properties in real-time.  Each 
UAV has onboard its own fuzzy logic based real-time control algorithm.  The control algorithm renders each UAV fully 
autonomous; no human intervention is necessary.  The control algorithm aboard each UAV will allow it to determine its 
own course, change course to avoid danger, sample phenomena of interest that were not preplanned, and cooperate with 
other UAVs. 

 
The UAVRM determines the minimum number of UAVs required for the sampling mission.  It also determines which 
points are to be sampled and which UAVs will do the sampling.  To do this, both in the planning and control stages it 
must solve an optimization problem to determine the various paths that must be flown.  Once these paths are determined 
the UAVRM uses the AUP fuzzy decision tree to assign UAVs to the paths. 

 
The AUP fuzzy decision tree is displayed in Figure 1.  The various fuzzy root concepts make up the leaves of the tree, 
i.e., those vertices of degree one.  The vertices of degree higher than one are composite concepts. 
 
Starting from the bottom left of the VMR subtree in Figure 1 and moving to the right, the fuzzy concepts “RISK-TOL,” 
“VALUE,” “LOW RISK,” and “FAST,” are encountered.  These four fuzzy root concepts are combined through logical 
connectives to give the composite concept “VMR.”  Although four concepts are now used to construct VMR it originally 
only used the concepts related to value and mission risk, and was called the Value-Mission-Risk (VMR) subtree.   
These concepts are developed in greater mathematical detail in the literature2,3.  The fuzzy concept “RISK-TOL” refers 
to an individual UAV’s risk tolerance.  This is a number assigned by an expert indicating the degree of risk the UAV 
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may tolerate.  A low value near zero implies little risk tolerance, whereas, a high value near one implies the UAV can be 
subjected to significant risk.   

 
The concept “VALUE” is a number between zero and one indicating the relative value of a UAV as measured against 
the other UAVs flying the mission.  The concept “VALUE” changes from mission to mission depending on which 
UAVs are flying.   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1: AUP tree evolved through genetic program based data mining. 
 
The concept “FAST” relates to how fast the UAV is and builds in measures of the UAV’s reliability estimates as well as 
its risk tolerance and the mission’s priority. 
 
The concept “LOW RISK” quantifies experts’ opinions about how risky the mission is.  It takes a value of one for low 
risk missions and a value near zero for high risk missions. 
 
Each vertex of the “VMR” tree uses a form of “AND” as a logical connective.  In fuzzy logic, logical connectives can 
have more than one mathematical form.  Based on expertise it was useful to allow two types of ANDs to be used.  The 
two mathematical forms of AND used are the “MIN” operator and the algebraic product denoted in Figure 1 as “AND2.”  
When a “MIN” appears on a vertex then the resulting composite concept arises from taking the minimum between the 
two root concepts connected by the “MIN.”  When an “AND2” appears it means that the resulting composite concept is 
the product of the fuzzy membership functions for the two concepts connected by the AND2. 
 
The final subtree of AUP that needs to be described is the reliability-mission priority (RMP) subtree.  RMP consists of a 
“MIN” operation between three fuzzy concepts.  These concepts are “SR” which refers to an expert’s estimate of the 
sensor reliability, “NSR” which refers to an expert’s estimate of the non-sensor system reliability and “MP” a fuzzy 
concept expressing the mission’s priority. 
 
The RMP tree is modified by the fuzzy logic modifier “POWq,” that appears on the AUP tree.  The modifier, “POWq,” 
raises the output of the RMP tree to the power “q.”  For GP based data mining a value of two was found for “q,” 
resulting in the output of the RMP tree being squared. 
 
The AUP tree is observed to consist of the VMR subtree and the “POWq,” modified RMP subtree with AND2 logical 
connectives at each vertex.  These fuzzy concepts and their related fuzzy membership functions, as well as additional 
information are given in much greater detail in the literature2, 3. 
 
 The AUP tree given in Figure 1 was originally created using human expertise alone.  The rediscovery of this tree using 
GP based data mining is described in section 4.  
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3. FUZZY DECISION TREE FOR PROVIDING HELP 
 
The next fuzzy decision tree to be developed is the “priority of helping”(PH) decision tree.  This tree allows the UAVs to 
determine how they should support each in real-time as the need arises.  When a UAV requires help in making a 
measurement, its diagnostic systems indicate a sensor might be malfunctioning or there is a clear indication of a 
malfunction, a UAV can request that another UAV provide help.  The request for help is sent out as an omni-directional 
message.  When a UAV sends out an omni-directional request for support, those UAVs receiving the message will 
calculate their fuzzy priority of providing help, denoted as PHµ .  The UAV that will ultimately help the requester is the 
one with the highest value of PHµ .  The fuzzy concept, priority of helping, takes into account properties of the potential 
supporter.  The set of UAVs that receive the request for help from UAV(i) at time t is denoted as )t,i(help .  If UAV(i) 
requests help at time t and UAV(j) receives the message then UAV(j) will take into account the necessary travel time it 
will consume in helping UAV(i), as well as the relative amounts of fuel and battery life the potential helper, UAV(j), has 
at the time the request is received.  Define the relative degree of fuel and battery power left at time, t , that UAV(j) 
might use to help UAV(i) as 
 

( ) ( )( )
( )( )tkUAVfuel

tjUAVfueltji
tihelpk

fuel ,max
,,,

),(∈

=µ  
(1) 

 
and 
 

( ) ( )( )
( )( )tkUAVbattery

tjUAVbatterytji
tihelpk

battery ,max
,,,

),(∈

=µ  
(2) 

 
Define the relative degree of UAV(j)’s “not-separation” from UAV(i) as  
 

( ) ( ) ( )( )
( ) ( )( )⎥⎥

⎥

⎦

⎤

⎢
⎢
⎢

⎣

⎡

−+=

∈
ijQkUAVT

ijQjUAVT
tji

req
tihelpk

req
nsep ,,

,,
1,1min,,

max
),(

βµ  

(3) 

 

where ( ) ( )( )ijQjUAVT req ,, is the time it would take UAV(j) to travel the path ( )ijQreq ,  from the point ( )t,jpos
→

where 

UAV(j) receives request for help at time, t , from UAV(i) to the final point , ( ) i,inrequest
q
r

, where it would start helping 

UAV(i).  The subscript “req” on ( )ijQreq ,  is an abbreviation for “requested path.”  The quantity, ( ) 1inrequest − , is the 
number of points that UAV(j) would pass through in going from its position at time, t, to the first new sample point, 

( ) i,inrequest
q
r

. 

 
The travel time ( ) ( )( )ijQjUAVT req ,, is determined by an A* algorithm2, 3.  It includes sampling and non-sampling 
velocities.   
 
The quantity, β , is added so that ( )t,j,insepµ  remains nonzero even for the UAV in the set )t,i(help  that will take the 
maximum amount of time, which leaves open the possibility of the slowest UAV participating in the coordinated team.  
The quantity, β , is an additive constant to be determined such that 
 

10 ≤< β . (4) 

Let the path from ( ) iinrequestq ,1+
r

 the first flight point beyond ( ) iinrequestq ,
r

to baseP
r

, the position of the base that UAV(j) 
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returns to after helping UAV(i) be denoted as ( )ijQsar , , where the subscript “sar” denotes “sample and return.”  The full 
path that UAV(j) will fly in support of UAV(i) is denoted as 
 

( ) ( ) ( )[ ]ijQijQijSPath sarreq ,,,, ≡  (5) 

 
where the notation SPath is an abbreviation for “support path.”  It should be recalled that ( )ijQreq ,  is a matrix of order 

( )( ) 31 ×+ inrequest where the “3” arises from representing points in three spatial dimensions.  If the path ( )ijQsar ,  has 
( )ijsarn , points then ( )ijQsar ,  is a ( ) 3, ×ijsarn matrix.  The path ( )ijSPath ,  is then represented by a 

( ) ( )( ) 3,1 ×++ ijsarnirequestn matrix.  The path ( )ijQsar ,  and subsequently ( )ijSPath , can contain non-sampling points, new 
sampling points contributed by UAV(i) and old sampling points originally assigned to UAV(j), assuming UAV(j) has 
enough fuel and battery time left to sample all these points. 
 
As an intermediate step define the quantity below 
 

( ) ( )( )
( )( ) ( )( )[ ] ( ) ( )( )( )ijSPathjUAVTtiUAVbatterytjUAVfuel

ijSPathjUAVFB

batteryfuel ,,,,,min
,,

−++
≡

εεχ
 

(6) 

 
The parameters fuelε  and batteryε  are added to make sure that UAV(j) has sufficient fuel and battery time in the face of 
travel uncertainties such as head winds which may prolong flight times.  The notation, “FB,” in the name of the function 
in (6) is an abbreviation for “fuel and battery.” 
 
Let UAV(j)’s fuzzy degree of membership in the fuzzy concept “fuel-battery-separation” (FBS) be defined as 
 

( ) ( ) ( )( ) ( ) ( )( ) ( ) ( ) ( )tjitjitjiijSPathjUAVFBijSPathiUAVjUAV batteryfuelnsepFBS ,,,,,,,,,,, µµµµ ⋅⋅⋅≡  (7) 

  
The FBS fuzzy decision tree is depicted in Figure 2. 
 
Finally, enough formalism has been developed to define the membership function for the fuzzy concept “priority of 
helping” (PH) for UAV(j) to help UAV(i).  This membership function is defined as 
 

( ) ( ) ( )( )
( ) ( ) ( )( ) ( ) ( ) ( )( )[ ]ijSPathiUAVjUAVijSPathiUAVjUAV

ijSPathiUAVjUAV

AUPFBS

PH
,,,,,,,min

,,,
µµ

µ ≡
 

(8) 

 
The UAV that has the largest degree of membership in “priority of helping” is the one that will be assigned to provide 
support.  The PH fuzzy decision tree is depicted in Figure 2. 

 
4.  GP CREATION OF THE AUP TREE 

 
This section will emphasize using the GP as a data mining function to automatically create the AUP tree of the UAVRM.  
It discusses the terminal set, the function set, the database to be data mined, etc. 
 
4.1 GP’s terminal set and function set for creating AUP 
The terminal set used to evolve the AUP FDT consisted of the root concepts from the AUP tree and their complements, 
i.e., the terminal set T is given by 
 

T={RISK-TOL, VALUE, FAST, LOW-RISK, SR, NSR, MP, NOT-RISK-TOL, NOT-VALUABLE, NOT-
FAST, NOT-LOW-RISK, NOT-SR, NOT-NSR, NOT-MP}. (9) 

 
Let the corresponding fuzzy membership functions be denoted as 
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{ }MPnotnsrnotsrnotrisklownotfastnotvaluablenottolrisknotMPnsrsrrisklowfastvaluetolrisk −−−−−−−−−−− µµµµµµµµµµµµµµ ,,,,,,,,,,,,,
 

(10) 

 
By including in the terminal set a terminal and its complement, e.g., “RISK-TOL,” and “NOT-RISK-TOL”; “VALUE” 
and “NOT-VALUABLE”; etc., it is found that bloat is less and convergence of the GP is accelerated.  In genetic 
programming, bloat refers to excessive tree growth.  It has been observed that the trees in the evolving GP population 
will grow by a factor of three every 50 generations10.  Inclusion of a terminal and its complement is a recent innovation 
which was not used when FDTs of the earlier RM, the EARM1, were evolved using a GP.  Additional bloat control 
procedures are described below. 
  
The mathematical form of the complement whether it appears in the terminal set or is prefixed with a “NOT” logical 
modifier from the function set is one minus the membership function.  To make this more explicit 
 

( ) AAnotANOT 1 µµµ −== −  (11) 

 
where NOT(A) refers to the application of the logical modifier NOT from the function set to the fuzzy concept A from the 
terminal set.  The notation, not-A refers to the terminal which is the complement of the terminal A. 
 
The function set, denoted as F, consists of  
 

 

F={AND1, OR1, AND2, OR2, NOT, POWq} (12) 

where the elements of (12) are defined below. 
 
Let A and B represent fuzzy membership functions and q be a real number, then elements of the function set are defined 
as 
 

 

( ) ( )BAMINBAAND ,,1 = ; (13) 

 
 

( ) ( )BAMAXBAOR ,,1 = ; (14) 

 
 

( ) BAB,A2AND ⋅= ; 
 

(15) 

 
 

( ) BABAB,A2OR ⋅−+= ; (16) 

and 
 

 

( ) A1ANOT −= ; (17) 

 
 

( ) q
q AAPOW = . (18) 

 
4.2 Database to be data mined 
The database to be data mined is a scenario database like that described for the evolution of the IPDT in EARM1.  In this 
instance scenarios are characterized by values of the fuzzy membership functions for the elements of the terminal set 
plus a number from zero to one indicating the expert’s opinion about the value of the fuzzy membership function for 
AUP for that scenario. 
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4.3 Fitness function 
The input-output fitness for mining the scenario database takes the form 
 

 

 

 

 

(19) 

 
where ej is the jth element of the database; ndb  is the number of elements in the database; µgp(ej) is the output of the fuzzy 
decision tree created by the GP for the ith element of the population for database element ej; and µexpert(ej) is an expert’s 
estimate as to what the fuzzy decision tree should yield as output for database element ej. 
 
The AUP tree is evolved in three steps.  The first step involves evolving the VMR subtree; the second step, the RMP 
subtree and the final step, the full AUP tree.  In the second and third steps, i.e., evolving the RMP subtree and full AUP 
tree from the RMP and VMR subtrees, only the input-output (IO) fitness in (19) is calculated. 
 
When evolving the VMR subtree a rule-fitness is calculated for each candidate solution.  Only when the candidate’s rule 
fitness is sufficiently high is its input-output fitness calculated.  The use of the rule-fitness helps guide the GP toward a 
solution that will be consistent with expert rules.  Also the use of the rule fitness reduces the number of times the IO 
fitness is calculated shortening the run time of the GP.  Finally, the fuzzy rules guide the evolutionary process helping 
produce FDTs that are closer to human intuition in their geometry.  Thus the fuzzy rules also provide a useful bloat 
control mechanism. 
 
4.4 Rule fitness and fuzzy rules to accelerate convergence 
After some preliminary definitions of crisp and fuzzy relations, a set of crisp and fuzzy rules that were used to help 
accelerate the GP’s creation of the VMR subtree are given.   
 
Let T be a fuzzy decision tree that represents a version of the VMR subtree, that is to be evolved by a genetic program 
(GP).  Let A and B be fuzzy concepts.  Then let ( ) 1B,A,Tshare =γ if A and B share a logical connective denoted as C  
and ( ) 0B,A,Tshare =γ , otherwise. 
 
Furthermore, define the fuzzy relation 
 

( )
⎪⎩

⎪
⎨
⎧

=
=

=
otherwise

ORorORCif
ANDorANDCif

CBATcom
,0

211.0
214.0

,,,µ  
 

(20) 

 
The following rules were used to accelerate the GP’s convergence and to help produce a result consistent with human 
expertise. 
 
R1. “NOT-VALUABLE” and “RISK-TOL” must share a logical connective, denoted as 1C , i.e., it is desired that 

( ) 1tolrisk,valuablenot,Tshare =−−γ  
 
R2. “NOT-VALUABLE” and “RISK-TOL” strongly influence each other, so they should be connected by AND1 or 
AND2.  So it is desired that ( ) 4.,,, 1 =−− CtolriskvaluablenotTcomµ  
 
R3. “FAST” and “LOW-RISK” have an affinity for each other.  They should share a logical connective, denoted as 2C , 

( ) ( )
⋅

∑ −⋅+
≡

=

dbn

j
jertjgp

dbIO

eei
nif

1
exp,21

1),(
µµ
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i.e., it is desired that ( ) 1risklow,fast,Tshare =−γ  
 
R4. The fuzzy root concepts “FAST” and “LOW-RISK” strongly influence each other, so they should be connected by 
AND1 or AND2.  So it is desired that ( ) 4.,,, 2 =− CrisklowfastTcomµ . 
 
R5. There is an affinity between the fuzzy root concepts ( )tolrisk,valuablenotC1 −−  and ( )risklow,fastC2 − , they are 
connected by a logical connective denoted as 3C , i.e., it is desired that,   

( ) ( )( ) 1risklow,fastC,tolrisk,valuablenotC,T 21share =−−−γ  
 
R6.  The fuzzy composite concepts ( )tolrisk,valuablenotC1 −−  and ( )risklow,fastC2 −  strongly influence each other 
so it is desired that 
 

( )( ( ) ) 4.,,,,, 321 =−−− CrisklowfastCtolriskvaluablenotCTcomµ
 

R7. The elements of D={not-valuable, risk-tol, fast, low-risk} should appear on the tree T at least once, i.e.,  
 

( )
⎩
⎨
⎧

=
otherwise0

presentelementss'Dif1
TC4µ  

 
R8. The elements of D should probably appear only once. 
 

( )

⎪
⎪
⎩

⎪
⎪
⎨

⎧

≥
=

otherwise,0
times2appearanyif,1.
twiceappearanyif,2.
onceonlyappearif,6.

TT1C4µ  

 
The rule-fitness (RF), denoted as ( )TRFµ  is defined to be 
 

( ) ( )([ ( )
( ) ( )

( ) ( )( ) ( )(
( ) ) ( ) ( )] .,,

,,,,,,,
,,,,,

,,,,,
8
1

14432

121

2

1

TTCrisklowfastC

tolriskvaluablenotCTrisklowfastCtolriskvaluablenotCT
CrisklowfastTrisklowfastT

CtolriskvaluablenotTtolriskvaluablenotTT

TCC

comshare

comshare

comshareRF

µµ

µγ
µγ

µγµ

++−

−−+−−−
+−+−

+−−+−−⋅≡

 

 

(21) 

 
For VMR the overall fitness for the ith tree iT in the evolving population is denoted as ),( dbiOF nTf .  It takes the 
following mathematical form:  

( ) ( )( ) ).,(),( dbiIORFiRFiRFdbiOF nTfTTnTf ⋅−+≡ τµχµ  (22) 

If ( )iRF Tµ  exceeds the threshold, RFτ , then and only then is ),( dbiIO nTf  added to ( )iRF Tµ  yielding the overall fitness; 
otherwise, the overall fitness is equal to the rule-fitness. To save CPU time the overall fitness is only evaluated if the 
rule-fitness exceeds the threshold RFτ . 
 
4.5 Tournament selection 
The GP program uses tournament selection10 to accelerate convergence and as one method of dealing with bloat control.  
In tournament selection, the population is partitioned into tournament subpopulations (TPs).  For each TP, the subset of 
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maximum fitness chromosomes (SMFC) is found.  If the SMFC has one element then that chromosome is the winner of 
the tournament for that TP.  If SMFC has more than one element then the subset of minimum depth chromosomes 
(SMDC) is selected from SMFC.  If SMDC has only one element then it is the winner of the tournament for that TP, 
otherwise a chromosome is selected from the SMDC at random to be the TP’s winner. 
 
4.6 Computer algebra 
In the preceding subsections bloat has been controlled using adhoc procedures based on tree depth, fuzzy rules 
embedded in the GP and inclusion of fuzzy concepts and their negations within the GP’s terminal set.  Most of the bloat 
in evolving mathematical expressions with a GP arises from the expressions not being in algebraic simplest form10.  
With that observation in mind computer algebra routines have been introduced that allow the GP to simplify expressions.  
The following is a partial list of algebraic simplification techniques used during the evolution of the IPDT, the AUP, and 
the PH trees.  The simplification routines used when evolving AUP and PH are more sophisticated than those employed 
for the creation of the IPDT. 
 
One routine simplifies expressions of the form NOT(NOT(A)) = A.  This can be more complicated than it initially 
appears, since the NOT logical modifiers can be separated on the fuzzy decision tree. 
 
Another simplification procedure consists of eliminating redundant terminals connected by an AND1 logical connective.  
An example of this is AND1(A,A) =A. 
 
Like the case with the logical modifier NOT there can be a separation between the AND1s and the terminals that add 
complexity to the simplification operation. 
 
The third algebraic simplification example is like the second.  It involves simplifying terminals connected by OR1s.  
Like AND1, separation between terminals and OR1 can increase the complexity of the operation. 
 

5. GP CREATION OF THE PH TREE 
 
Like the RMP, VMR and AUP fuzzy decision trees both the FBS and PH fuzzy decision trees have been rediscovered 
using GP based data mining.  Like RMP, fuzzy rules were not used to guide the evolution of the FBS and PH trees.  So 
the overall fitness function for both the evolution of FBS and PH is simply the input-output fitness function given by 
(19). 
 
The terminal and function sets used for the evolution of FBS are given below in (23) and (24), respectively. 
 

T={ VALUE, FUEL, BATTERY, SLOW, RISK-TOL, MP, MR, NSEP, FB, NOT-VALUE, NOT-FUEL, 
NOT-BATTERY, NOT-RISK-TOL, NOT-MP, NOT-MR, NOT-NSEP, NOT-FB}. (23) 

 
F={MIN3, MAX3, AND3, OR3, MIN, MAX, AND2, OR2, NOT} (24) 

The function set elements “MIN” “MAX” and “NOT” are the conventional functions previously used on the AUP tree in 
Figure 1.  The function set elements with “3” in their name are defined in (25-28).  The quantities A, B, and C are 
considered to be positive real number. 
 

 

( ) ( )( )CBAMINMINCBAMIN ,,,,3 ≡ ; (25) 

 
 

( ) ( )( )CBAMAXMAXCBAMAX ,,,,3 ≡ ; (26) 

 
 

( ) CBACBAAND ⋅⋅≡,,3 ; 
 

(27) 
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( ) CBACBCABACBACBAOR ⋅⋅+⋅−⋅−⋅−++≡,,3 . (28) 

 
There are logical connectives in the function set that do not appear on the FBS tree in Figure 2.  Likewise, there are 
fuzzy concepts in the terminal set that do not appear on the FBS FDT.  This is done deliberately to permit the GP to 
construct a tree that would ultimately be superior to one based on human expertise.  Ultimately, the GP finds the tree 
originally obtained.  This relates to the database used.  The database is also constructed using human expertise.  It is 
possible that different experts might have made different assignments to scenarios resulting in some of the extra entries 
in the terminal and function sets being part of the final optimal tree.  This has not occurred to date. 

 
Once the FBS fuzzy decision tree was evolved, FBS could be used as a terminal so that GP based data mining could 
evolve the full PH fuzzy decision tree.  The terminal and function set used by the GP to create PH are given below in 
(29) and (30), respectively. 
 

 

T={FUEL, BAT, FAST, NSEP, FB, AUP, FBS, NOT-FUEL, NOT-BAT, NOT- FAST,  
NOT-NSEP, NOT-FB, NOT-AUP, NOT-FBS }; 

(29) 

 
 

F={MIN, MAX, AND2, OR2, NOT, POWq}; (30) 

 
Like the terminal and function sets for FBS, those for PH contain elements not found on the full PH fuzzy decision tree 
displayed in Figure 2.  These extra elements were added deliberately to allow the GP to evolve a tree different from and 
superior to the one obtained from expertise, i.e., the FDT displayed in Figure 2.  Ultimately, it is the tree in Figure 2 that 
is rediscovered by the data mining process.  Again, the tree ultimately evolved reflects the expert labeled database.  
Different experts offering different scenarios and output values might well yield an altered form for the PH tree.  This 
has not happened yet.  The tree structure and labeling scheme observed in Figure 2 has been reproduced by the GP many 
times. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

     Figure 2: PH tree evolved by GP based data mining. 
 
 

6. CO-EVOLUTIONARY DATA MINING 
 
Fundamental to the data mining procedure described above are the scenarios that make up the database.  There always 
remains the question, have all the significant scenarios been included in the database?  In particular are there scenarios 
that will cause the planning or control logic to fail? 
 
A co-evolutionary procedure for dealing with this problem has been implemented.  Co-evolution in biology refers to the 
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fact that a biological system never evolves alone, both system and environment simultaneously evolve11.   
 
In this application of co-evolution a genetic program is used to evolve control logic by mining a database of scenarios.  
This is followed by using a genetic algorithm (GA) to evolve scenarios that make the control logic fail.  Then the 
pathological scenarios, i.e., the scenarios that make the control logic fail are placed in the database for the GP to DM 
again resulting in improved logic.  This process is iterated a number of times with testing conducted in between with the 
hopes of ultimately formulating very robust control logic.  Fundamental to this process is formulating criteria for what 
failure means so that the fitness function for the GA can be constructed. 
 
The first quantity related to failure that will be considered is mission risk.  It is possible for AUP to assign a UAV to a 
path with a mission risk that might be considered to be too high by a human expert.  On the other hand, a very high 
mission priority might mandate that this low risk tolerance UAV be assigned to the high risk path.  So it is important to 
combine various concepts to formulate failure criteria.  The quantities used to construct failure criteria in this initial 
effort were the fuzzy concepts VMR, MP, MR and mission completeness denoted as MC.  The exact formulation of MC 
and the fitness function for the GA will be the subject of a future publication. 
 
The GP-GA co-evolutionary process suggests several changes to the PH tree.  Let the old fuzzy concept of “priority of 
helping” be denoted as OPH and the related fuzzy membership function represented by 

( ) ( ) ( )( )qijSPathiUAVjUAVOPH ,,,,µ  where UAV(i) is the UAV requesting help, UAV(j) is evaluating its priority for 
providing help, ( )ijSPath , is the support path that UAV(j) would fly if it helps UAV(i) and “q” is the index and power 
for the fuzzy modifier qPOW .  The GP-GA co-evolutionary data mining process (CEDMP) has suggested many 
changes to the PH tree, two of which are given below: 
 

1. The potential supporter should have a priority of helping above a certain threshold denoted as 1phτ .  So there 

should be a multiplying Heaviside step function ( ) ( ) ( )( )[ ]1,,,, phOPH qijSPathiUAVjUAV τµχ − . 
2. The value of “q” originally used in AUP and PH was q=2, co-evolution shows that it should be about 1.5.  

 
Given the above modifications, the new priority of help denoted as ( ) ( ) ( )( )qijSPathiUAVjUAVPHNEW ,,,,_µ  is given in 
(31) below: 
 

( ) ( ) ( )( ) ( ) ( ) ( )( )
( ) ( ) ( )( )[ ]15.1,,,,

5.1,,,,5.1,,,,_

phOPH

OPHPHNEW
ijSPathiUAVjUAV

ijSPathiUAVjUAVijSPathiUAVjUAV
τµχ

µµ
−

⋅≡
 

(31) 

 
7. COMPUTATIONAL EXPERIMENTS 

The AUP and PH fuzzy decision trees have been the subject of many experimental tests and very successful in producing 
expected results2,3.  The test described in the literature were actually conducted using the AUP and PH fuzzy decision 
rules as opposed to the GP evolved fuzzy decision trees although the same test were successfully passed by the trees.  
The FDTs have properties that allow them to be successful when dealing with scenarios that would result in the older 
decision rules failing.  Finally, both FDTs have shown excellent performance in all experiments conducted to date. 

 
8. SUMMARY 

 
A genetic program (GP) has been used as a data mining (DM) function to automatically create decision logic for two 
different resource managers (RMs).  The most recent of the RMs, referred to as the UAVRM is the topic of this paper.  It 
automatically controls a group of unmanned aerial vehicles (UAVs) that are cooperatively making atmospheric 
measurements. 
 
The DM procedure that uses a GP as a data mining function to create two subtrees of UAVRM is discussed.  The 
resulting decision logic for the RM is rendered in the form of fuzzy decision trees.  The fitness function, bloat control 
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methods, data base, etc., for the trees to be evolved are described.  Innovative bloat control methods using computer 
algebra based simplification are given as well as bloat control procedures based on fuzzy rules embedded in the GP, and 
the inclusion of terminals and their complements in the terminal set.  A subset of the fuzzy rules used by the GP to help 
accelerate convergence of the GP and improve the quality of the results is provided.  A new co-evolutionary approach to 
data mining is introduced.  This approach uses a GP to data mine a data base of scenarios to create an optimal fuzzy 
decision tree.  Afterwards, a genetic algorithm is used to search for pathological scenarios that cause the GP data mined 
logic to fail.  Once these pathological scenarios are found they are incorporated in the GP’s database allowing the GP to 
determine a more robust form of logic.  Experimental methods of validating the evolved decision logic are referenced to 
support the effectiveness of the data mined results. 
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