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Abstract 
 
 In this paper, we propose the use of genetic algorithms 
(G.A.) for the creation of controllers for the pointing 
phase of a reaction wheel artificial satellite. We make 
use of the simulator previously developed which test a 
PD controller for the pointing phase of a satellite similar 
to the French-Brazilian Satellite, whose control system 
is based on the stabilization of 3 axes. 
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Introduction 
 
 There exists nowadays a technological tendency of 
building small artificial satellites, aiming at 
guaranteeing a fast and simple means of reaching space. 
The tendency is to have these satellites equipped with 
highly autonomous systems for attitude, maneuver and 
orbit control, and to have them developed fastly and at 
very low costs1. 
 In this work, we make use of a model similar to the 
French-Brazilian2 satellite one, currently under 
development at the Brazilian National Institute for 
Space Research (INPE). This satellite has its control 
system based on the stabilization of three axes and 
makes use of a proportional/derivative controller (PD), 
whose gains have been determined through the poles 
allocation method, and whose sensor measures have 
been processed by a Kalman filter3. 
 It is important to observe that in contrast to the high 
complexity of a controller system, it is imperative for it 
to have the lowest possible cost. For this reason, it is 
important to investigate different techniques in the 
development and implementation of a controller. Such 
innovations can bring versatility in what regards the 
hardware components to be employed, and in relation to 
the interfaces among controllers, sensors and actuators. 
 Fuzzy logic is a one of the most well-succeeded recent 
technologies in the development of sophisticated control 

systems4-5. Its employment, complex requirements can 
be implemented in simpler controllers, of easy 
maintenance and low cost. 
 The augmentation of satellite autonomy has been long 
pursued with the goal of not only improvement in 
performance, but especially in order to reduce fuel 
consumption. To obtain this autonomy, one approach is 
the use of fuzzy controllers, especially when the model 
is subject to uncertainty6-7-1-8. 
 A fuzzy controller is composed of a set of rules of the 
type If <premise> then <conclusion>, which define 
control actions in function of some (usually ill-defined) 
intervals on which the state variables may take their 
values. These intervals are modeled by fuzzy sets and 
called fuzzy terms. 
 The main difficulty in the creation of fuzzy controllers 
is the definition of the fuzzy terms. One way of dealing 
with this problem is to use “neuro-fuzzy” models9-10, in 
which these parameters are learned through the 
presentation of pairs (input, expected output) to a neural 
network with nodes that basically compute the 
intersection and union operations. Another way to learn 
these parameters is to employ genetic algorithms. 
 In this paper we present two attitude controllers for 
the French-Brazilian satellite, built with the use of 
genetic algorithms. The first one is a PD controller 
whose gains were found using a genetic algorithm. The 
second one is a fuzzy controller of the Mamdani type, 
whose parameters have been learned with another 
genetic algorithm, using however the same fitness 
function of the first one. 
 In the present work, we have used the satellite 
simulated model, which has been previously developed 
at INPE using the MATLAB toolkit3. We have also 
taken the PD attitude controller originally developed 
with the simulator as basis of comparison to assess the 
quality of the results obtained by the GA based 
controllers presented here. 
 This paper is divided as follows. In Section II we 
present some fundaments about genetic algorithms and 
fuzzy controllers. In section III we present the model of 
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the satellite used in our applications, and the original PD 
attitude controller developed for it in the pointing phase. 
In Section IV we present the PD and the fuzzy 
controllers developed using genetic algorithms for the 
satellite model. Finally, Section V brings the 
conclusions.  
 

Basic Notions 
 
Genetic Algorithms 
 
 Genetic algorithms are adaptive search strategies 
based on a highly abstract model of biological 
evolution11. They are primarily used in optimization 
problems for which one aims to find not necessarily an 
optimal solution, but at least a reasonably good solution. 
 In these algorithms, a population of individuals 
(potential solutions) suffers a series of unary 
transformations (mutation) and of higher order 
(crossover). These individuals compete among 
themselves for survival; the most apt individuals have 
better chances to be chosen to pass their characteristics 
to the next generation. After some generations, the 
algorithm (usually) converges and the best individual 
represents a solution close to the optimum. 
 The search for the solution involves an evaluation 
function (fitness), which yields a grade for the 
performance of each individual, according to aspects 
considered relevant to the problem at hand. Figure 1 
brings an illustration21 of an evolution cycle in a genetic 
algorithm. 

Figure 1: Structure of a simple genetic algorithm. 
 
 Genetic algorithms have been used in many 
applications involving fuzzy control12-13-14-15-16-17-18, 
inclusive in Brazil19-20-21. In the present work, the fitness 
function of the G.A. for the pointing phase is a global 

measure of the performance of each solution in relation 
to the simulation of a complete orbit under a certain of 
perturbation. 
 
Fuzzy Controllers 
 
 Fuzzy controllers are based on fuzzy sets theory, 
which has been developed since 1965 after the seminal 
works of Lotfi Zadeh22. Fuzzy control techniques were 
first developed with the works of E.H. Mamdani23-24-25, 
and have been gaining increasing importance over the 
years, being today the main application of fuzzy sets 
theory. The term fuzzy logic is usually employed in the 
control field to name the modeling of fuzzy pieces of 
information and the inference mechanisms that act upon 
them. 
 Contrary to what happens in conventional control in 
which the control algorithm is described analytically by 
algebraic or differential equations, by means of a 
mathematical model, in fuzzy control logical rules are 
employed in the control algorithm, obtained through the 
synthetization of human experience, intuition and 
heuristics, in process control22. 
 A rule in a fuzzy controller is usually of the type If x1 
=A1 and x2 =A2 ... and xn =An then y=B, where the xi and 
y are respectively state and control linguistic variables, 
and the Ai's and B are linguistic terms. A linguistic 
variable is a 4-tuple (x,T(x),Ω,M), where x is the name 
of the variable, Ω is the domain of x, T(x) is a set of 
linguistic terms, i.e. a set of names of fuzzy sets, and M 
is a function that associates a fuzzy set in Ω to each 
term in T(x). Figure 2 brings illustrates the linguistic 
variable “error” with terms T(error)={negative_big, 
negative_small, zero, positive_small, positive_big}. A 
rule in a fuzzy controller could be for instance be “If 
error = small then throttle = big”. 

 
Figure 2: Linguistic terms of variable ”throttle”. 

 
 The basic structure of a fuzzy controller is illustrated5 
in Figure 3. The main components are the knowledge 
base that contains the rules and the description of the 
linguistic variables, and the inference engine, that 
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allows us to obtain a control action in function of the 
value of the state variables in a given moment of time. 

 
Figure 3: Structure of a fuzzy controller. 

 
 Fuzzy controllers are highly adaptable and capable of 
incorporating knowledge that many other systems are 
incapable of doing27. They are also versatile, especially 
when the physical model is very complex and of 
difficult mathematical reproduction. 
 In general, they are more useful in non-linear systems, 
varying in time or not, support very well perturbations 
and highly noisy plants, and are robust even in systems 
where uncertainty is intrinsically present. 
 
 

Satellite Model and Original PD Controller 
 
Satellite Model 
 
 The French-Brazilian satellite model is a rigid body 
model where the null inertia product is neglected. The 
control system consisted of a gyro and a star and sun 
sensors plus a PD controller in the pointing phase. The 
rotational dynamics of the satellite can be represented 
by the following differential equations system3: 
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where kb  represents the long period bias (derive) and 

kn  the short period bias (noise). 

 From Eq. 2 and Eq. 3 we have: 
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where σ  is the covariance of noise n . 
 The long period bias and its estimation can be 
propagated in time with: 
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where λ  represents the correlation and dσ  the long 

period covariance. 
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 The coordinate system for the satellite attitude control 
adopts an external referential, defined as: 
 

• EZ  oriented to the north pole of the ecliptic; 

• EX  pointing to the sun position and 

• EY  pointing in such a way as to form a destrogerous 

system. 
 The simulations made with a PD controller used the 
following parameters3: 
 

1. Pointing precision: 
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• 0.5° for axis x; 
•  0.15° for axes y and z. 

 
2. Stability: 

•  0.05°/s for the 3 axes. 
 
 The following orbital data has been used: 
 

•  Altitude at apogee 1500 km; 
•  Altitude at perigee 400 km; 
•  Inclination of  7°; 
•  Argument at perigee of  90°; 
•  Longitude of the descending node of -90° and 
•  Mean anomaly of -90°. 

 
Original PD Controller 
 
 In the present work, we have used the satellite 
simulated model, which has been previously developed 
at INPE using the MATLAB toolkit3. We have also 
taken the PD attitude controller originally developed 
with the simulator as basis of comparison to assess the 
quality of the results obtained by the GA based 
controllers presented here. 
 In the following we present the he original attitude 
controller for the pointing phase. It consists of a PD 
controller for each axis, using the following equation: 
 

)(K )(K)( DP tetetf ∆∗+∗=                                     (7) 
 

where )(te  is the signal error and )]([)( te
dt

d
te =∆ , PK  

and DK  are the proportional and derivative gains. 

 In order to determine the gains of this controller the 
Pole allocation method has been employed, which 
through project restrictions such as peak time )( PT  and 

accommodation time )( ST , allows us to obtain the 

position state vector )(ξ  and the angular speed )(ϖ . 

 The gains have then been calculated as a function of 
these specifications, which become implicit in the state 
vector. Equal gains (proportional and the derivative) 
have been used for X  and Y  axis, in order to simplify 
calculations. 
 The PD controller responds proportionally to the 
angular position error ))(( tζ  and its derivative error, 

which is equivalent to the angular speed ))(( tζ∆ . The 

tuning has been performed through the selection of the 
gains which lead to a satisfactory answer, i.e. the control 
function ought to maintain the controlled variables as 
close as possible to the desired values. 

 The satellite dynamical equations consider the 
perturbations due to 3 torque’s: atmospheric drag, solar 
radiation pressure and magnetic field. These torque’s 
originate the errors at the satellite pointing, and the 
function of the controller is to react to the perturbations 
sending a signal to the atuactors, which then generate an 
action to correct the pointing along the orbital 
trajectory. 
 The gains found in the original model are: 
 

•  Proportional gains for the X and Y axes, 
0.0263K t = ; 

•  Derivative gains for the X and Y axes, 0.08K t = ; 

•  Proportional gain for the Z, 0.0272K tz = ; 

•  Derivative gain for the Z, 0.1Kwz = . 

 
 

G.A. Built Attitude Controllers for the Satellite 
Pointing Phase 

 
 In the following we present the G.A. built attitude 
controllers for the satellite-pointing phase. We first 
present the simulation conditions used in both 
developments, to then present the PD and the fuzzy 
attitude controllers developed using G.A's. 
 
Simulation Conditions 
 
 In order to effectively assess the quality of the 
controllers built with the G.A.'s. severe conditions have 
been adopted for the satellite operation mode. In this 
sense, the magnitude order of the perturbations has been 
incremented in relation to those adopted to assess the 
quality of the original PD controller3. The perturbations 
due to atmospheric drag and solar radiation pressure 
have been multiplied by constants 10=βa  and 

100=βs  respectively, corresponding to the value 

necessary to reach the same order of magnitude of the 
perturbations due to the magnetic field, which had so far 
a predominant role over the other values (see Fig. 4). 
 The satellite state vectors at the initial moment 
represents a zero error condition, in what regards both 
pointing and speed. In the present work, an error close 
to the limits imposed by the project specifications has 
been adopted for the position of the 3 axes, with speed 
kept as in the original situation. The initial values for 

the 3 axes are: o0.35=X , o-0.12=Y  and o0.12=Z . 
 The attitude error relative to the control actions in the 
simulation of an orbit are shown in Fig. 5 and Fig. 6, 
calculated as the original control laws3. To evaluate 
robustness of the G.A. built controllers, we compare 
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their results with the ones obtained by the original PD 
controller. 
 

 
 

Figure 4: Perturbation torque’s multiplied by  β . 
 

 
 

Figure 5: Reference position errors for the 
simulations. 

 

 
 
Figure 6: Reference speed errors for the simulations. 

G.A. Characteristics 
 
 A GAS has been used to built the controllers for the 
satellite model in this work. Each chromosome in a 
given population is composed of a set of parameters 
specifying a controller.  In the case of the PD controller, 
the chromosomes will contain the proportional and 
derivative gains, and in the case of the fuzzy controller, 
they will contain the fuzzy terms employed by the rules. 
 The fitness function of the GAS employed to learn the 
controller parameters determines a measure on the 
performance of the candidate controllers, each of which 
built using the parameters specified in its respective 
chromosome. This function needs to take into account 
the relevant aspects in the controller answer, in order to 
guarantee performance and stability. 
 Since the fitness function depends only on the results 
of the simulation of each candidate controller, the same 
fitness function can be used to optimize different types 
of controllers. In particular, in this work, a single fitness 
function has been employed to obtain optimized PD and 
fuzzy controller. 
 In order to simplify the evaluation, only variables 

),( ωζ  are used in the function. Moreover, all candidate 

solutions violating a project specification are 
eliminated. 
 

1. Position error restrictions )(ζ : 

•  Eliminate chromosomes for which o5.0>ζ X , 

or o15.0>ζY , or o15.0>ζZ ; 

2. Angular speed error restrictions )(ω : 

• Eliminate chromosomes for which 

sX /05.0 o>ω  or sY /05.0 o>ω , or 

sZ /05.0 o>ω . 

 
 The performance of the GAS was studied using 
different fitness functions. The best results were 
obtained using an approximation of the angular position 
error. This is done by function trapz.m, available in 
Matlab, which calculates a numerical integral by the 
trapezoidal sum method. An abbreviated version of the 
fitness function is given by: 
 




















ν






 θθ

−=
∑ ∫
=

n

df

fitness

n

i
i

t f

*15.0

*)(

1 1i
0

                        (8) 

 



 

4

where )(θf  represents the position error for each of the 

three, iν  corresponds to weights for each axis, is the 

number of variables (axes) and ft  is the time taken by 

the simulated orbits. 
 In all the tests, the same parameters for the GAS have 
been maintained: population composed of 30 
individuals, pc = 0.9, pm = 0.033, sensibility of 3 
decimal cases to detect fitness variation and as last stop 
criteria a maximum number of 35 generations. Each 
chromosome is represented by a bit vector, with each 
gene (parameter) occupying 20 bits. The total size of a 
chromosome depends on the number of codified 
parameters. 
 Each chromosome has been evaluated in relation to 
the simulation of 1/4 of an orbit, which correspond to 
1600 seconds. 
 
G.A. Built Controllers 
 
 We have used the simulation conditions and the GAS 
structure described above to generate the gains of a PD 
controller, with a control law for each axis. Therefore, 8 
gains were codified in each chromosome. The GAS 
converged after 23 generations; the results of this 
controller are shown in Figure 7. 
 With the same GAS parameters specification and 
fitness function given above, we have developed fuzzy 
controllers of the Mamdani type, using the fuzzy control 
toolbox available in Matlab. 
 

 
 

Figure 7: Errors obtained with the use of a PD 
controller optimized by a GAS. 

 
 In this case, the number of fuzzy rules is fixed, as well 
was the identity of the terms appearing on each rule. 
The rules were built through the observation of the PD 

controller. The chromosomes then encode the centers of 
the fuzzy terms appearing in the premises and 
conclusion of the rules. 
 All the fuzzy sets are triangular, except those on the 
extremities, which are trapezoidal in shape. All fuzzy 
sets are symmetrical in relation to 0, and therefore, only 
the positive centers have to be learned.  To confer more 
smoothness to the control surface, neighboring the fuzzy 
sets are superposed. These restrictions do not limit the 
model, and have been frequently used in fuzzy 
controllers 4-28-29-30. 
 To further reduce the number of parameters to be 
learned we have used a single control for all the axes. 
The surface of best Mamdani fuzzy controller obtained, 
with 3 fuzzy terms for each input variable and 5 fuzzy 
terms the output variable (torque), is depicted in Figure 
8. The results of this controller are shown in Figure 9. 
 

 
 
Figure 8: Mapping of the output torque of the fuzzy 

controller. 
 

 
 

Figure 9: Errors obtained with the use of a fuzzy 
controller optimized by a GAS. 
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Conclusions 
 
 We have presented a PD and a fuzzy controller for 
attitude control of a satellite model, whose parameters 
have been obtained through the use of a simple genetic 
algorithm. Table 1 below brings a comparison of the 
performance of these controllers in terms of the sum of 
the errors yielded by each controller during the 
simulation of a single orbit. The table also brings the 
performance of the original PD controller developed for 
the satellite model using the poles allocation method. It 
is easy to see that the pointing error is decreasing in PD, 
PD-GA and CN-GA controller sequence. However, this 
not happens in the velocity errors as for the CN-GA 
controller, although, it keeps the velocity errors under 
specifications design.  
 

Table 1: Results of the integral of the errors and 
total sum of the integral in relation to the 3 axes. 

 
Absolute value of the integral (Trapezoidal method) 

 

 
Controller 

Angular Errors 
Positions 

Axis X Axis Y Axis Z Total 
PD 78.1237 84.5526 31.1589 193.8354 
PD-GA 43.1680 12.6005 7.1152 62.8839 
CN-GA 5.3271 4.1397 2.0544 11.5214 

 
Controller 

Speed 
Axis X Axis Y Axis Z Total 

PD 0.93837 0.32763 0.29725 1.56326 
PD-GA 0.61499 0.44636 0.38184 1.44321 
CN-GA 1.42073 1.31787 0.56772 3.30633 

 
 The controllers obtained are robust, and the results 
produced validate the use of genetic algorithms as an 
optimization tool to treat similar problems as those 
addressed in this work. 
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