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ABSTRACT. Corner-cube retroreflector (CCR) arrays with both enough effective reflec-
tion area and small installation area are important for microsatellites, which have limited
sizes. However, the design of such arrays is challenging due to the inherently large num-
ber of degrees of freedom involved. To solve this problem, in this work, a genetic algorithm
(GA) optimization is applied to the design of CCR arrays for laser ranging for the first
time. This algorithm compares a desired effective reflection area with that of trial CCR
arrays, and decides whether to introduce a penalty factor to the fitness function or not.
The GA uses the information of fitness function to rank and select trial arrays, and cre-
ates new arrays at each subsequent generation via GA operators, i.e., selection, crossover,
and mutation. Finally, an array of 49 CCRs is presented, and results of both GA opti-
mization and traditional try and error method are shown to illustrate the efficiency of the
algorithm. The GA optimization saves 15.8% installation area and spends only 1/288
working time compared with that optimized by traditional try and error method.
Keywords: CCR arrays, Microsatellites, Laser ranging, Genetic algorithm (GA), Opti-
mization

1. Introduction. More and more systems employing laser ranging for precise orbit de-
termination, earth orientation and rotation parameters have been proposed since late
1964 [1-5]. This is due to its higher range accuracy comparing with microwave techniques
[6]. CCR arrays are essential for laser ranging [7,8]. During the operation, CCR arrays
provide reflected rays directly back toward the source when illuminated with a collimated
beam of laser from the ground stations. The received reflection lasers can be used to
determine the satellite range. The accuracy of laser ranging is mainly associated with the
effective reflecting area afforded by CCR arrays [9)].

The traditional method to design CCR arrays is trail and error [7,8]. Traditional satel-
lites usually have installation areas bigger than several square meters. They have enough
areas to install CCR arrays [3,4,7]. However, with the development of microsatellites, the
design of CCR arrays becomes challenging. Since microsatellites usually have installation
areas about only several percent square meters, to design CCR arrays with as small as
possible installation areas is necessary [10]. However, it becomes a hard mission by the
traditional try and error method when complex coverage areas are investigated and a
large number of degrees of freedom are involved. Therefore, more advanced design and
optimization techniques are needed.

GA is efficient for the problem. GA is a technique based on the biological laws of
Darwinian evolution [11]. GA has been widely used in electromagnetics due to its ability
to optimize in complex multimodal search spaces [11-14]. In this work, GA is employed

1001



1002 C. LI, C. WANG AND Z. JIN

to optimize the CCR arrays for the first time. It is capable to converge to the desired
solution in a quite large search space of about 8 x 10° possible solutions in this paper.

2. Model for CCR Arrays. The general expression of the reflecting area of a single
CCR can be expressed as [9]

n= % [arcsin (\/ 1 — 2 tan? z) —V2taniv/1 — 2 tan? z} cos i, (1)
where 7 denotes the relative effective reflecting area normalized by the aperture area of
a single CCR, and i is the input angle of the laser on CCR. And ¢ = arcsin(siniy/n),
where n denotes the index of refraction relative to air of the CCR’s glass. The input
angle of laser refers to the angle between laser and CCR’s normal. It is obvious that 7 is
associated with 7g.

Here we take the Cartesian coordinate system fixed on satellite as the reference coor-
dinate system. As shown in Figure 1, O(0,0,0) is the coordinate origin, and OX(1,0,0),
0Y(0,1,0), OZ(0,0,1) are unit orientation vectors of XYZ coordinate axes. The origin
is the center of the satellite. The X-axis directs toward the satellite’s velocity vector.
The Z-axis originates from the satellite center and directs toward the earth’s center. The
Y-axis explements the right-handed coordinate system. Vector ON is the unit orientation
vector of installed CCR, which makes an angle « to Z, and an angle 3 between its project
on XY plane and X. Vector OP is the unit vector points toward the instantaneous input

laser, which makes an angle 6 to Z, and an angle ¢ between its project on XY plane and
X.

7(0.0.1)

Y(0,1,0)

X(1,0,0)

FiGURE 1. Coordinate system fixed on satellite

To take full advantage of a CCR array, it generally consists of several well designed
CCRs, with different installation angles and different aperture areas. The effective re-
flecting area afforded by a CCR array is given by

A0, 0) = annn(@,ﬁﬁ, ©), (2)

where A(f, ) is the total effective reflecting area afforded by a CCR array on the sample
point (0, ), S, is the aperture area of the nth CCR, n,, («, 3,0, ¢) is the relative effective
reflecting area of the nth CCR with the installation angle (a, 3).

3. GA Optimization of CCR Arrays. Since parameters of this problem are continu-
ous, we choose to use a real encoded chromosome in order to avoid the quantization errors
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of the binary encoding. The population is given by (3)

n,l n,l n,l n,l n,l n,l n,1 n,l n,l
XLoc Xl,ﬁ Xl,S X2,oc X2,ﬁ XZ,S Xvanoc Xvar,ﬁ Xvar,S
X" = : : : : : : : : : :
n,pop n,pop n,pop n,pop n,pop n,pop .. n,pop n,pop n,pop
Xl,a Xl,ﬁ XI,S X2,a X2,ﬁ X2,S Xvar,a Xvar,ﬁ XvaT,S

(3)
where each line represents an individual at generation n, pop is the population size and
var is the number of CCRs composing the CCR array. The number of optimization
variables is up to treble var. Each line in X" is a chromosome with treble var genes,
which represents the installation angles and aperture areas for CCRs. For example, X 11;

is the o angle of the 1st individual’s 1st CCR at generation 1, Xllg is the 3 angle of the

1st individual’s 1st CCR at generation 1, Xllé is the aperture area of the 1st individual’s
Ist CCR at generation 1.

The GA must simultaneously optimize the total effective reflecting area and the instal-
lation area to synthesize a desired CCR array. The goal of the total effective reflecting
area optimization is to provide adequate laser returning to ground stations. While, the
goal of the installation area optimization is to arrive at the minimum value. Therefore,
the GA can take the installation area as its fitness function, given by

var

F=3 s 0

In order to provide adequate laser return to earth-based ground stations, the GA must
comply with a constraint, given by

A0, p) > threshold(8, ). (5)

threshold (0, ¢) is the minimum required total effective reflecting area for each sample
point (0, ¢). Whether the sample point (6, ¢) satisfies the constraint is described as e(6, )

[ 1, A(0,p) > threshold(8, )
e(f, ) = { 0, A(f,p) < threshold(,¢) - R

We introduce a penalty factor to the fitness function in (4) as constraint

var

F= 3 S+ S [ [ 000, (000 € D (7)

where Sp.. is the maximum installation area among all the possible installation patterns.
D is the required coverage area.

Since each inadequate A(f, ) causes a serious deterioration to the fitness function
in (7), the GA tends to favor the constraint. Figure 2 shows the flowchart of the GA
optimization. The specific steps are as follows.

(Initial Population ) [ Penalty Factor  f——

onstraints Fitness Evaluation —)l Crossover
Evaluation
3

Gen=Gen—+1 « Mutation

Output Solution

F1GURE 2. Flowchart of the GA optimization in this study
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Step 1. Initial population. A certain number of real encoded chromosomes mentioned
in expression (3) are used to generate initial population.

Step 2. Constraint evaluation. The constraint function as expression (5) is used to
evaluate whether the solutions satisfy the constraint. The satisfied solutions go to step 3
directly, and the unsatisfied solutions go to step 3 with a penalty factor.

Step 3. Fitness evaluation. Fitness function as expression (7) is used to evaluate the
fitness of the solutions. And the fitness of the solutions determines whether they can
survive and create new populations.

Step 4. Crossover and mutation. Crossover function and mutation function are used
to combine the survival chromosomes and generate new populations.

Step 5. Output. Output the solutions when an enough optimization generation is
reached.

4. Results. In this study, a 7 x 7 CCR array is optimized with both the traditional try
and error method and GA by the same professional designer. Five types of CCRs are
used, e.g., type0 = Ocm?, typel = 3cm?, type2 = 7cm?, type3 = 11lcm?, typed = 16cm?,
n = 1.4. The coverage area in this study is given by (8)

0° < 6 < 45° 0° <6 <30°
0° < <90° 90° < p < 180° . (8)
A(6, ) > 160cm? A(0, ) > 80cm?

Figure 3 shows the coverage area of the CCR array optimized with traditional try and

error method. Figure 4 is a 3-D surface plot of the coverage area.
90°
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F1GURE 3. Coverage area of the CCR array optimized with traditional method

Although the result provides enough effective reflecting area for the required coverage
area, it spends the professional designer 24 working hours to reach. The efficiency is very
low. Moreover, a large portion of the effective reflecting area is wasted since it is not the
requirement of constraint, which is shown in Figure 3 as dark gray and in Figure 4 as
high peak.

For the GA optimization, the following parameters are used: population size = 1500,
number of generations = 200, GA encoding = real, fitness scaling function = rank, re-
placement percentage = 0.1, selection function = Stochastic uniform, crossover function
= scattered, crossover probability = 0.8, mutation rate = 0.2.

Figure 5 shows the coverage area of the CCR array optimized with GA. Figure 6 is a
3-D surface plot of the coverage area. Compared with Figure 3 and Figure 4, less dark
gray and lower peak are contained in the result, which demonstrates the GA optimization
is more efficient to distribute the effective reflecting area than the traditional try and
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FIGURE 4. Surface (3-D) plot of the coverage area shown in Figure 3
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F1cURE 5. Coverage area of the CCR array optimized with GA

FIGURE 6. Surface (3-D) plot of the coverage area shown in Figure 5

error method. The result spends the same designer only 5 minutes to set parameters and
computer completes the design automatically in 2 hours.

The convergence behavior of GA optimization is shown in Figure 7. Figure 7(a) shows
the best fitness of generation 0-200. It begins from a quite large value, and represents the
constraint has not been satisfied. Figure 7(b) shows the best fitness of generation 35-200.
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F1GURE 7. Convergence of the GA optimization

It converges below 784 (49 x 16), represents the constraint has been satisfied in just 35
generations optimization, and demonstrates the efficiency of the penalty factor.
Table 1 shows the efficiencies of the two optimization methods in this paper.

TABLE 1. Efficiencies of two optimization methods

Optimization method Total area/cm? Area advantage Spent working time
Traditional method 667 0 24 hours
GA optimization 576 15.8% 5 minutes

The GA optimization saves 15.8% installation area and spends only 1/288 working time
compared with traditional try and error method.

5. Conclusion. In this paper, we present a technique of designing CCR arrays for laser
ranging using GA optimization. The technique takes the installation area modified by a
penalty factor as the fitness function for the GA. The penalty factor is defined by the con-
straint, which requires the CCR array to provide adequate laser return to ground stations.
Considering the continuous nature of the parameters for this optimization problem, the
GA chromosome employs a real parameter encoding scheme in order to avoid the quan-
tization errors of the binary encoding. An array of 49 CCRs is presented, and results of
both GA optimization and traditional try and error method are shown to illustrate the
efficiency of the algorithm. Using the GA optimization proposed in this paper to design
other arrays besides CCR array is the future direction of research.
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