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ABSTRACT
Hierarchical fuzzy logic systems are increasingly applied to solve complex problems. There is a need
for a structured and methodological approach for the design and development of hierarchical fuzzy
logic systems. In this paper a review of a method developed by the author for design and development
of hierarchical fuzzy logic systems is considered. The proposed method is based on the integration
of genetic algorithms and fuzzy logic to provide an integrated knowledge base for modelling, control
and prediction. Issues related to the design and construction of hierarchical fuzzy logic systems
using several applications are considered and methods for the decomposition of complex systems
into hierarchical fuzzy logic systems are proposed. Decomposition and conversion of systems into
hierarchical fuzzy logic systems reduces the number of fuzzy rules and improves the learning speed
for such systems. Application areas considered are: the prediction of interest rate and hierarchical
robotic control. The aim of this manuscript is to review and highlight the research work completed in
the area of hierarchical fuzzy logic system by the author. The paper can benefit researchers interested
in the application of hierarchical fuzzy logic systems in modelling, control and prediction.
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INTRODUCTION
The problem of controlling uncertain dynamic systems which are subject to external disturbances,
uncertainty and sheer complexity is of considerable interest. Conventional modelling approaches
employ mathematical models and examine the system’s evolution and its control. Such approaches
are not completely successful when applied to large non-linear complex systems. These models work
well provided the system meet the requirement and assumption of synthesis techniques. However due
to uncertainty and sheer complexity of the actual dynamic system, it is very difficult to ensure that
the mathematical model does not break down (Mohammadian & Stonier, 1995).
Progress in solving these problems has been with the aid of new advanced high-speed computers
and the application of artificial intelligence paradigms, particularly neural networks, fuzzy logic
systems and evolutionary algorithms. Fuzzy logic systems have been successfully applied in the place
of the complex mathematical systems and they have numerous practical applications in modelling,
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control, prediction and automation. They have been found useful when the system is either difficult
to predict and or difficult to model by conventional methods.
Fuzzy set theory (Zadeh, 1965) provides a mean for representing uncertainties. The underlying
power of fuzzy logic is its ability to represent imprecise values in an understandable form. Fuzzy
logic systems have a fuzzy knowledge base (FKB) consisting of a set of fuzzy rules of the form:
If ( x1 is

A1 and x2 is A2 and  and xn is An ’)

Then ( z1 is

B1 else z2 is B2 else  else zm is Bm )

Ak , k = 1, , n are normalised fuzzy sets for n input variables xk , k = 1, , n , and where
Bk , k = 1, , m are normalised fuzzy sets for m output variables zk , k = 1, , m . The inference

where

engine of fuzzy logic system applies the fuzzy rules to output action/s from inputs. There are many
types of inference engines in the literature, including the popular Mamdani inference engine.
Given a fuzzy knowledge base with M rules and n antecedent variables, a fuzzy logic system
as given in Equation 1 uses a singleton fuzzifier, Mamdani product inference engine and centre
average defuzzifier to determine output variables, has the general form for a single output variable,
say zk :
n
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M

(1)

yk are centres of the output sets Bk and membership function µ defines for each fuzzy set
Ai the value of xi in the fuzzy set, namely, µ A ( xi ) .

where

i

Common shapes of the membership function are triangular, trapezoidal and Gaussian membership
functions.
Fuzzy logic applications to industrial problems has often produced results superior to classical
control (Zadeh, 1965; Welstead, 1994; Mohammadian & Stonier, 1995; Cox, 1993; Hagras, Callaghan,
Colley & Carr-West, 2002; Zeng, Zhang, & Xu, 2000). However, the design procedures of fuzzy
logic systems are limited by the heuristic rules of the system. It is simply assumed that the rules for
the system are readily available or can be obtained. This implicit assumption limits the application
of fuzzy logic to the cases of the system with a few parameters.
The number of input parameters of a system could be large. The number of rules of a fuzzy logic
system is directly dependant on these parameters. As the number of input parameters increase, the
number of fuzzy rules of the fuzzy logic system grows exponentially (Raju & Zhou, 1993; Kingham,
Mohammadian & Stonier, 1998).
In fuzzy logic systems (Zadeh, 1965) there is a direct relationship between the number of
input parameters and its fuzzy sets of the system with the number of rules and the size of the Fuzzy
Knowledge Base (FKB). Kosko and Isaka (Kosko, 1992) call this the “Curse of Dimensionality.”
The “curse” in this instance is that there is exponential growth in the size of the fuzzy knowledge
base as shown in Equation 2:

k = mn
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where k is the number of rules in the FKB, m is the number of fuzzy sets for each input and n is the
number of inputs into the fuzzy system. As the number of fuzzy sets of input parameters increase, the
number of rules in FKB of fuzzy logic systems increases exponentially. This curse of dimensionality
can be handled in a variety of ways. These include combining input variables of fuzzy logic systems
hence reducing the number of rules in the FKB, or grouping the fuzzy rules of fuzzy logic systems
to create a hierarchical fuzzy logic systems, and reducing the size of the FKB of fuzzy logic systems.
Another to reduce the number of rules in FBK is to limit the number of input parameters of the fuzzy
logic system. This approach may reduce the accuracy of the fuzzy logic system and render the system
being modelled unusable. Another approach is to reduce the number of fuzzy sets of input parameter.
This approach may reduce the accuracy of the system (Raju, Zhou & Kisner, 1990). The number of
rules in the FKB can also be trimmed if it is known that some rules are never used. This can be a
time-consuming and tedious task, as every rule in the FKB may need to be examined.
Raju and Zhou (Raju & Zhou, 1993) suggested using a hierarchical fuzzy logic system to overcome
the exponential growth of FKB when designing fuzzy logic systems. By using hierarchical fuzzy logic
systems, the number of fuzzy rules in the system is reduced thereby reducing FKB of the fuzzy logic
systems and reducing the computational time while maintaining the systems robustness and efficiency.
In general, a hierarchical fuzzy logic system consists of several fuzzy logic systems each
performing a specific task which are then combined to form a system to solve a complex task. These
fuzzy logic systems usually interact with each other to solve a part of the problem at hand. The division
of individual fuzzy logic systems required to solve complex problems demands that those problems to
be decomposed and distributed among different fuzzy logic systems. One of the main limitations on
the application of hierarchical fuzzy logic systems in complex problem-solving domains is the lack
of methods to structure the development of the hierarchical fuzzy logic systems. This is an important
issue when considering the robustness and efficiency of these systems. A well-structured hierarchical
fuzzy logic system can perform its tasks more efficiently.
In design of hierarchical fuzzy logic systems several fuzzy logic systems are developed each
performing a specific task but the performance of each fuzzy logic system influences the performance
of the other fuzzy logic system/s. These fuzzy logic systems are then combined to form a complete
system. The output of each fuzzy logic system in hierarchical fuzzy logic systems have an effect
on other fuzzy logic systems as well as to the final output of the system. In hierarchical fuzzy logic
systems, typically, the most influential parameters are chosen as the system variables in the first level,
the next most important parameters are chosen as the system variables in the second level, and so
on (Raju & Zhou, 1993). In this hierarchy, the first level gives an approximate output which is then
modified by the second level fuzzy logic system. This procedure is then repeated in succeeding levels
of hierarchy. Using this approach the number of fuzzy rules in a complete FKB is then reduced to a
linear function of the number of input variables.
Identifying the most influential input variables in a given system and the order of variables in
hierarchical fuzzy logic systems is a difficult task. An understanding of fundamentals of the system
being investigated is required to determine the level of interdependence of input variables. Hence it
is possible to create different hierarchical fuzzy logic systems to solve a given problem.
In this paper a genetic algorithm (Goldberg, 1989) approach is employed to learn the fuzzy rules for
FKB and associated parameters in each layer of a hierarchical fuzzy logic system. Genetic algorithms
are also employed in assisting the design of hierarchical fuzzy logic systems. Research into this area
has been described as genetic fuzzy systems using the classical genetic algorithm has been surveyed
by Cordon (Cordon, Herrera & Zwir, 2002; Cordon, Herrera, Hoffmann & Magdalena, 2001). Genetic
Algorithms are employed to learn and tune different components of a fuzzy logic system such as the
FKB and the membership functions in the inference process. This is usually accomplished by evolving
a genetic algorithm to produce the “best” fuzzy rules and membership functions/parameters with
respect to an optimisation criterion. There are three main approaches in the literature for learning the
rules in a fuzzy knowledge base. They are the Pittsburgh approach, the Michigan approach and the
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iterative rule-learning approach (Cordon, Herrera, Hoffmann & Magdalena, 2001). The Pittsburgh
and Michigan approaches are the most commonly used methods in the area.
Research by the author, colleagues and postgraduate students has predominately employed the
Pittsburgh approach with success in learning the fuzzy rules in complex systems, across hierarchical
fuzzy logic systems in problems, such as interest rate prediction (Kingham, Mohammadian &
Stonier, 1998; Mohammadian & Kingham, 2004), modelling and prediction (Mohammadian, 2002),
supervisory traffic flow (Nainar, Mohammadian, Stonier & Millar, 1996), multi-robot collision
avoidance and tracking problems (Mohammadian & Stonier, 1998; Mohammadian & Stonier, 1995;
Stonier & Mohammadian, 1996).
In Next section learning approaches for the determination of these FKBs and associated parameters
using genetic algorithms is considered. This paper concentrates on design and development of
hierarchical fuzzy logic systems for interest rate prediction and robotic control.
LEARNING OF FUZZY LOGIC SYSTEM USING GENETIC ALGORITHMS
The design of the FKB of a fuzzy logic system is performed usually based upon human experience
and operator’s knowledge of the system to be controlled. The fuzzy rules are formulated by a trial
and error method which is not only time consuming but also does not guarantee ‘optimal’ fuzzy rules
for the system. Incorporating Genetic algorithms into the design of a fuzzy logic system ensures
automatic generation of fuzzy rules for a fuzzy logic system.
Genetic algorithms (Goldberg, 1989) are powerful search algorithms based on the mechanism
of natural selection and use of operations of reproduction, crossover, and mutation on a population
of strings. A set (population) of possible solutions, in this case, a coding of the fuzzy rules of a
fuzzy logic system, represented as a string of numbers. New strings are produced every generation
by the repetition of a two-step cycle. First each individual string is decoded and its ability to solve
the problem is assessed. Each string is assigned a fitness value, depending on how well it performed.
In the second stage the fittest strings are preferentially chosen for recombination to form the next
generation. Recombination involves the selection of two strings, the choice of a crossover point in
the string, and the switching of the segments to the right of this point, between the two strings (the
cross-over operation).
Mutation is used to maintain genetic diversity within a small population of strings. There is a
small probability that any allele in a string will be flipped from its present value to another value
within a specific range. This prevents certain allele’s becoming fixed at a specific value due to every
string in the population having that value, often a cause of premature convergence to a non-optimal.
Figure 1 shows the combination of fuzzy logic and genetic algorithms for generating fuzzy rules.
Figure 1. Combination of fuzzy logic and genetic algorithms for fuzzy rule generation (Mohammadian & Stonier, 1995)
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For encoding and decoding of the fuzzy rule for a fuzzy logic system, first the input parameters
of the fuzzy logic system is divided into fuzzy sets. Assume that the fuzzy logic system has two inputs
α and β and a single output δ. Assume also that the inputs and output of the system is divided into 5
fuzzy sets. Therefore, a maximum of twenty-five fuzzy rules can be written for the fuzzy logic system.
The consequent for each fuzzy rule is determined by genetic evolution. In order to do so, the output
fuzzy sets are encoded. It is not necessary to encode the input fuzzy sets because the input fuzzy sets are
static and do not change. The fuzzy rules relating the input variables (α and β) to the output variable (δ)
have twenty-five possible combinations. The consequent of each fuzzy rule can be any one of the five output
fuzzy sets. Assume that the output fuzzy sets are: NB (Negative Big), NS (Negative Small), ZE (Zero),
PS (Positive Small), and PB (Positive Big). Then the output fuzzy sets are encoded by assigning 1 = NB
(Negative Big), 2 = NS (Negative Small), 3 = ZE (Zero), 4 = PS (Positive Small), and 5 = PB (Positive
Big). Genetic algorithms randomly encode each output fuzzy set into a number ranging from 1 to 5 for
all possible combinations of the input fuzzy variables. A string encoded this way can be represented as:

Each individual string is then decoded into the output linguistic terms. The set of fuzzy rules thus
developed, is evaluated by the fuzzy logic system based upon a fitness value which is specific to the
system. At the end of each generation, (two or more) copies of the best performing string from the
parent generation is included in the next generation to ensure that the best performing strings are not
lost. Genetic algorithms then perform the process of selection, crossover and mutation on the rest of
the individual strings. Selection and crossover are the same as a simple genetic algorithm (Goldberg,
1989) while the mutation operation is modified.
Crossover and mutation take place based on the probability of crossover and mutation respectively.
Mutation operator is changed to suit this problem. For mutation, an allele is selected at random and it is
replaced by a random number ranging from 1 to 5. The process of selection, crossover and mutation are
repeated for a number of generations till a satisfactory fuzzy rule base is obtained. We define a satisfactory
rule base as one whose fitness value differs from the desired output of the system by a very small value
(Mohammadian & Stonier, 1998; Mohammadian & Stonier, 1995; Stonier & Mohammadian, 1996).
The process of mutation takes place depending on the mutation rate. An integer position in the
individual string is selected at random and the encoded parameter at that position is replaced by a
random number ranging from 1 to 5. The mutation operation can be illustrated in the following way:

The process of selection, automatic inclusion, crossover and mutation are repeated for a number
of generations till a satisfactory FKB is obtained. We define a satisfactory FKB as one whose fitness
value differs from the desired output of the system by a very small value, or the FKB with best fitness
after a certain number of generations.
In Next section a hierarchical fuzzy logic system for interest rate prediction using the fuzzy logic
and genetic algorithms for fuzzy rule generation is considered.
INTEREST RATE PREDICTION
There is a huge interest by investors and government departments in the ability to predict future
interest rate fluctuations from current economic data. Economists, and investors, have been unable
to find all the factors that influence interest rate fluctuations. But it is agreed that there are some
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major economic indicators released by the government (Welstead, 1994) that are commonly used to
look at the current position of the economy. In (Mohammadian & Kingham, 2004), the authors used
hierarchical fuzzy logic system for modelling and prediction of the Australian interest rate with 15
input variables, on actual data of key economic indicators that was a limited data set. The indicators
used in (Mohammadian & Kingham, 2004) are as follows:
•
•
•
•
•
•
•
•
•
•
•
•
•
•

Interest Rate: Which is the indicator being predicted. The Interest Rate used here is the Australian
Commonwealth government 10-year treasury bonds;
Job Vacancies: Where a position is available for immediate filling or for which recruitment
action has been taken;
The Unemployment Rate: The percentage of the labour force actively looking for work in the
country;
Gross Domestic Product: An average aggregate measure of the value of economic production
in a given period;
The Consumer Price Index: A general indicator of the rate of change in prices paid by consumers
for goods and services;
Household Saving Ratio: The ratio of household income saved to household disposable income;
Home Loans: Measures the supply of finance for home loans, not the demand for housing;
Average Weekly Earnings: The average amount of wages that a full-time worker takes home
before any taxes;
Current Account: The sum of the balances on merchandise trade, services trade, income and
unrequited transfers;
Trade Weighted Index: Measures changes in our currency relative to the currencies of our
main trading partners;
RBA Commodity Price Index: Provides an early indication of trends in Australia’s export Prices;
All Industrial Index: Provides an indication of price movements on the Australian Stock Market;
Company Profits: Defined as net operating profits or losses before income tax;
New Motor Vehicles: The number of new vehicles registered in Australia.

By creating a system that contained all these indicators, the prediction in the fluctuations in
interest rates would be much better. Unfortunately, a fuzzy logic system that used every indicator
and had five fuzzy sets for every indicator would result in a large FKB consisting of over six billion
rules! (Mohammadian & Kingham, 2004). As can be imagined, this would require large computing
power to not only train the fuzzy logic system with a genetic algorithm, but also large storage and
run-time costs when the system is operational. Even if a computer could adequately handle this large
amount of data, there is still the problem, as discussed by Ruelle (Ruelle, 1989), about having enough
data to properly train every possible rule. It is very unlikely that the time series being modelled or
predicted has enough data to properly train the FKB. To overcome this problem a hierarchical fuzzy
logic structure for the fuzzy logic system can be constructed. By using a hierarchical fuzzy logic
system, the number of fuzzy rules of the system is reduced hence computational times are decreased
resulting in a more efficient system.
A FKB with this size (i.e. six billion rules) would be unmanageable in both size and speed of
execution. Therefore, a better way to tackle this problem would be to group the relevant indicators
and to build a fuzzy knowledge base for each group.
The first step is to divide the indicators into smaller-related groups. This problem was investigated
in (Kingham, Mohammadian & Stonier, 1998; Mohammadian & Kingham, 2004). Using expert
knowledge from an economist the input variables were placed into 5 different groupings, namely:
1. 	 Employment (Job Vacancies, Unemployment Rate);
2. 	 Country (Gross Domestic Product, Consumer Price Index);
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3. 	 Savings (Household Saving Ratio, Home Loans, Average Weekly Earnings);
4. 	 Foreign (Current Account, RBA Index, Trade Weighted Index);
5. 	 Company (All Industrial Index, Company Profit, New Motor Vehicles).
These points then were formed into a two-layered hierarchical fuzzy logic system as shown in
Figure 2.
The current interest rate was inputted into each of the five fuzzy systems in the first layer and the
final output of the second layer of the hierarchical fuzzy logic system was the updated interest rate.
It is assumed that the first layer gives a first iteration of the new interest rate and they are input into
the second layer. But the output variables from the first layer do not necessarily have to be identified
with the interest rate. Assuming there are five membership sets for all variables, including those
inputs entering the second layer, there are 5250 fuzzy rules in this hierarchical fuzzy logic system
(Mohammadian & Kingham, 2004). If all fourteen variables were input into a single layer structure,
there would be some 6 million rules (516).
Hence there is a considerable reduction in the number of rules for this two-layered hierarchical
fuzzy logic system. But it is clear that this is not the only decomposition that could have been
formed in grouping the variables, or in number of levels of the multi-layered hierarchical fuzzy logic
system. Genetic algorithm was employed to learn the rules in this fuzzy system, and it was found
that hierarchical fuzzy logic system was more accurate in the prediction of quarterly interest rate
that the neural network system (Mohammadian & Kingham, 2004). Further research on this problem
discussing different hierarchical fuzzy structures of three, four and five-layer hierarchical fuzzy
logic systems, and the learning of the fuzzy rule bases, can be found in (Mohammadian & Kingham,
2004). To acquire the fuzzy rule for the fuzzy logic system a genetic algorithm was employed to
generate fuzzy rule of the hierarchical fuzzy logic system. This architecture is shown in Figure 2
and full description of this architecture is described for use of a genetic algorithm to learn the fuzzy
knowledge base (Mohammadian & Kingham, 2004).
Added to the problem of identifying the rules in the FKB is the problem of non-unique
decomposition. A discussion on aspects of using genetic algorithms in learning in fuzzy logic
including encoding the representation of the knowledge base as a string in a genetic algorithm and
the development of various operators has been given above.
There is a need to identify the number of layers in hierarchical fuzzy logic systems. Added to
this problem there is the requirement to identify the FKB in each layer of the hierarchical fuzzy logic
system. Mohammadian (Mohammadian, 2002) described the use of genetic algorithms to solve this
problem by determining the number of layer in the hierarchical fuzzy logic system and the correct
combination of FKBs for each layer for the problem of Interest Rate Prediction is described below.
Figure 2. Interest rate prediction (Kingham, Mohammadian & Stonier, 1998)
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Next the performance of genetic algorithms for design and development of hierarchical fuzzy logic
systems is considered. The system is developed in such a way to provide the possible best architecture
for designing hierarchical fuzzy logic systems for prediction of Interest Rate in Australia. Using
the economic indicators five fuzzy logic systems were developed from five groups each produce a
predicted interest rate for the next quarter. Genetic algorithms were then used to design and develop
a hierarchical fuzzy logic system. The hierarchical fuzzy logic system developed was then used to
predicted interest rate. For each of these groups, the current quarter’s interest rate is included in the
indicators used (Mohammadian, 2002). For encoding and decoding of the hierarchical fuzzy logic
system, first a number is allocated to each fuzzy logic system developed from group of indicators.
For this simulation, the number allocated to each group is shown below:
1 = Employment
2 = Country
3 = Savings
4 = Foreign
5 = Company
The number of layers and the fuzzy logic system/s for each layer is determined by genetic
algorithms. In order to do so a number is allocated to each fuzzy logic system. Genetic algorithms
randomly encode each fuzzy logic system into a number ranging from 1 to 5 for all possible
combinations of the fuzzy logic systems. The level in the hierarchy in which a fuzzy logic system is
allocated to, is also encoded each string. A string is encoded this way can be represented as:

Each individual string is then decoded into a hierarchical fuzzy logic system that defines the
fuzzy logic system/s for each level of the hierarchical fuzzy logic system. The above string once
decoded will provide a hierarchical fuzzy logic system as shown in Figure 3. The set of hierarchical
fuzzy logic systems thus developed, are evaluated and a fitness value is given to each string. At
the end of each generation, (two or more) copies of the best performing string from the parent
generation is included in the next generation to ensure that the best performing strings are not lost.
Genetic algorithms then performs the process of selection, crossover and mutation on the rest of
the individual strings. Crossover and mutation take place based on the probability of crossover and
mutation respectively. Mutation operator is changed to suit this problem. The process of selection,
crossover and mutation are repeated for a number of generations till a satisfactory hierarchical fuzzy
logic system is obtained. We define a satisfactory hierarchical fuzzy logic system as one whose fitness
value (predicated interest rate) differs from the desired output of the system (in this case the actual
interest rate) by a very small value.
We calculate the average error of the system for the training set and tests sets using the following
formula (Mohammadian & Kingham, 2004; Mohammadian, Kingham & Bignall, 1988):
n

E=
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Figure 3. A three-layer hierarchical fuzzy logic system – 3125 fuzzy rules (Mohammadian, 2002)

where E is the average error, Pi is the Predicted interest rate at time period i, Ai is the actual interest
rate for the quarter and n is the number of quarters predicted. By using genetic algorithms to design
and develop hierarchical fuzzy logic system better results were obtained. Different hierarchical fuzzy
logic systems developed using genetic algorithms perform predict the interest rate to different degree
of accuracy. It is however interesting to see that genetic algorithms is capable of providing different
hierarchical fuzzy logic system for predicting the interest rate. It is now possible to choose the best
hierarchical fuzzy logic system among those suggested by genetic algorithms. The result of the top
performing five hierarchical fuzzy logic systems designed by genetic algorithms is given in Table
1. Comparison of average errors of these five best hierarchical fuzzy logic systems designed and
developed using genetic algorithms is also shown in Table 1.
COLLISION-AVOIDANCE IN A ROBOT SYSTEM
In this section, we use the method proposed earlier in this paper to develop a hierarchical fuzzy logic
systems to control a simulated multi-robot system. Mohammadian et al. (Mohammadian & Stonier,
1998; Mohammadian & Stonier, 1995) considered the collision-avoidance problem described by
simulated point mass two robot system. A three-level hierarchical fuzzy logic system was proposed
Table 1. Comparison of average errors of Hierarchical Fuzzy Logic (HFL) systems designed and developed using GA
(Mohammadian & Kingham, 2004; Mohammadian, Kingham & Bignall, 1988)
Hierarchical Fuzzy Logic System Developed

Training Error

Testing Error

HFL #1

0.356

0.659

HFL #2

0.343

0.663

HFL #3

0.289

0.494

HFL #4

0.274

0.441

HFL #5

0.291

0.398
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to solve the problem. In the first layer, two fuzzy logic systems, one for each robot, are developed to
find the steering angle to control each robot to its target.
In the second layer two fuzzy logic systems are developed using the fuzzy logic systems in the
first layer to control the speed of each robot so that each robot approaches its target with near zero
speed. Finally, in the third layer a fuzzy logic system is developed to modify the controls of each
robot to avoid collision in a restricted common workspace. Figure 4. shows the diagram of simulated
robots and their targets in the workspace. For the hierarchical fuzzy logic system consisting of three
layers is developed. In the first layer, a fuzzy logic system is developed for each robot that controls
each robot from any position in the workspace to its target. The knowledge on how to control the
robot is learnt by a self-learning method using genetic algorithms. In the second layer a new fuzzy
logic system is developed for each robot that learns to control the speed and slow down the robots
when arriving to their target.
The second layer fuzzy logic controllers work with the first layer fuzzy logic controllers and
the knowledge base of the second layer fuzzy logic controllers are learned upon the first fuzzy logic
system’s knowledge base. A mapping of the knowledge bases in the first layer to the second layer is
learnt using genetic algorithms.
In this way, the system adapts itself to the current knowledge (fuzzy control rules) available and
uses this knowledge to improve the performance of the system by learning new concepts. In this case
the current knowledge is how to control each robot to its target and the new concepts are the knowledge
learnt about how to control the speed of robots and slow them down at their targets. Third a new
fuzzy logic system is developed to avoid collision of the robots working in common workspace. Here
a mapping of the knowledge base of the second layer fuzzy logic controllers to the third layer fuzzy
logic controllers is learnt using genetic algorithms. Figure 5 shows the structure of the HFLC system.
In Figure 5, x , y gives the physical position of the robot on the plane, φ is the directional
heading of the robot, θ is the steering angle, D1 and D2 are the distances of the two robots from

 is the distance between the
S1 and S 2 are the speeds of the two robots, D
'
'
''
''
'
'
two robots and θ1 , θ 2 , θ1 , θ 2 , S1 , and S 2 , are the updates of variable outputs for the last two
their respective targets,

layers of hierarchical fuzzy logic system. An important issue in this example is that of learning FKBs
in a given layer sufficient for use in higher layers. Consider the FKB of a single robot in layer one.

Figure 4. Diagram of simulated robots and their targets in the workspace (Mohammadian & Stonier, 1998; Mohammadian &
Stonier, 1995)
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Figure 5. A hierarchical fuzzy logic system for multi-robot collision avoidance (Mohammadian & Stonier, 1998; Mohammadian
& Stonier, 1995)

It is not sufficient to learn a FKB from an initial configuration and use this FKB for information on
the steering angle of the robot to learn fuzzy controllers in the second layer.
Quite clearly this FKB is only guaranteed to be effective from this initial configuration as not all
the fuzzy rules will have fired in taking the robot to its target. A FKB is required that is effective to
some acceptable measure, in controlling the robot to its target from ‘any’ initial configuration. Figure
6 Fuzzy regions and the corresponding membership functions of x, y, ϕ and θ.
One way is to first learn a set of local fuzzy logic controllers, each FKB learnt by genetic
algorithms from a given initial configuration within a set of initial configurations spread uniformly
over the configuration space. These knowledge bases can then be fused through a fuzzy amalgamation
process into the global (final), fuzzy logic control FKB.
The first genetic algorithm learns the fuzzy knowledge base to control each robot to its target
using constant speed. Below a description of the fuzzy knowledge base for layer one is given. For
each robot, there are three inputs x, y, ϕ and single output θ. Here x, y are the Cartesian coordinates
in the plane, and is the heading angle relative to the x-axis, and θ is the control steering angle also
measured relative to the x-axis.
A grid of 180 configurations is chosen on the plane and associated with each point there are
6 chosen heading directions. For this analysis the heading directions are -50°, 45°, 90°, 135°, and
240°. Figure 7 shows the spread of initial configurations in the workspace and the target. Each robot
is started random at an initial configuration chosen from the 180 available initial configurations.
Genetic algorithm was used to determine a set of fuzzy rules that will best determine the steering
angle to control the robot to the desired target (with final heading angle 180° for the first robot and
0° for the second robot) in the first layer. Figure 8 shows the spread of initial configurations in the
workspace and the target.
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Figure 6. Fuzzy regions and the corresponding membership functions of x, y,ɸ and θ (Mohammadian & Stonier, 1998; Mohammadian
& Stonier, 1995)

The two individual fuzzy rule bases, one for each robot constitute the full fuzzy knowledge base
in layer 1. In all there are 175 rules learnt for the control of each robot to its target.
The objective function for the first layer HFLC system is calculated as:

Objective =

( xr − xt )2 + ( yr − yt )2 + (ϕr − ϕt )2

(4)

where xr , yr , ϕ r and xt , yt , ϕt are the robot’s coordinates and the heading angle and the targets
coordinates respectively. We wish to minimise the objective function. An illustration of how the
knowledge contained in the final FKB controls the robots to their targets is shown in Figure 9. Good
trajectories were obtained from all initial configurations.
Now consider the adaptive learning of the rules in the second layer of the hierarchical fuzzy
logic controller using genetic algorithm. Having learnt the fundamental knowledge base for steering
control of each robot to its target, now the control of the speed of each robot to its target needs to be
considered. The objective here is to develop another FKB for a fuzzy logic system to determine
corrections to steering angles and speed of each robot while approaching its target. There are two
inputs which is the distance D between the robot and its target and the current steering angle of each
'
'
robot and output, θ i , Si , i =1, …, 2, which is the correction to the speed and steering angle of each
robot for the next iteration.
Figure 10 shows the fuzzy sets and fuzzy membership functions of D and S. Intervals of definition
'
'
D, S, θ, and θ are each divided into 5×5×7×7 regions (fuzzy membership of θ and θ are the same).
There are thirty-five fuzzy rules for the second layer fuzzy knowledge base. The fuzzy knowledge
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Figure 7. Spread of the initial configurations in the workspace for robot1 (a) and for robot2 (b) (Mohammadian & Stonier, 1998;
Mohammadian & Stonier, 1995)

base can be formed as a 5 by 7 table with cells to hold the two outputs for the corresponding actions
that must be taken given the conditions corresponding to D and θ are satisfied. For example, a fuzzy
rule may look like:
'

'

If D = VC and θ = VS then S = VS also θ = PB
The choice of output control signal to be set for each fuzzy rule is made by genetic algorithm.
The genetic algorithm then performs a self-directed search, learning fuzzy rules for the second fuzzy
knowledge base of the HFLC.
The learning is performed quickly and automatically with no need for operational guidance
other than the fitness values supplied to it by the HFLC. Again, here a grid of 180 configurations
is chosen on the plane and associated with each point there are 6 chosen heading directions (same
as for the first layer). The analysis then proceeds as in the first layer, a genetic algorithm is used to
determine a set of fuzzy rules that will best determine the steering angle and speed corrections to
drive a robot to its desired target from a randomly chosen initial triplet (x, y, ϕ) with speed equal to
zero at the target. The same fitness function that was used in the first layer is used but a penalty of
1000 is added if the speed of the robot when it has reached its target is greater than zero. The genetic
algorithm is then allowed to evolve through the normal processes of reproduction, crossover and
mutation to minimise this fitness.
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Figure 8. Robot trajectory of robot1 from initial configurations: (a) (90, 10, 135°), (b) (90, 70, 135°), and for robot2 (c) (90, 10, 135°),
and (d) (70, 70, 135°)

Figure 9. Robot trajectory of robot1 from initial configurations: (a) (90, 60, 45°), and (b) (90, 10, -50°)

Again an ‘elite’ option was used in developing a new population from the old and prescaling used
to improve convergence. The best chromosome in the final population defines the fuzzy knowledge
base for this the second layer HFLC. An illustration of how the knowledge contained in the second
layer fuzzy knowledge base is shown in Figure 11 and 12. Next, we consider the adaptive learning
of the rules in the third layer of the hierarchical fuzzy logic controller using the genetic algorithm.
Having learnt the fundamental rule bases for steering control and speed of each robot to its target
the objective here is to develop another fuzzy knowledge base to determine corrections to steering
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Figure 10. The fuzzy sets and membership functions of D and S

Figure 11. Robot trajectory of robot2 from initial configurations: (a) (50, 90, -50°), and (b) (60, 90, 90°)

angles θ`` for each robot to avoid the collision of robots while approaching their target. In this layer
'
'
"
"
"
"
there are three inputs Dr, θ1 and θ 2 , with outputs θ1 and θ 2 , S1 and S 2 for each robot. Here Dr
is the calculated physical distance between robots, θ1 and θ1 , is a correction to the steering angle
"

"

of each robot and S1 and S 2 is the correction to the speed of each robot.
"

"

We divided the domain regions for Dr, θ1 and θ 2 , into 5, 7, and 7 regions respectively and
assigned appropriate linguistic variables, as before. Again, for each region a fuzzy membership
function is assigned. and the shape is assumed to be triangular. We use genetic algorithm to learn the
fuzzy knowledge base for the third layer of HFLC. The fitness of each chromosome is calculated as
for second layer fuzzy logic system and a penalty (of 1000) is added if the robots collide. In all
simulations, the genetic algorithm had a population size of 100 with mutation rate = 0.01 and crossover
'

'
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Figure 12. Robot trajectories at initial configuration: (a) robot1 = (50, 50, 45°), robot2 = (10, 60, -50°) and (b) robot1 = (60, 50, 90°),
robot2 = (10, 60, -50°)

rate = 0.6. The genetic algorithm was run for 500 generations. Figure 12 shows the robot trajectories
using HFLC with three layers. The robots arrive to their target while avoiding collision and their
speed is reduced as they approach their target.
Using a hierarchical fuzzy logic control system and a genetic fuzzy rules generator architecture
quick convergence to a collision free path in learning the fuzzy rules of the third layer was observed.
This can be attributed to the fact that the architecture was able to learn and modify rules in the third
layer fuzzy rule base using knowledge in the second layer fuzzy rule bases.
CONCLUSION AND FURTHER INVESTIGATIONS
In this paper an innovative method is used to design and develop hierarchical fuzzy logic systems.
Genetic algorithms are used as an adaptive learning method to design a hierarchical fuzzy logic systems
to predict the fluctuations of the 10-year Australian treasury bond using Australian economic data.
Using hierarchical fuzzy logic systems, the number of fuzzy rules in the fuzzy knowledge base is
reduced dramatically hence computational times are decreased resulting in a more efficient system.
The application of the proposed method to modelling and prediction of interest rate using
Australian economic indicators is considered. Genetic algorithms are also used to obtain the fuzzy
rules for each fuzzy logic system of a hierarchical fuzzy logic system. From simulation results it
was found that the hierarchical fuzzy logic system is capable of making accurate predictions of the
following quarter’s interest rate. The hierarchical fuzzy logic systems used a fuzzy knowledge base
which contains all the rules of the system, this allows an expert to inspect and make any modifications
if necessary.
A HFLC for multi-robot control problem is also considered. The complexity of the multi-robot
control problem was tackled by using decomposition of HFL by dividing the problem into smaller
manageable parts. By using HFLC the number of control laws is reduced. In the first layer of HFLC,
ignoring the possibility of collision, steering angles for the control of each robot to their associated
target were determined by genetic algorithms. In the second layer, genetic algorithms were used to
determine adjustments to steering angle and speed of each robot to control the speed of the robot
when arriving to its target. Next another layer is developed to adjust the speed and steering angle
of the robots to avoid collision of the robots. If only a single fuzzy logic system was used to solve
this problem with the inputs x, y, ϕ of each robot and D each with the same fuzzy sets described
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in this paper then there would be 153125 fuzzy rule needed for its fuzzy knowledge base. Using a
HFLC system we have a total number of 1645 fuzzy rules for this system. The hierarchical concept
learning using the proposed method makes easier the development of fuzzy logic control systems, by
encouraging the development of fuzzy logic controllers where the large number of systems parameters
inhibits the construction of such controllers.
The research work performed in this paper is unique in the way the hierarchical fuzzy logic
systems are developed. The application of this method to several industrial problems such as robotic
control and collision avoidance of multi-robot systems is currently under consideration.
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