
























Figure 3. SIG Kadet Senior UAV

VII.C. Target State Estimation

The target state estimation routine was tested using the simulation described in Section VI.B. Both the
extended Kalman filter and the particle filter were tested by taking measurements 10 times a second as the
UAV made a single pass over the target. At the end of the pass, the position estimate was compared to the
actual position to determine the accuracy of the method.

Figure 6 shows a time history of the EKF for a single pass over the target. The solid lines show the x
(north), y (east), and z (height) errors of the estimation. The dash-dot lines represent one standard deviation
from the mean (as represented in the diagonal elements of the state covariance matrix). Notice that all three
errors approach zero as the number of measurements increase, as is expected. Unfortunately, many of the
errors are more than one standard deviation from the mean. This is most likely due to the non-linear nature
of the system.

Figure 7(a) shows the initial particle distribution for the particle filter. The x represents the actual barrel
location, the dots are particle locations, and the circle represents the weighted (by likelihood) average of
the particle locations. The units are in degrees latitude and longitude. Figures 7(b) through 8(b) shows the
time history of the particle distributions at one second increments. Notice that as time goes on the average
gets closer and closer to the actual location until the circle is right on top of the x. Figure 8(c) shows the
final particle distribution after a re-sampling step takes place. Note that the distribution collapses into just
a few particles. This is a common problem with particle filters, known as sample impoverishment.8 This can
be a problem for tracking a maneuvering target because the sample set lacks the diversity to account for a
maneuver. It is not such a big problem in this case since the target is stationary.

Table 1 shows a comparison of the performance of the two filters. The mean values are the average over
100 runs. The run times are for Matlab running on a 1.4 GHz processor. As is expected, the EKF is much
faster than the particle filter (although the particle filter would still be suitable for real-time implementation
if it was coded in c++ as opposed to Matlab). Also the particle filter is slightly more accurate than the EKF.
For this simple system it appears the EKF is a better choice due to its efficiency. In a more complicated
system, however the particle filter may yield better accuracy.

Table 1. Comparison of the two filters

Mean Runtime (seconds) Mean Error (meters)

EKF 6.3 × 10−4 1.1

Particle Filter 0.17 0.78
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(a) Original image

(b) Image passed through hue membership functions (c) Image passed through saturation membership functions

(d) Image passed through hue and saturation membership
functions

(e) Image with red barrels identified

Figure 4. Image processing results
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(a) Estimated terrain map
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(b) Actual terrain map

Figure 5. Comparison of the two terrain maps (units are meters relative to the reference origin
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Figure 6. Time history of EKF errors
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(a) Initial particle distribution
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(b) Particle distribution after 1 second
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(c) Particle distribution after 2 seconds
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(d) Particle distribution after 3 seconds

Figure 7. Time history of particle distribution (units are degrees latitude and longitude)
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(a) Particle distribution after 4 seconds
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(b) Particle distribution after 5 seconds
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(c) Final particle distribution after re-sampling

Figure 8. Time history of particle distribution (continued)
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VIII. Conclusions

This paper has presented a novel method for fusing data from a range sensor and a camera in order to
accurately locate items on the ground. Using fuzzy logic, red barrels have been detected from a sequence
of aerial images with both the false alarm rate and the missed detection rate under five percent. Using
simulated range data, a terrain map with a mean square error of less than a meter has been generated. The
terrain map has been fused with camera data using both an extended Kalman filter (EKF) and a particle
filter. Over 100 runs the mean error of the EKF was 1.1 meters and the particle filter was 0.78 meters.
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