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<Figure 1> Our test bed and a typical test result of K-NN B2 Algals =Ro| Sl | oA =3y nf 9=
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maslll'emenl Update (“Correct™)

(1) Compute the Kalman gain

K, = P,HT(HPHT +R)™"

Time Update (“Predict”™)

(1) Project the state ahead

X, = Ax,_ +Buy_
(2) Update estimate with measurement z;
9) Proiect the error covariance ahead ~ AT - _ HA

(2) Project the error covariance ahea X = o+ KA(*'A H"k)

P, = AP, AT +Q

(3) Update the error covariance

\_/ P, = (I-K,H)P,

Initial estimates for &, | and P _|
<Figure 2> The Kalman filter process
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<Figure 3> The matrices used in the Kalman filter
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<Figure 4> A schematic diagram of the particle filter
process.
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<Table 2> Our Kalman Filter Process

1. initialize
For (1= 2; not EOF; i++) {

2. Step (1) of Time Update

3. Step (2) of Time Update

4. Step (1) of Measurement Update

5. Step (2) of Measurement Update. Use the i-th
measured location as z. Print %, .

6. Step (3) of Measurement Update
i
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<Table 3> Initial values of our Kalman filter process

0.001 0 0 0 1 0
R=
0= 0 0.001 0 0 |:0 l:|
0 0 0.001 0 5
0 0 0 0.001
300 O 0 0 85175.4
0 300 O 0 . 12225.5
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0 0 300 O 0
0 0 0 300 0
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<Table 5> Our particle filter process

1. Initialization. Generate initial particles (1 particle/m?).
For each particle, let 1 be its weight.

60 =0 (inrad), V = 788 (mm/s)
2. for (i=1; not EOF; i++) {
2.1 z

;= the i-th measured location;

2.2 for each particle X,, compute its weight W, as

follows:

w. =W[ .

i

P[Z[ ‘ x,’]’ where p[zi | x[] =

1 exp| - (z _xi)z ,
\N2ro 2.0°

where o =20,000.

2.3 TotalOfWeight = ZW i where n is the number
j=l
of particles

2.4 Normalize the weights so that the total of them is
1.

2.5 Print the weighted sum, (X, Y, &, V), of all the
particles

2.6 Particle = Propagation(X, Y, &, V)
}

Propagation(X, Y, &,V , TotalOfWeight) {
if (Total OfWeight < 0.000001) return(1 particle/m’. For
each particle, let 1 be its weight)
else { // generate numberOfParticles (400, for example)
particles
for (i=0; I < numberOfParticles; i++) {
Temp @ =6 +RandomNormal(0, 1.5 7 );
TempV = V+RanddomNormal(0.0, 400);
Particle[i].X = X + TempV*cos(Temp &);
Particle[i].Y =Y + TempV*sin(Temp & );
Particle[i]. @=Temp®;
Particle[i].V = TempV;
} // end of for

return(Particle);
} // end of else
}
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<Table 4> A summary of our Kalman filter test results
Parameter | R=] R=1 R=1 R=1 R=1 R=1 R=7025691.4 | R=7025691.4
Me Q=0.1 Q=0.01 Q=0.001 Q=0.0001 Q=0.000055 | Q=0.00001 | Q=700 Q=1.0
For all 4975 4233 3459 3323 3355 3435 3376 4071
first lap | 4855 4304 4207 4160 4156 4152 4028 5883
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A AR 7bA g ves & g ok
particles[j].weight = 1 / (Math.Sqrt((x - particles[j].X) * (x -
particles[j].X) + (y - particles[j].Y) * (y - particles[j].Y)));.
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1/(distance ** 2) and 1/(distance ** 4).
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<Table 6> Test results for simple weight functions

eight | K-NN | 1/distanc | 1/(distan | 1/(distance**4
error e ce**2) )
Averag | 6240 5854 5534 12415
e error
A <3 5>l Hol= 7}% A s v @
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<Table 7> Test results for the weight function shown in
<Table 5>

Weight | K-NN | o =| O =| O =
error 12,000 | 20,000 30,000
Average error 6240 3,716 3,648 3,703
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<Table 8> Test results for location-constrained weight

function
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Weight | K- Kalman | Particle Location-
error NN filter filter constrained
o =20,000 | weight
Average error | 6240 | 3,323 3,648 3,572.4
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<Table 9> Test results for location-constrained particle
generation

eight | K- Kalman | Particle | Size= | Size= | Size=
error NN | filter filter 3m 2m 0.6m
Average | 6240 | 3,323 3,648 3,980 | 4,000 | 4,052
error
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