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Abstract

This paper utilizes a clustering approach based on Simulated
Annealing (SA) method to select optimum satellite subsets from
the visible satellites. Geometric Dilution of Precision (GDOP) is
used as criteria of optimality. The lower the values of the GDOP
number, the better the geometric strength, and vice versa. Not
needing to calculate the inverse matrix, which is time-consuming
process, is a dramatically important advantage of using this
method, so a great reduction in computational cost is achieved.
SA isapowerful technique to obtain a close approximation to the
globa optimum for a given problem. The evauation of the
performance of the proposed method is done by validation
measures. The external validation measures, entropy and purity,
are used to measure the extent to which cluster labels affirm with
the externally given class labels. The overal purity and entropy
i$0.9015 and 0.3993, respectively which is an excellent result.
Keywords: GPS, GDOP, Clustering, Smulated Annealing.

1. Introduction

The Global Positioning System (GPS) is a satellite-based
navigation system that was developed by the U.S.
Department of Defence (DOD) in the early 1970s[1]. GPS
consists of constellation of at least 24 operationa
satellites. There are aways at least four satellites visible,
so four satellites are enough to provide positioning or
location information.

The Geometric Dilution of Precision (GDOP) is a number
which is a measure of the quality you might expect from a
position measurement of the GPS system based solely on
the geometric arrangement of the satellites and the receiver
being used for the measurement [2]. Because of GDOP
provides a smple interpretation of how much positioning
precision can be diluted by a unit of measurement error, it
is desirable to choose the combination of satellites in a
satellite constellation with GDOP as small as possible.
Several methods based on GDOP have been proposed to
improve the GPS positioning accuracy [3]. Most, if not all,
of those methods need matrix inversion to calculate
GDOP. Though they can guarantee to achieve the optimal
subset, the computational complexity is usually too
intensive to be practical.
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Instead of directly solving the GDOP equations and
avoiding the time-consuming process of matrix inversion,
rephrasing the GDOP calculation as approximation
problems and employing NNs to solve such problems
proposed in references [4-6]. However, solving
classification and approximation problems using NN
usually suffer from the long training time and difficulty in
determining the NN architecture. The method employed in
this paper isasolution to al of these problems.

Simulated Annealing (SA) is an optimization agorithm
obtained from the physical process of cooling molten
material down to the solid state [7]. It searches for the
minimum energy state of the objective function without
considering the shape of the function and can escape from
local minima with hill-climbing [8]. Due to these features,
SA has been widely used for different combinatorial and
other optimization problems [9]. SA was applied in the
proposed model.

The remainder of the paper is organized as follows. In
section Il, a brief review of GDOP computation is
discussed. In section Ill, we discussed the clustering
analysis problems. This is followed by introducing SA
method, which is employed in this paper for clustering, in
section 1V. Section V shows the results of computer
simulation. The paper is ended with the conclusions of our
study in section VI.

2. Geometric Dilution of Precision

In GPS applications the GDOP is often used to select a
subset of satellites from all visible ones. In order to
determine the position of a receiver, pseudo-ranges from
n3 4 saellites must be used at the same time. By
linearizing the pseudo-range equation with Taylor’s series
expansion a the approximate (or nominal) receiver
position, the relationship between pseudo-range difference
(Cr;) and positioning difference (Dx;) can be
summarized as follows [10]:
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which iswritten in a compact form as:

Z=Hx+v ()]
The n” 4 matrix H isformed with direction cosines g,
g, and g5 from the receiver to the ith satellite and v
denotes a random noise with an expected value of zero.
The difference between the estimated and true receiver
positionsis given by:

X=(H"H)'HTv ©)
Where H' denotes the transposeof H and M =H'H ,
called the measurement matrix, isa 4” 4 matrix no matter
how large n is. It can be shown that the measurement
matrix is symmetric and non-negative and thus it has four

non-negative eigenvalues. Assuming E{w'} =s ?| , then
E{}X"} = (HHT)™* 4
The GDOP factor is defined as the square root of the trace
of the inverse measurement matrix:

GDOP = ftrace(M)* = /”a‘itaé‘:il()'v' )l ©)

Because of GDOP provides a simple interpretation of how
much positioning precision can be diluted by a unit of
measurement error, it is desirable to choose the
combination of satellites in a satellite constellation with
GDOP as small as possible. Table 1 shows DOP ratings.
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Table 1: DOP ratings

ClassNumber | DOP Value | Rating
Class 1 1-2 Excellent
Class 2 2-5 Good
Class 3 5-10 Moderate
Class 4 10-20 Fair
Class5 >20 Poor

M is a 44 matrix so it has four eigenvalues,
I;(=2234). It is known that the four eigenvalues of
M is I ;1. we know that the trace of a matrix is the sum
of its eigenvalues [5]. So equation (5) can be represented
as.

GDOP = I ;1 +1 5 413 +1 ! ©6)
By defining the four variables the mapping is performed as
follows:

f) =1y +1 5 +1 541, =trace(M) @
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f,(') =12 +12+12+12 =trace(M 2) ©)
f30') =13 +13+123+12 =trace(M?d) ©
f0) =14l ol 4l 4 =det(M) (10)

GDOP can be considered as a functiond R*® R*
mapping from f to GDOP with the inputs fy, f,, f3, f,
and output G[I)OP. Because of the non-linearity of
mapping from f to GDOP, it is not possible to determine

it anaytically. So clustering algorithm is a good
aternative.

3. The Clustering Problem

Clustering is the art of finding natural groupings or
clusters in data based on some similarity measures. Let
O ={0,...,0,} beasetof npatterns and let A, 4 bethe

pattern matrix with n rows and d columns. Each ith
pattern is characterized by a real value d dimensiona
profile vector g (i=1..,n), where each element g&;
corresponds to the jth real value feature (j =1,...,d) of
the ith pattern (i =1,...,n) .

Let W=[wg](i=1..,ng=1..Kk) be the n” k cluster
membership matrix where:

_ 11 ; if patterni isassigned to cluster g
9710 ; ow.

Let Z=[z4](g=1..k j=1..d) bea k" d matrix of
cluster centers where:

Y
aA Wigd
— izl
74 = 5— g (11)
a Wy
i=1
Given A, 4 the goa of a partitiona clustering algorithm
is to determine a partition Z={z,z,..,2}
(e zg*F,"g2,Cz,=F,"g*? h;Eg:l z, =0) such
that patterns which belong to the same cluster are as
similar to each other as possible, while patterns which
belong to different clusters are as dissimilar as possible.
The sum of squared Euclidean distance [11] is the most

popular objective function for continuous features which
should be minimized:
n k
o O
IW,2)=g g Wgthy® (12)
i=1 g=1
where d;g denotes the Euclidean distance between pattern

i and center of cluster g . In this study we will also use
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this as a distance metric. It has been shown that when the
number of clusters exceeds three, the clustering problem is
NP-hard [12].

4. Application of Simulated Annealing

4.1 Overview of simulated annealing

The procedure of SA utilizes methods originating from
statistical mechanics to find global minima of a given

bounded objective function with large degrees of freedom
[13].

Initialization

v

New state generation

v

Cost evaluation

v

State selection

Required number

Stopping criterion State selection

Fig. 1: Flow chart of the SA agorithm

The annealing process can start from any initial statein the
domain of interest. According to the selected objective
function, the energy of the current state, E,, is calculated.
Then a constraint-based new state is generated from the
current one, with energy of E;. Let DE be the energy
change of state, DE = E, - E,. The next state is decided
according to the Metropolis criterion [14]. If the new state
is better than the current one (DE£0), it is accepted
unconditionally and becomes the next current state.
Otherwise (DE > 0), the new state is not rejected outright
but accepted with a certain probability. For instance, if
exp(- DE/T) is greater than a random number uniformly
distributed in (0,1) , the new state is accepted, where T is
the control factor ‘temperature’. This acceptance of a
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worse state causes the SA agorithm to escape from local
minima. At the beginning the temperature is high to avoid
local optima, and thus the probability of acceptance of a
worse state remains high. At each T, a series of random
new states are generated for selection. Then, an annealing
scheme is applied by decreasing T according to some
predefined schedule, which lowers the probability of
acceptance of a worse state. After some point, a new state
is no longer accepted unless it is better than the current
one. Fig. 1 outlines the flow chart of the SA agorithm.

4.2 Proposed model using simulated annealing

In this work, a novel model is presented for optimum GPS
satellite selection. The SA algorithm is employed in the
model to adopt the best answer. The clustering is carried
out in the following steps:

Step 1: Setinitial parameter values. Let T, and T; be the

initial and final temperature respectively, n the cooling

rate, N the desired Metropolis iteration number, count
the counting number of Metropolis iteration and i the
counting number of a pattern in the pattern set. The initia
values of these parameters are as follows:

T =10,T;, =10° %, m=07» 0.9,N = 4n,count =0,i =0

Step 2: Randomly assign an initia class label to al of N
patterns in k classes and then calculate the objective
function J . Let both the optimal objective function value
J,, and the current objective function value J. be J, the

corresponding cluster membership matrix of all patterns be
W, . T, is the temperature corresponding to the optimal

objective function J,. W, and T, are the cluster

membership matrix and temperature corresponding to the
current objective function J., respectively. Let

T, =T, Ty, =T; W, =W,.

Step 3: While the counting number of Metropolis
sampling step count <N, go to step 4, otherwise, go to
step 7.

Step 4: Let flag= false and let p be the probability
threshold and if count£ N/2, p=0.80, else, p=0.95.
A trial assignment matrix W, can be obtained from the
current assignment W, by the following method.

If i>n,then let i=i-n,else let i=i+1take pattern
i from the pattern set, initial class assignment (W,) of
this pattern is expressed by f (where f belongs to
arbitrary class of k classes), i.e. f =W, . Then draw a
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random number u (u=rand, where rand is arandom

number of uniform distribution in the interval [0.1]). If
u> p, generate a random number r in the range [1K],
here rt f, put pattern i from class f to class r, let
r, let flag =true. Otherwise take another pattern,

W =

repeat the above processuntil flag =true.

Step 5: Let corresponding trial assignment after above
perturbation be W;. Calculate the objective function value

J; of theassignment. If J, £J., let W, =W, J. =J,. If
J; <3y, then, J, =3, W, =W, count =0.

Step 6
y<exp(- (J; - Jc)/Te),
Otherwise count = count +1, goto step 3.

Produce a random number y. If

then W, =W, J.=3

Step 7: Let T, =nT,, count =0, J.=J,, W,=W,. If
T.<T; or T./T, <10%, then stop; otherwise, back to
step 3.

5. Results and Discussion

To evaluate the proposed method, computer simulation is
performed. The implementation is done in JAVA. The
performance of the proposed algorithm depends on its
parameters. A preliminary search was performed to obtain
the best parameter combination. mr is the cooling rate

which plays a very important role on the performance of
SA agorithm. Since SA has stochastic nature, it is
possible to have a different result in each implementation
of the agorithm. Therefore the algorithm is executed 10
times for each different value of n in order to find its

optimum value and the average result is shown in Fig. 2.

In this work, 937 satellite subsets are used as input to be
clustered. The minimum objective function, which means
minimum clustering error, is 11.9628 which obtained in
cooling rate 0.7.

To measure the quality of anything an index is required.
As shown in Table 2, we use purity and entropy as
external measures of cluster validity [15]. For each cluster
the class distribution of each object is calculated first, i.e.
for cluster j we compute p;, the probability that a
member of cluster j belongs to class i as follows:
Bjj :mj/mj, where m; is the number of values in
cluster j and my; is the number of values of class i in

cluster j.
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Fig. 2: Objective function according to the cooling rate

Then using this class distribution, the entropy of each
cluster | is caculated using the standard formula

L
€; :—é p; log,p;, where the L is the number of
i=1
classes. The total entropy for a set of clustersis calculated
as the weighted sum of the entropies of each cluster, i.e.,

j isthe size of cluster j, K is

& m; h
e=9 —e;, where m;
A
the number of clusters, and m is the total number of data
points.
Using the terminology derived for entropy, the purity of

cluster j, is given by purity; =max p; and the overal

K
purity of a clustering by purity = é m—n:purityj. The last
i=1
two columns in Table 2 show entropy and purity,
respectively.
Bad clusterings have purity values close to O, a perfect
clustering has purity of 1. We observe that cluster 2, which
contains mainly good GDORP, is a much better (or purer)
cluster than the other four. The overal purity is also
0.9015 which is an excellent result. Entropy measures the
purity of the clusters with respect to the given class labels.
Thus, if every cluster consists of objects with only asingle
class label, the entropy is 0. Smaller entropy values
indicate better clustering solutions. The entropy of cluster
2 is zero and the overall entropy is 0.3993.

09
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Table 2: SA clustering results for GPS GDOP

Cluster | Excellent | Good | Moderate | Fair | Poor | Entropy | Purity
1 206 2 0 0 0 0.0782 | 0.9903
2 0 134 0 0 0 0 1
3 0 12 120 0 0 0.4395 | 0.9090
4 0 0 34 122 0 0.7563 | 0.7820
5 0 0 0 44 263 | 0.5929 | 0.8566

Total 206 136 154 166 | 263 | 0.3993 | 0.9015

6. Conclusion [8] I. O. Bohachevsky, M. E. Johnson, M. L. Stein and I.

This paper proposes a novel method for optimum GPS
satellite selection. A SA clustering algorithm is employed
to minimize the objective function in order to obtain the
best subset whose geometry is most similar to optimal
subset among all the visible satellites. The disadvantage of
NN-based algorithms is that they require training in
advance. So the performance of such algorithmsis affected
by the location that training data are collected and the
position of receivers. But this is not the case for the
proposed method because the there is no training step. SA
clustering also reduces the computational burden because
it does not need to use matrix inversion for classifying
GPS satellite subsets.

Two indices are used for evaluating the method, purity and
entropy. The greater the value of purity indicates good
clustering. The entropy is negative measure, the lower the
entropy the better clustering it is. The experimental results
show that the SA clustering for GPS subset selection has
high value of purity and low vaue of entropy. This
indicates good clustering.
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